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Abstract

Visual Recognition has seen tremendous advances in the last decade. This progress is
primarily due to learning algorithms trained with two key ingredients: large amounts
of data and extensive supervision. While acquiring visual data is cheap, getting it
labeled is far more expensive. So how do we enable learning algorithms to harness
the sea of visual data available freely, without worrying about costly supervision?

Interestingly, our visual world is extraordinarily varied and complex, but despite
its richness, the space of visual data may not be that astronomically large. We live
in a well-structured, predictable world, where cars almost always drive on roads, sky
is always above the ground, and so on; and these regularities can provide the missing
ingredients required to scaling up our visual learning algorithms. This thesis aims
to develop algorithms that: 1) discover this implicit and explicit structure in visual
data, and 2) leverage the regularities to provide necessary constraints that facilitate
large-scale visual learning. In particular, we propose a two-pronged strategy to
enable large-scale recognition.

In Part I, we present algorithms for training better and more reliable supervised
recognition models that exploit structure in various flavors of labeled data and target
tasks. In Part II, we leverage these visual models and large amounts of unlabeled
data to discover constraints, and use these constraints in a semi-supervised learning
framework to improve visual recognition.
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Chapter 1

INTRODUCTION

The last decade has seen tremendous advances in Visual Recognition, the problem
of identifying and reasoning about concepts within an image, which is one of the key
challenges in computer vision and artificial intelligence. This phenomenal progress
is primarily due to learning algorithms that require two key ingredients: 1) large
amounts of data, and 2) extensive supervision, provided in terms of labeled instances
of scenes, objects, actions, attributes etc. However, there is a huge imbalance in the
availability and cost of these two ingredients – while visual data (images, videos
etc.) is abundant and cheap; human-provided labels, in comparison, are scant and
expensive. For example, consider one of the largest vision dataset (ImageNet), which
contains ∼1 million images with bounding-box labels, annotated for over 5 years
(using 19 man-years). This might seem impressive if it were not for the fact that
∼350 million new images are uploaded on Facebook daily and 300 hours of video
are uploaded to YouTube every minute. In all likelihood, manual labeling cannot
possibly scale to the ever increasing amounts of visual data; and therein lies the
problem. This labeling bottleneck prevents the current algorithms from utilizing
readily available large-scale visual data.

An obvious solution is to circumvent this labeling bottleneck and do the follow-
ing: a) train supervised models using the already labeled data, b) use these models to
find similar concepts in unlabeled data and label it, and c) continue doing this until
everything is labeled. This is the classic semi-supervised learning paradigm, which
has been quite promising in several domains. However, semi-supervised approaches
are often not reliable when applied to visual data. The primary reason is that our
supervised visual models are not perfect. Hence, the notion of similarity as captured
by these visual models (i.e., deciding if two images depict visually similar informa-
tion or concept), which is a critical requirement for any semi-supervised method, is
not very reliable for visual data. This often leads to newly labeled examples straying
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away from the original meaning of the concept (semantic drift). So, the key question
is: how do we enable learning algorithms to harness the sea of unlabeled visual data?

Interestingly, our visual world is extraordinarily varied and complex, but despite
its richness, the space of visual data may not be that astronomically large. We live in
a well-structured, predictable world, where cars almost always drive on roads, build-
ings are generally upright, sky is always above the ground, televisions and paintings
usually have rectangular fronts, beds and tables have large horizontal surfaces and
so on; and these regularities or this structure can provide the missing ingredients
required to: a) make supervised models more reliable, and b) enable algorithms to
capitalize on large-scale unlabeled data. These observations lay the foundation of
the work done in this thesis.

In this thesis, we propose to discover and harness this implicit and explicit
structure in visual data to provide the necessary constraints that facilitate large-
scale visual learning. Specifically, this thesis proposes a two-pronged strategy:

I. Training better supervised visual models by leveraging structure in var-
ious flavors of labeled visual data. We present learning algorithms that exploit
structure in visual data with varying granularity of labeling (e.g ., single la-
beled instance, weak and noisy labels, bounding-box and pixel-level labels as
well as 3D meta-data). These algorithms are used to train models for various
recognition tasks (e.g ., recognizing scenes, objects, attributes, 3D inference
etc.). Making visual models more reliable naturally reduces the possibility of
semantic drift when doing semi-supervised labeling.

II. Constrained semi-supervised learning. Leveraging structure in the visual
world as well as labeled data to capitalize on large-scale unlabeled visual
data. In particular, we use recognition models to discover structure in visual
data (in terms of relationships between concepts, motion continuity in videos
etc.) and use it as constraints in a semi-supervised learning to prevent semantic
drift.

1.1 Organisation

The organization of this thesis follows the two-pronged strategy described above for
discovering and leveraging implicit and explicit structure in visual data. In Part I,
we present algorithms for training recognition models with various flavors of labeled
data and target tasks. In Part II, we present how we can leverage visual models and
large amounts on unlabeled data to discover constraints, and use these constraints
in a semi-supervised learning framework to improve visual recognition. We describe
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the problem setup for each chapter in both parts, and their key insights below.

In Chapter 2, we start with the simplest setting, where we are given only a single
labeled instance of a concept, without any explicit negatives (or images without any
concepts labeled), and the goal is to learn a good visual similarity metric. We present
a simple visual similarity metric based on notion of “data-driven uniqueness”, which
estimates the relative importance of different features of an image depending on
what best discriminates it against the statistics of the visual world. The visual
similarity shows good performance on a number difficult cross-domain visual tasks,
e.g ., matching paintings or sketches to real photographs.

In Section 2.4, we briefly discuss applications of improved visual similarity, such
as Internet Re-photography and Painting2GPS in Section A1, organisation and ex-
ploration of unordered large-scale visual data in Section A2, and finally discovering
object instances and their segmentation masks from weakly-supervised and noisy
web data in Section A3.

In Chapter 3, we turn to the task of object detection. Object detection sys-
tems based on Convolutional Networks (ConvNets) have made significant advances
over the past years, but their training procedure still includes many heuristics and
hyperparameters that are costly to tune. These heuristics are primarily used to
address the issue that detection datasets contain an overwhelming number of easy
examples and a small number of hard examples. As opposed to circumventing the
issue using heuristics, we propose to leverage this data-specific structure to improve
training: We present a simple and intuitive online hard example mining (OHEM)
algorithm which deals with this data-imbalance in a principled way and enables au-
tomatic selection of these hard examples. This not only eliminates several heuristics
and hyperparameters, but also makes the training procedure more effective and effi-
cient. But more importantly, it yields consistent and significant boosts in detection
performance on benchmarks like PASCAL VOC 2007, 2012 and MS COCO.

Next, we look at how the underlying geometry of an object can help impose
structure while training detection models in Chapter 4. First, we automatically dis-
cover the geometric structure of an object and its parts using multi-model input
(images + depth). During training, we enforce that the model follows this geometric
structure. The model is trained only on images, and depth is only used to provide
geometric constraints. Therefore, during inference, the model only needs images
(and no depth). We used deformable part-based models (DPM) as our base mod-
els, and show that geometry-constrained DPM (G-DPM) results in state-of-the-art
performance on NYUv2 dataset.

In Chapter 5, we deal with images where we have multiple labels (commonly
referred to as a multi-task setup). ConvNets trained using multi-task learning have
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been widely successful in the field of recognition, primarily because having multi-
ple tasks forces the model to learn shared representations suitable for both tasks.
However, existing multi-task approaches rely on enumerating multiple ConvNet ar-
chitectures, which are specific to the tasks at hand and do not generalize. We
propose a principled approach to learn such shared representations, which auto-
matically discover optimal combination of shared and task-specific representations
via “cross-stitch” units. Our proposed method generalizes across multiple tasks and
shows dramatically improved performance for categories with few training examples.

As we have seen so far, bottom-up, feedforward ConvNet frameworks are the
backbone of recent object detection systems. However, in case of humans, top-down
information, context and feedback play an important role in doing object detection.
In Chapter 6, we investigate how we can incorporate top-down information and
feedback in a standard detection system. In particular, we demonstrate how we can
use semantic segmentation labels as a proxy for top-down information, and use it
for contextual priming and iterative feedback. We show that using segmentation as
top-down is much better than using it just for multi-task learning. Our results also
indicate that such top-down feedback improves the performance on object detection,
semantic segmentation and region proposal generation.

In Chapter 6, we proposed using the semantic segmentation of an image as a
proxy that provides top-down contextual feedback and demonstrated that it helps
improve recognition systems. In the proposed Chapter 7, we will investigate how
to combine top-down processing in ConvNet architecture itself, without going via
segmentation. In particular, we propose Up-Down Networks for object detection,
which augment the standard bottom-up feedforward architecture with coarse-to-
fine top-down processing network. To demonstrate the effectiveness of Up-Down
Networks, we will incorporate the proposed top-down feedback modules in standard
network architectures (e.g ., VGG16 and ResNet101) and evaluate on the challenging
COCO object detection benchmark.

So far, in Part I, we have seen how we can incorporate the structure in visual
data to improve training of recognition models. In Part II, we would like to use these
models to discover the structure in visual data and then use this structure to add
constraints to Semi-Supervised Learning (SSL).

In Part II Chapter 8, we begin with a case study of a proof-of-concept system.
The goal is to study the impact of various constraints in an SSL framework. We
start with a small list of scene categories and manually provide annotated instances
and associated constraints. The constraints are provided in the form of attribute
and comparative attribute labels for the scenes. We demonstrate that how these
constraints can be used in a semi-supervised learning framework to reduce semantic
drift. We demonstrate that even when starting from just two labeled instances,
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we can learn good classifiers using constrained SSL, while standard SSL approaches
suffer severe semantic drift.

In Chapter 9, we propose to apply the ideas from this case study to real world
scenarios. In Section 9.1, we propose a system that can learn these constraints from
weakly-supervised, noisy web-data. We extend the list of concepts to scenes, objects
and attributes, and type of constraints to scene-object, object-object, scene-attribute
and object-attribute relationships. We show that these automatically discovered re-
lationships are good for constrained SSL. We will only provided relevant details in
Section 9.1, other details can be found in the technical report [40]. In Section 9.2, we
demonstrate how constraints can be discovered and harnessed in large-scale videos,
where only a handful of frames are sparsely labeled with concepts. The proposed
technique handles detection of multiple objects without assuming exhaustive label-
ing of object instances on any input frame; and starting with a handful of labeled
examples, it can label hundreds of thousands of new examples which also improve
object detectors. Again, we will only provided relevant details in Section 9.2, other
details can be found in the technical report [185].

In all previous Chapters of this part of the thesis, we started with a list of
concepts, either they names or a few labeled instances, or both. In the proposed
Chapter 10 (stretch goal), we propose to leverage the trained models (detectors
and classifiers) to discover new object categories. But is this even feasible? Now
starting from a ‘car’ detector, it is unlikely that we can discover a ‘fork’ detector.
But starting from a ‘TV’ detector, it might be possible to learn about ‘paintings’
and ‘windows’; and the key reason for that graceful degradation of current visual
recognition frameworks. We propose to leverage these visual models to discover
related concepts in an unlabeled corpus; this is similar to Exploratory Learning [55],
where the number of concepts are unknown and it is assumed that some classes
would have no labels at all.

1.2 Tentative Timeline

I. Fall’16 - Spring’17, Up-Down Networks for Object Detection
II. Spring’17 - Summer’17, Exploratory Learning: Discovering Related Concepts
III. Summer’17, Defend
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Training Visual Recognition
Models
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Chapter 2

DATA-DRIVEN VISUAL SIMILARITY: APPROACHANDAPPLICATIONS

Figure 2.1: In this chapter, we are interested in defining visual similarity between images across
different domains, such as photos taken in different seasons, paintings, sketches, etc. What makes
this challenging is that the visual content is only similar on the higher scene level, but quite
dissimilar on the pixel level. Here we present an approach that works well across different visual
domains.

2.1 Introduction

Powered by the availability of Internet-scale image and video collections coupled
with greater processing speeds, the last decade has witnessed the rise of data-driven
approaches in computer graphics and computational photography. Unlike tradi-
tional methods, which employ parametric models to capture visual phenomena,
the data-driven approaches use visual data directly, without an explicit interme-
diate representation. These approaches have shown promising results on a wide
range of challenging computer graphics problems, including super-resolution and de-
noising [28, 84, 109], texture and video synthesis [66, 229], image analogies [121], au-
tomatic colorization [263], scene and video completion [115, 282, 283], photo restora-
tion [54], assembling photo-realistic virtual spaces [39, 141], and even making CG
imagery more realistic [132], to give but a few examples.
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The central element common to all the above approaches is searching a large
dataset to find visually similar matches to a given query – be it an image patch, a
full image, or a spatio-temporal block. However, defining a good visual similarity
metric to use for matching can often be surprisingly difficult. Granted, in many
situations where the data is reasonably homogeneous (e.g ., different patches within
the same texture image [66], or different frames within the same video [229]), a sim-
ple pixel-wise sum-of-squared-differences (L2) matching works quite well. But what
about the cases when the visual content is only similar on the higher scene level, but
quite dissimilar on the pixel level? For instance, methods that use scene matching
e.g ., [54, 115] often need to match images across different illuminations, different
seasons, different cameras, etc. Likewise, retexturing an image in the style of a
painting [66, 121] requires making visual correspondence between two very different
domains – photos and paintings. Cross-domain matching is even more critical for ap-
plications such as Sketch2Photo [39] and CG2Real [132], which aim to bring domains
as different as sketches and CG renderings into correspondence with natural pho-
tographs. In all of these cases, pixel-wise matching fares quite poorly, because small
perceptual differences can result in arbitrarily large pixel-wise differences. What is
needed is a visual metric that can capture the important visual structures that make
two images appear similar, yet show robustness to small, unimportant visual details.
This is precisely what makes this problem so difficult – the visual similarity algo-
rithm somehow needs to know which visual structures are important for a human
observer and which are not.

Currently, the way researchers address this problem is by using various image
feature representations (SIFT [177], GIST [195], HoG [53], wavelets, etc.) that aim to
capture the locally salient (i.e., high gradient and high contrast) parts of the image,
while downplaying the rest. Such representations have certainly been very helpful
in improving image matching accuracy for a number of applications (e.g ., [54, 115,
132, 141]). However, what these features encode are purely local transformations –
mapping pixel patches from one feature space into another, independent of the global
image content. The problem is that the same local feature might be unimportant in
one context but crucially important in another. Consider, for example, the painting
in Figure 2.2. In local appearance, the brush-strokes on the alleyway on the ground
are virtually the same as the brush-strokes on the sky. Yet, the former are clearly
much more informative as to the content of the image than the latter and should be
given a higher importance when matching (Figure 2.2). To do this algorithmically
requires not only considering the local features within the context of a given query
image, but also having a good way of estimating the importance of each feature with
respect to the particular scene’s overall visual impression.

What we present in this chapter is a very simple, yet surprisingly effective ap-
proach to visual matching which is particularly well-suited for matching images
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Figure 2.2: In determining visual similarity, the central question is which visual structures are
important for a human observer and which are not. In the painting above, the brush-strokes in the
sky are as thick as those on the ground, yet are perceived as less important. In this chapter, we
propose a simple, data-driven learning method for determining which parts of a given image are
more informative for visual matching.

across different domains. We do not propose any new image descriptors or fea-
ture representations. Instead, given an image represented by some features (we will
be using the spatially-rigid HoG [53] descriptor for most of this chapter), the aim is
to focus the matching on the features that are the most visually important for this
particular image. The central idea is the notion of “data-driven uniqueness”. We
hypothesize, following [21], that the important parts of the image are those that are
more unique or rare within the visual world (represented here by a large dataset). For
example, in Figure 2.2, the towers of the temple are very unique, whereas the wispy
clouds in the sky are quite common. However, since the same local features could
represent very different visual content depending of context, unlike [21], our notion
of uniqueness is scene-dependent i.e., each query image decides what is the best way
to weight its constituent parts. Figure 2.2 demonstrates the difference between im-
age matching using a standard uniform feature weighting vs. our uniqueness-based
weighting.

We operationalize this data-driven uniqueness by using ideas from machine learn-
ing – training a discriminative classifier to discover which parts of an image are most
discriminative in relationship to the rest of the dataset. This simple approach re-
sults in visual matching that is surprisingly versatile and robust. By focusing on the
globally salient parts of the image, the approach can be successfully used for generic
cross-domain matching without making any domain-specific changes, as shown on
Figure 2.1. The rest of the chapter is organized as follows: we first give a brief
overview of the related work (Section 2.1.1), then describe our approach in detail
(Section 2.2), present an evaluation on several public datasets (Section 2.3), and fi-
nally show some of the applications that our algorithm makes possible (Section 2.4).
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Figure 2.3: Example of image matching using the SIFT descriptor. While SIFT works very well at
matching fine image structure (left), it fails miserably when there is too much local change, such
as a change of season (right).

2.1.1 Background

In general, visual matching approaches can be divided into three broad classes, with
different techniques tailored for each:

Exact matching: For finding more images of the exact same physical object
(e.g ., a Pepsi can) or scene (e.g ., another photo of Eiffel Tower under similar illumina-
tion), researchers typically use the general bag-of-words paradigm introduced by the
Video Google work [247], where a large histogram of quantized local image patches
(usually encoded with the SIFT descriptor [177]) is used for image retrieval. This
paradigm generally works extremely well (especially for heavily-textured objects),
and has led to many successful applications such as Google Goggles. However,
these methods usually fail when tasked with finding similar, but not identical objects
(e.g ., try using Google Goggles app to find a cup, or a chair). This is because
SIFT, being a local descriptor, captures the minute details of a particular object
well, but not its overall global properties (as seen in Figure 2.3).

Approximate matching: The task of finding images that are merely “visu-
ally similar” to a query image is significantly more difficult and none of the current
approaches can claim to be particularly successful. Most focus on employing var-
ious image representations that aim to capture the important, salient parts of the
image. Some of the popular ones include the GIST [195] descriptor, the Histogram
of Gradients (HoG) descriptor [53], various other wavelet- and gradient-based de-
compositions, or agglomerations, such as the spatial pyramid [160] of visual words.
Also related is the vast field of Content-Based Image Retrieval (CBIR) (see [56] for
overview). However, in CBIR the goals are somewhat different: the aim is to retrieve
semantically-relevant images, even if they do not appear to be visually similar (e.g .,
a steam-engine would be considered semantically very similar to a bullet train even
though visually there is little in common). As a result, most modern CBIR methods
combine visual information with textual annotations and user input.

Cross-domain matching: A number of methods exists for matching between
particular domains, such as sketches to photographs (e.g ., [39, 68]), drawings/paintings
to photographs (e.g ., [225]), or photos under different illuminants (e.g ., [45]), etc.
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However these typically present very domain-specific solutions that do not easily
generalize across multiple domains. Of the general solutions, the most ambitious is
work by Shechtman and Irani [235], which proposes to describe an image in terms
of local self-similarity descriptors that are invariant across visual domains. This
work is complementary to ours since it focuses on the design of a cross-domain local
descriptor, while we consider relative weighting between the descriptors for a given
image, so it might be interesting to combine both.

Within the text retrieval community, the tf-idf normalization [12] used in the
bag-of-words approaches shares the same goals as our work – trying to re-weight the
different features (words in text, or “visual words” in images [247]) based on their
relative frequency. The main difference is that in tf-idf, each word is re-weighted
independently of all the others, whereas our method takes the interactions between
all of the features into account.

Most closely related to ours are approaches that try to learn the statistical
structure of natural images by using large unlabeled image sets, as a way to define a
better visual similarity. In the context of image retrieval, Hoiem et al. [123] estimate
the unconditional probability density of images off-line and use it in a Bayesian
framework to find close matches; Tieu and Viola [261] use boosting at query-time
to discriminatively learn query-specific features. However, these systems require
multiple positive query images and/or user guidance, whereas most visual matching
tasks that we are interested in need to work automatically and with only a single
input image. Fortunately, recent work in visual recognition has shown that it’s
possible to train a discriminative classifier using a single positive instance and a
large body of negatives [179, 285], provided that the negatives do not contain any
images similar to the positive instance. In this chapter, we adapt this idea to image
retrieval, where one cannot guarantee that the “negative set” will not contain images
similar to the query (on the contrary, it most probably will!). What we show is
that, surprisingly, this assumption can be relaxed without adversely impacting the
performance.

2.2 Approach

The problem considered in this chapter is the following: how to compute visual
similarity between images which would be more consistent with human expectations.
One way to attack this is by designing a new, more powerful image representation.
However, we believe that existing representations are already sufficiently powerful,
but that the main difficulty is in developing the right similarity distance function,
which can “pick” which parts of the representation are most important for matching.
In our view, there are two requirements for a good visual similarity function: 1) It
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has to focus on the content of the image (the “what”), rather that the style (the
“how”) e.g ., the images on Figure 2.1 should exhibit high visual similarity despite
large pixel-wise differences. 2) It should be scene-dependent, that is, each image
should have its own unique similarity function that depends on its global content.
This is important since the same local feature can represent vastly different visual
content, depending on what else is depicted in the image.

2.2.1 Data-driven Uniqueness

The visual similarity function that we propose is based on the idea of “data-driven
uniqueness”. We hypothesize that what humans find important or salient about an
image is somehow related to how unusual or unique it is. If we could re-weight the
different elements of an image based on how unique they are, the resulting similarity
function would, we argue, answer the requirements of the previous section. However,
estimating “uniqueness” of a visual signal is not at all an easy task, since it requires
a very detailed model of our entire visual world, since only then we can know if
something is truly unique. Therefore, instead we propose to compute uniqueness in
a data-driven way — against a very large dataset of randomly selected images.

The basic idea behind our approach is that the features of an image that exhibit
high “uniqueness” will also be the features that would best discriminate this image
(the positive sample) against the rest of the data (the negative samples). That is, we
are able to map the highly complex question of visual similarity into a fairly standard
problem in discriminative learning. Given some suitable way of representing an image
as a vector of features, the result of the discriminative learning is a set of weights on
these features that provide for the best discrimination. We can then use these same
weights to compute visual similarity. Given the learned, query-dependent weight
vector wq, the visual similarity between a query image Iq and any other image/sub-
image Ii can be defined simply as:

S(Iq, Ii) = wq
Txi (2.1)

where xi is Ii’s extracted feature vector.

To learn the feature weight vector which best discriminates an image from a
large “background” dataset, we employ the linear Support Vector Machine (SVM)
framework. We set up the learning problem following [179] which has demonstrated
that a linear SVM can generalize even with a single positive example, provided that a
very large amount of negative data is available to “constrain the solution”. However,
whereas in [179] the negatives are guaranteed not to be members of the positive class
(that is why they are called negatives), here this is not the case. The “negatives” are
just a dataset of images randomly sampled from a large Flickr collection, and there
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is no guarantee that some of them might not be very similar to the “positive” query
image. Interestingly, in practice, this does not seem to hurt the SVM, suggesting that
this is yet another new application where the SVM formalism can be successfully
applied.

The procedure described above should work with any sufficiently powerful image
feature representation. For the majority of our experiments in this chapter, we have
picked the Histogram of Oriented Gradients (HOG) template descriptor [53], due
to its good performance for a variety of tasks, its speed, robustness, adaptability to
sliding window search, and popularity in the community at the time of this work.
We also show how our learning framework can be used with Dense-SIFT (D-SIFT)
template descriptor in Section 2.2.4.

To visualize how the SVM captures the notion of data-driven uniqueness, we per-
formed a series of experiments with simple, synthetic data. In the first experiment,
we use simple synthetic figures (a combination of circles and rectangles) as visual
structures on the query image side. Our negative world consists of just rectangles of
multiple sizes and aspect ratios. If everything works right, using the SVM-learned
weights should downplay the features (gradients in HoG representation) generated
from the rectangle and increase the weights of features generated by the circle, since
they are more unique. We use the HoG visualization introduced by [53] which dis-
plays the learned weight vector as a gradient distribution image. As Figure 2.4(a)
shows, our approach indeed suppresses the gradients generated by the rectangle.

One of the key requirements of our approach is that it should be able to extract
visually important regions even when the images are from different visual domains.
We consider this case in our next experiment, shown on Figure 2.4(b). Here the set
of negatives includes two domains – black-on-white rectangles and white-on-black
rectangles. By having the negative set include both domains, our approach should
downplay any domain-dependent idiosyncrasies both from the point of view of the
query and target domains. Indeed, as Figure 2.4(b) shows, our approach is again
able to extract the unique structures corresponding to circles while downplaying the
gradients generated due to rectangles, in a domain-independent way.

We can also observe this effect on real images. The Venice bridge painting shown
in Figure 2.5 initially has high gradients for building boundaries, the bridge and the
boats. However, since similar building boundaries are quite common, they occur a
lot in the randomly sampled negative images and hence, their weights are reduced.
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Figure 2.4: Synthetic example of learning data-driven “uniqueness”. In each case, our learned
similarity measure boosts the gradients belonging to the circle because they are more unique with
respect to a synthetic world of rectangle images.

2.2.2 Algorithm Description

We set up the learning problem using a single positive and a very large negative set
of samples similar to [179]. Each query image (Iq) is represented with a rigid grid-like
HoG feature template (xq). We perform binning with sizing heuristics which attempt
to limit the dimensionality of (xq) to roughly 4− 5K, which amounts to ∼ 150 cells
for HoG template. To add robustness to small errors due to image misalignment, we
create a set of extra positive data-points, P, by applying small transformations (shift,
scale and aspect ratio) to the query image Iq, and generating xi for each sample.
Therefore, the SVM classifier is learned using Iq and P as positive samples, and a
set containing millions of sub-images N (extracted from 10, 000 randomly selected
Flickr images), as negatives. Learning the weight vector wq amounts to minimizing
the following convex objective function:

L(wq) =
∑

xi∈P∪Iq

h(wT
q xi) +

∑
xj∈N

h(−wT
q xj) + λ||wq||2 (2.2)

We use LIBSVM [34] for learning wq with a common regularization parameter λ = 100
and the standard hinge loss function h(x) = max(0, 1 − x). The hinge-loss allows
us to use the hard-negative mining approach [53] to cope with millions of negative
windows because the solution only depends on a small set of negative support vectors.
In hard-negative mining, one first trains an initial classifier using a small set of
training examples, and then uses the trained classifier to search the full training set
exhaustively for false positives (‘hard examples’). Once sufficient number of hard
negatives are found in the training set, one retrains the classifier wq using this set
of hard examples. We alternate between learning wq given a current set of hard-
negative examples, and mining additional negative examples using the current wq

as in [53]. For all experiments in this chapter, we use 10 iterations of hard-mining
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Figure 2.5: Learning data-driven uniqueness: Our approach down-weighs the gradients on the
buildings since they are not as rare as the circular gradients from the bridge.

procedure; with each iteration requiring more time than the previous one because
it becomes harder to find hard-negatives as the classifier improves. Empirically, we
found that more than 10 iterations did not provide enough improvement to justify
the run-time cost.

The standard sliding window setup [53] is used to evaluate all the sub-windows
of each image. For this, the trained classifier is convolved with the HoG feature
pyramid at multiple scales for each image in the database. The number of pyramid
levels controls the size of possible detected windows in the image. We use simple
non-maxima suppression to remove highly-overlapping redundant matches. While
the use of sub-window search is expensive, we argue that it is crucial to good image
matching for the following reasons. First, it allows us to see millions of negative ex-
amples during training from a relatively small number of images (10, 000). But more
importantly, as argued by [123], sub-window search is likely to dramatically increase
the number of good matches over the traditional full-image retrieval techniques.

2.2.3 Relationship to Saliency

We found that our notion of data-driven uniqueness works surprisingly well as a
proxy for predicting image saliency (“where people look”) – a topic of considerable
interest to computer graphics. We ran our algorithm on the human gaze dataset from
Judd et al. [137], using a naive mapping from learned HoG weights to predicted pixel
saliency by spatially summing these weights followed by normalization. Figure 2.6
compares our saliency prediction against standard saliency methods (summarized
in [137]). While our score of 74% (mean area under ROC curve) is below [137] who
are the top performers at 78% (without center prior), we beat most classic saliency
methods such as Itti et al . [127] who only obtained 62%. After incorporating a
simple gaussian center prior, our score raises to 81.9%, which is very close to 83.8%
of [137].
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Figure 2.6: The concept of data-driven uniqueness can also be used as a proxy to predict saliency
for an image. Our approach performs better than individual features (such as Itti et al. and
Torralba/Rosenholtz, see [137]) and comparable to Judd et al. [137].

2.2.4 Other Features

Our framework should be able to work with any rigid grid-like image representation
where the template captures feature distribution in some form of histogram of high-
enough dimensionality. We performed preliminary experiments using the dense SIFT
(D-SIFT) template descriptor (similar to [160]) within our framework for the task
of Sketch-to-Image Matching (Section 2.3.2). The query sketch (Iq) was represented
with a feature template (xq) of D-SIFT and sizing heuristics (Section 2.2.2) produced
∼ 35 cells for the template (128 dimensions per cell). Figure 2.10 demonstrates the
results of these preliminary experiments, where our learning framework improves the
performance of D-SIFT baseline (without learning) indicating that our algorithm can
be adapted to a different feature representation.

2.3 Experimental Validation on Cross-domain Matching

To demonstrate the effectiveness of our approach, we performed a number of image
matching experiments on different image datasets, comparing against the following
popular baseline methods:

Tiny Images: Following [263], we re-size all images to 32x32, stack them into
3072-D vectors, and compare them using Euclidean distance.

GIST: We represent images with the GIST [195] descriptor, and compare them
with the Euclidean distance.
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BoW: We compute a Bag-of-Words representation for each image using vector-
quantized SIFT descriptors [177] and compare the visual word histograms (with tf-idf
normalization) as in [247].

Spatial Pyramid: For each image, we compute spatial pyramid [160] repre-
sentation with 3 pyramid levels using Dense-SIFT descriptors of 16x16 pixel patches
computed over a grid with spacing of 8 pixels. We used vocabulary of 200 visual
words. The descriptors are compared using histogram intersection pyramid matching
kernels as described in [160].

Normalized-HoG (N-HoG): We represent each image using the same HoG
descriptor as our approach, but instead of learning a query-specific weight vector,
we match images directly in a nearest-neighbor fashion. We experimented with
different similarity metrics and found a simple normalized HoG (N-HoG) to give the
best performance. The N-HoG weight vector is defined as a zero-centered version
of the query’s HoG features wq = xq − mean(xq). Matching is performed using
Equation 2.1, by replacing the learned weight vector with N-HoG weight vector.

In addition, we also compare our algorithm to Google’s recently released Search-
by-Image feature. It should be noted that the retrieval dataset used by Google is
orders of magnitude larger than the tens of thousands of images typically used in our
datasets, so this comparison is not quite fair. But while Google’s algorithm (at the
time of this work) shows a reasonable performance in retrieving landmark images
with similar illumination, season and viewpoint, it does not seem to adapt well
to photos taken under different lighting conditions or photos from different visual
domains such as sketches and paintings (see Figure 2.9).

2.3.1 Image-to-Image Matching

While image retrieval is not the goal of this chapter, the CBIR community has
produced a lot of good datasets that we can use for evaluation. Here we consider
the instance retrieval setting using the INRIA Holidays dataset introduced by Jégou
et al. [129] and one million random distractor Flickr images from [115] to evaluate
performance. The goal is to measure the quality of the top matching images when the
exact instances are present in the retrieval dataset. For evaluation, we follow [129]
and measure the quality of rankings as the true positive rate from the list of top
k = 100 matches as a function of increasing dataset size. Since the average number of
true positives is very small for the Holidays dataset, we also perform the evaluation
with smaller k. We compare our approach against GIST, Tiny Images and Spatial
Pyramid baselines described in Section 2.3 on 50 random Holidays query images and
evaluate the top 5 and 100 matches for the same dataset sizes used in [129].
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Top-5

Dataset Size: 1,490 11,490 101,490 1,001,490

GIST 0.0106 0.0106 0.0106 0.0106
Tiny Images 0.0106 0.0106 0.0106 0.0106
Spatial Pyramid 0.3417 0.3063 0.2471 0.1967
Our Approach 0.6588 0.6393 0.5890 0.5836

Top-100

Dataset Size 1,490 11,490 101,490 1,001,490

GIST 0.1921 0.1417 0.1417 0.1417
Tiny Images 0.0713 0.0518 0.0518 0.0518

Spatial Pyramid 0.4888 0.415 0.3448 0.2792
Our Approach 0.6874 0.6874 0.6619 0.6150

Table 2.1: Instance retrieval in Holidays dataset + Flickr1M. We report the mean true positive rate
from the top-k image matches as a function of increasing dataset size (averaged across a set of 50
Holidays query images).

Table 2.1 demonstrates the robustness of our algorithm to adding distractor
images – the true positives rate only drops from 69% to 62% when we add 1M
distractors (which is of similar order as in [129]), outperforming the state-of-art
spatial pyramid matching [160]. It is important to note that even after drastically
reducing the ranks under consideration from the top 100 to just the top 5, our rate
of true positives drops by only 3% (which attests to the quality of our rankings).
For a dataset of one million images and a short-list of 100, [129] return 62% true
positives which is only slightly better than our results; however, their algorithm is
designed for instance recognition, whereas our approach is applicable to a broad
range of cross-domain visual tasks.

2.3.2 Sketch-to-Image Matching

Matching sketches to images is a difficult cross-domain visual similarity task. While
most current approaches use specialized methods tailored to sketches, here we ap-
ply exactly the same procedure as before, without any changes. We collected a
dataset of 50 sketches (25 cars and 25 bicycles) to be used as queries (our dataset in-
cludes both amateur sketches from the internet as well as freehand sketches collected
from non-expert users). The sketches were used to query into the PASCAL VOC
dataset [72], which is handy for evaluation since all the car and bicycle instances
have been labeled. Figure 2.8(top) show some example queries and the correspond-
ing top retrieval results for our approach and the baselines. It can be seen that our
approach not only outperforms all of the baselines, but returns images showing the
target object in a very similar pose and viewpoint as the query sketch.

For quantitative evaluation, we compared how many car and bicycle images were
retrieved in the top-K images for car and bicycle sketches respectively. We used the
bounded mean Average Precision (mAP) metric used by [129] 1. We evaluated the
performance of our approach (using HoG and D-SIFT) as a function of dataset size
and compare it with the multiple baselines, showing the robustness of our approach

1Maximum recall is bounded by the number of images being retrieved. For example, if we
consider only top-150 matches the maximum true positives would be 150 images
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Figure 2.7: Qualitative comparison of our approach against baselines for Sketch-to-Image and
Painting-to-Image matching.

Figure 2.8: A few more qualitative examples of top-matches for sketch and painting queries.

Figure 2.9: Qualitative comparison of our approach with Google’s ‘Search–by–Image’ feature. While
our approach is robust to illumination changes and performs well across different visual domains,
Google image search fails completely when the exact matches are not in the database.
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(a) mAP for Car Sketches (b) mAP for Bicycle Sketches

Figure 2.10: Sketch-to-Image evaluation. We match car/bicycle sketches to sub-images in the
PASCAL VOC 2007 dataset and measure performance as the number of distractors increases.

to the presence of distractors. For each query, we start with all images of the target
class from the dataset, increase the dataset size by adding 1000, 5000 images and
finally the entire PASCAL VOC 2007 dataset. Figure 2.10(a) and (b) show mAP
as a function of dataset size for cars and bicycles, respectively. For the top 150
matches, we achieve a mAP of 67% for cars and 54% for bicycles (for Learnt-HoG).
We also ran our algorithm on the Sketch-Based Image Retrieval (SBIR) Benchmark
Dataset [68]. For the top 20 similar images ranked by users, we retrieve 51% of
images as top 20 matches, compared 63% using a sketch-specific method of [68]

2.3.3 Painting-to-Image Matching

As another cross-domain image matching evaluation, we measured the performance
of our system on matching paintings to images. Retrieving images similar to paint-
ings is an extremely difficult problem because of the presence of strong local gradients
due to brush strokes (even in the regions such as sky). For this experiment, we col-
lected a dataset of 50 paintings of outdoor scenes in a diverse set of painting styles
geographical locations. The retrieval set was sub-sampled from the 6.4MGPS-tagged
Flickr images of [116]. For each query, we created a set of 5, 000 images randomly
sampled within a 50 mile radius of each painting’s location (to make sure to catch
the most meaningful distractors), and 5, 000 random images. Qualitative examples
can be seen in Figure 2.7.
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2.4 Applications of Data-driven Similarity

Our data-driven visual similarity measure can be used to improve many existing
matching-based application, as well as facilitate new ones. First, we briefly discuss
a few direct applications of improved visual similarity, such as Scene Completion,
Internet Re-photogrpahy and Painting2GPS in Section A1. Next, we will discuss
how a robust visual similarity opens the door to organising unordered, large visual
data. In particular, one can construct a visual memex graph ([178]), whose nodes
are images/sub-images, and edges are various types of associations, such as visual
similarity, context, etc. We will show how this graph facilitates exploring a large
collection of unordered visual data (Section A2); and even enables discovering object
instances and their segmentation masks from weakly-supervised and noisy web data
(Section A3).

A1 Applications of Improved Image Matching

A1.1 Better Scene Matching for Scene Completion

Data-driven Scene Completion has been introduced by [115]. However, their scene
matching approach (using the GIST descriptor) is not always able to find the best
matches automatically. Their solution is to present the user with the top 20 matches
and let him find the best one to be used for completion. Here we propose to use
our approach to automate scene completion, removing the user from the loop. To
evaluate the approach, we used the 78 query images from the scene completion test
set [115] along with the top 160 results retrieved by them. We use our algorithm to
re-rank these 160 images and evaluate both the quality of scene matches and scene
completions against [115].

Figure 2.11 shows a qualitative result for the top match using our approach as
compared to the top match from the GIST+ features used by [115]. To compute
quantitative results, we performed two small user studies. In the first study, for
each query image participants were presented with the best scene match using our
approach, [115] and tiny-images [263]. Participants were asked to select the clos-
est scene match out of the three options. In the second study, participants were
presented with automatically completed scenes using the top matches for all three
algorithms, and were asked to select the most convincing/compelling completion.
The order of presentation of queries as well as the order of the three options were
randomized. Overall, for the first task of scene matching, the participants preferred
our approach in 51.4% cases as opposed 27.6% for [115] and 21% for Tiny-Images.
For the task of automatic scene completion, our approach was found to be more con-
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Figure 2.11: Qualitative examples of scene completion using our approach and [115].

Figure 2.12: Internet Re-photography. Given an old photograph, we harness the power of large
Internet datasets to find visually similar images. For each query we show the top 4 matches, and
manually select one of the top matches and create a manual image alignment.

Figure 2.13: Painting2GPS Qualitative Examples. In these two painting examples (Tower Bridge
in London and the Sydney Opera House), we display estimated GPS location of the painting as a
density map overlaid onto Google-map, and the top matching image.

Figure 2.14: Typical failure cases. (Left): relatively small dataset size, compared to Google.
(Right): too much clutter in the query image.

vincing in 47.3% cases as compared to 27.5% for [115] and 25.2% for Tiny-Images.
The standard-deviation of user responses for most of the queries were surprisingly
low.

A1.2 Internet Re-photography

We were inspired by the recent work on computational re-photography [11], which
allows photographers to take modern photos that match a given historical photo-
graph. However, the approach is quite time-consuming, requiring the photographer
to go “on location” to rephotograph a particular scene. What if, instead of repho-
tographing ourselves, we could simply find the right modern photograph online?
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Figure 2.15: Visual Scene Exploration. (Top): Given an input image, we show the top matches,
aligned by the retrieved sub-window. The last image shows the average of top 20 matches. (Bottom):
A visualization of the memex-graph tour through the photos of the Medici Fountain.

This seemed like a perfect case for our cross-domain visual matching, since old and
new photographs look quite different and would not be matched well by existing
approaches.

We again use the 6.4M geo-tagged Flickr images of [115], and given an old
photograph as a query, we use our method to find its top matches from a pre-filtered
set of 5, 000 images closest to the old photograph’s location (usually at least the
city or region is known). Once we have an ordered set of image matches, the user
can choose one of the top five matches to generate the best old/new collage. Re-
photography examples can be seen in Figure 2.12.

A1.3 Painting2GPS

Wouldn’t it be useful if one could automatically determine from which location a
particular painting was painted? Matching paintings to real photos from a large
GPS-tagged collection allows us to estimate the GPS coordinates of the input paint-
ing, similar to the approach of [116]. We call this application painting2GPS. We use
painting-to-image matching as described in Section 2.3.3, and then find the GPS dis-
tribution using the algorithm in [116]. Qualitative painting2GPS examples overlayed
onto Google-map can be seen in Figure 2.13.

A2 Exploring Large, Un-ordered Visual Data

Having a robust visual similarity opens the door to interesting ways of exploring and
reasoning about large visual data. In particular, one can construct a visual memex
graph (using the terminology from [178]), whose nodes are images/sub-images, and
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edges are various types of associations, such as visual similarity, context, etc. By
visually browsing this memex graph, one can explore the dataset in a way that
makes explicit the ways in which the data is interconnected. Such graph browsing
visualizations have been proposed for several types of visual data, such as photos of
a 3D scene [248], large collections of outdoor scenes [141], and faces [146]. Here we
show how our visual similarity can be used to align photos of a scene and construct
a movie. Given a set of 200 images automatically downloaded from Flickr using
keyword search (e.g ., “Medici Fountain Paris”), we compute an all-to-all matrix of
visual similarities that represents our visual memex graph. Note that because we
are using scanning window matching on the detection side, a zoomed-in scene detail
can still match to a wide-angle shot as seen on Figure 2.15 (top). Other side-
information can also be added to the graph, such as the relative zoom factor, or
similarity in season and illumination (computed from photo time-stamps). One
can now interactively browse through the graph, or create a visual memex movie
showing a particular path from the data, as shown on Figure 2.15 (bottom), and in
supplementary videos available at the project page.
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A3 Object Discovery and Segmentation

(a) Images from the Car Internet Dataset

(b) Discovered Visual Subcategories and Learned Priors/Models
Example Images Example Images

Average Image

Learned Prior

Learned Detector

Average Image

Learned Prior

Learned Detector

(c) Our Segmentation Results

Figure 2.16: We propose an approach to discover objects and perform segmentation in noisy In-
ternet images (a). Our approach builds upon the advances in discriminative object detection to
discover visual subcategories and build top-down priors for segmentation (b). These top-down
priors, discriminative detectors and bottom-up cues are finally combined to obtain segmentations
(c).

In this section, we focus on automatically discovering object instance and their
segmentation masks given a large collection of noisy Internet images of some object
class (say “car”). We will only present the details directly relevant to the application
of data-driven visual similarity (other details of this work can be found in the original
manuscript [41]). The central idea behind our method is to learn top-down priors
and use these priors to perform joint segmentation. Approaches such as Class-cut [2],
Collect-cut [164] and [152] develop top-down priors based on semantic classes: i.e.,
they build appearance models for semantic classes such as cars, airplanes etc. and use
them in a graph-based optimization formulation. However, high intra-class variations
within a semantic class leads to weak priors and these priors fail to significantly
improve performance.

Interestingly, similar problems have been faced by object detection community
as well. Due to high-intra class and pose variations, most approaches find it ex-
tremely difficult to learn a single (object vs. background) classifier that can general-
ize. Therefore, to relieve the classifier of this task, many approaches have considered
reorganizing the data into clusters (called visual subcategories) and train a different
classifier for each cluster. While some approaches have clustered the data using ex-
tra ground-truth annotations (e.g ., viewpoint, which may not be available for many
large datasets) [100], visual similarity [40, 59] and heuristics (e.g ., aspect-ratio [78],
that fail to generalize to a large number of categories). Motivated by these recent ap-
proaches, we propose to automatically discover discriminative visual sub-categories
and learn top-down segmentation priors based on these sub-categories.
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In particular, we will use the notion of data-driven visual similarity to build
a graph between images or image patches to which will enable us to discover visual
subcategories which have well-aligned instances of objects. These visual subcate-
gories are then exploited to build strong top-down priors which are combined with
image-based likelihoods to perform segmentation on multiple images simultaneously.
Figure 2.16 shows how our approach can extract aligned visual subcategories and
develop strong priors for segmentation. Our experimental results indicate that gen-
erating priors via visual subcategories indeed leads to state-of-the-art performance
in joint segmentation of an object class on standard datasets [221].

This work is closely related to co-segmentation, where the task is to simultane-
ously segment visually similar objects from multiple images at the same time [14,
135, 148, 219, 221, 272]. Most of these approaches assume that all images have
very similar objects with distinct backgrounds, and they try to learn a common
appearance model to segment these images. However, the biggest drawback with
these approaches is that they are either susceptible to noisy data or assume that
an object of interest is present in every image of the dataset. The most relevant
related work to our approach is the recent paper by [221], which proposes to use a
pixel correspondence-based method for object discovery. They model the sparsity
and saliency properties of the common object in images, and construct a large-scale
graphical model to jointly infer an object mask for each image. Instead of using pair-
wise similarities, our approach builds upon recent success of discriminative models
and exploits visual subcategories. Our discriminative machinery allows us to localize
the object in the scene and the strong segmentation priors help us achieve state-of-
the-art performance on the benchmark dataset. Finally, we believe our approach
is more scalable than other co-segmentation approaches (including [221]) since we
never attempt to solve a global joint segmentation problem, but instead only perform
joint segmentation on subsets of the data.

A3.1 Approach

Our goal is to extract objects and their segments from large, noisy image collections
in an unsupervised2 manner. We assume that the collection is obtained as a query
result from search engines, photo albums, etc. and therefore, a majority of these
images contain the object of interest. However, we still want to reject the images
which are noisy and do not have the object instance. While one can use approaches
like graph-cut with center prior to discover the object segments, such an approach
fails due to the weak center prior in case of Internet images. What we need is
some top-down information, which can be obtained by jointly segmenting the whole
collection. Most approaches build class-based appearance models from the entire

2The image collection itself is weakly-supervised. The term ‘unsupervised’ is used to refer to no
human-input for segmentation
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(a) Car Internet Images

(d2) Joint Seed Segmentation (e) Visual Subcategories
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(f) Segmentation
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Figure 2.17: Overview of our approach

image collection to guide the segmentation of individual instances. However, in this
work, we argue that due to high intra-class and pose variations such priors are still
weak and do not improve the results significantly. Instead, we build priors based on
visual subcategories where each subcategory corresponds to a ‘visually homogeneous’
cluster in the data (low intra-class variations) [59]. For example, for an airplane, some
of the visual subcategories could be commercial plane in front view, passenger plane
in side view, fighter plane in front view etc. But how does one seed segmentations
for these visual subcategories before learning segmentation priors?

In this work, instead of directly discovering disjoint visual subcategories, we
first cluster the visual data into overlapping and redundant clusters (an instance can
belong to one or more clusters). The notion of data-driven visual similarity is
used to build these overlapping clusters. In particular, we use faster and improved
version [112] of ideas presented previously in this section to train instance based
detectors and then using these detectors to find similar instances in the training
data. Because we use sliding-window detectors, our clusters have nicely aligned visual
instances. Exploiting the fact that images in these clusters are well aligned, we run
a joint co-segmentation algorithm on each cluster by introducing an extra constraint
that pixels in the same location should have similar foreground-background labels.
Introducing this extra constraint in conjunction with high-quality clusters leads to
clean segmentation labels for the images.

Our clusters are tight (low recall, high precision) with very few instances, and
therefore some of the clusters are noisy, which capture the repetition in the noisy
images. For example, 5 motorbikes in the car collection group together to form a
cluster. To clean-up the noisy clusters, we merge these overlapping and redundant
clusters to form visual sub-categories. The subcategories belonging to the underlying
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Figure 2.18: (Top) Examples of strongly aligned and visually coherent clusters that we discovered.
(Bottom) We also show the result of our modified co-segmentation approach on these clusters.

categories find enough repetition in the data that they can be merged together. On
the other hand, the noisy clusters fail to cluster together and are dropped. Once we
have these large subcategories, we pool in the segmentation results from the previous
step to create top-down segmentation priors. We also train a discriminative Latent-
SVM detector [78] for each of the cluster. These trained detectors are then used to
detect instances of object across all the images. We also generate a segmentation
mask for each detection by simply transferring the average segmentation for each
visual subcategory. Finally, these transferred masks are used as the top-down prior
and a graph-cut algorithm is applied to extract the final segment for each image.
The outline of our approach is shown in Figure 2.17.

Discovering Aligned and Homogeneous Clusters

To build segmentation priors, we first need to initialize and segment a few images in
the collection. We propose to discover strongly coherent and visually aligned clusters
(high precision, low recall). Once we have visually homogeneous and aligned clusters,
we propose to run a co-segmentation approach with strong co-location constraints
and obtain seed segments in the dataset.

To discover visually coherent and aligned clusters, we first build a graph using
each image as a node, and connecting it with other image patches using a visual
similarity metric (similar to the ones presented previous applications). Specifically,
we train an eLDA exemplar detector [112] (which captures the notion of data-driven
visual similarity by training a detector using natural world statistics) based on Color-
HOG (CHOG) features [233]. Once we have an eLDA detector for each cropped
image, we use this detector to detect similar objects on all the images in the collection
and select the top k detections with highest scores. Since CHOG feature focuses on
shapes/contours, the resulting clusters are well aligned, which serves as the basis for
the following joint segmentation and subcategory discovery step. Note that since
we develop a cluster for each image and some images are noisy (do not contain any
objects), some of the clusters tend to be noisy as well. Figure 2.18(top) shows some
examples of the well aligned clusters extracted using the above approach.
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Generating Seed Segmentations

The discovered visually coherent and overlapping clusters in the previous step are
aligned due to sliding window search, and they are aligned up to the level of a CHOG
grid cell. We can use this strong alignment to constrain the co-segmentation problem
and jointly segment the foreground in all images, in the same cluster, using a graph-
cut based approach. Notice that objects can occur in different environments and have
backgrounds with various conditions. The benefits of segmenting all the images at
once is that some instances can be more easily segmented out (e.g ., product images
with clean, uniformly colored background), and those segmentations can help in seg-
menting the hard images (e.g ., images taken with a low-resolution camera, real-world
images with multiple objects, overlaps and occlusions). The mathematical formu-
lation of seed segmentation generation can be found in [41]. Figure 2.18(bottom)
shows some examples of segmentations obtained for the visually coherent clusters.

From Clusters to Visual Subcategories

In the last step, we used a standard co-segmentation approach to segment the object
of interest in strongly aligned clusters. While one can pool-in results from all such
clusters to compute final segmentations, this naïve approach will not work because
internet data is noisy, especially for images returned by search engines which are
still mainly dependent on text-based information retrieval. Therefore, some clusters
still correspond to noise (e.g ., a bike cluster is created from car data). But more
importantly, our initial clustering operates in the high-precision, low-recall regime
to generate very coherent clusters. In this regime, the clustering is strongly discrim-
inative and focuses on using only part of the data. Therefore, as a next step we
create larger clusters which will increase the recall of bounding boxes. Specifically,
we merge these aligned clusters and create visual subcategories which are still visu-
ally homogeneous but avoid over fitting and allow better recall. This clustering step
also helps to get rid of noise in the data as the smaller and less consistent (noisy)
clusters find it difficult to group and create visual subcategories. One way to merge
clusters would be based on similarity of cluster members. However, in our case,
we represent each cluster in terms of the detector and create the signature of the
detector based on the detector score on randomly sampled patches (following [184]).
More details on using detection signatures for clustering can be found in [41, 184].
Finally, we learn a LSVM detector for each merged cluster.
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Example Images from a Few Visual Subcategories Learned Model Average Image Learned Prior 

Figure 2.19: Examples of visual subcategories obtained after merging clusters. We show few in-
stances, the average images, learned Latent SVM model and the segmentation prior for each sub-
category.
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Table 2.2: Performance Evaluation on different Internet Dataset [221] splits

Table 2.3: Evaluation on the entire Internet
Dataset

Car Horse Airplane

P J P J P J

[221] 83.38 63.36 83.69 53.89 86.14 55.62
Ours 87.09 64.67 89.00 57.58 90.24 59.97

Table 2.4: Evaluation on the 100 images per
class subset of Internet Dataset

Car Horse Airplane

P J P J P J

[135] 58.70 37.15 63.84 30.16 49.25 15.36
[136] 59.20 35.15 64.22 29.53 47.48 11.72
[148] 68.85 0.04 75.12 6.43 80.20 7.90
[221] 85.38 64.42 82.81 51.65 88.04 55.81
Ours 87.65 64.86 86.16 33.39 90.25 40.33

Generating Segmentations from Subcategories

In the final step, we bring together the discriminative visual subcategory detectors,
the top-down segmentation priors learned for each subcategory and the local image
evidence to create final segmentation per image. Given the discovered visual sub-
categories we learn a LSVM detector without the parts [78] for each subcategory.
We use these trained detectors to detect objects throughout the dataset. Finally, we
transfer the pooled segmentation mask for each subcategory to initialize the grab-cut
algorithm. The result of the grab-cut algorithm is the final segmentation of each in-
stance. The experiments demonstrate that this simple combination is quite powerful
and leads to state-of-the-art results on the challenging Internet Dataset [221].

A3.2 Experimental Results

We now present experimental results to demonstrate the effectiveness of our approach
on both standard datasets and Internet scale data. Traditional co-segmentation
datasets like [14] are too small and clean; however our algorithm is specifically suited
for large datasets (1000 images or more per-class). Therefore, we use the new chal-
lenging Internet dataset [221] for evaluation. This dataset consists of images auto-
matically downloaded from the Internet with query expansion. It has thousands of
noisy images for three categories: airplane, horse, and car, with large variations on
pose, scale, view angle, etc. Human labeled segmentation masks are also provided
for quantitative evaluation.

Figure 2.20 shows some qualitative results. Notice how our approach can extract
nice segments even from cluttered scenarios such as cars. Also, our approach can
separately detect multiple instances of the categories in the same image. The last
row in each category shows some failure cases which can be attributed to weird poses
and rotations that are not frequent in the dataset.
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Figure 2.20: Qualitative results on discovering objects and their segments from noisy Internet
images. We show results on three categories: car, horse, and airplane. The last row in each result
shows some failure cases.
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Figure 2.21: Qualitative results on discovering objects and their segments in NEIL [40]. The last
column shows some failure cases.

Quantitative Evaluation

We now quantitatively evaluate the performance of our approach and compare
against the algorithm of [221]. Note that most co-segmentation algorithms can-
not scale to extremely large datasets and hence we focus on comparing against [221].
For our evaluation metric, we use Precision (P) (the average number of pixels cor-
rectly labeled) and Jaccard similarity (J) (average intersection-over-union for the
foreground objects). Table 2.3 shows the result on the entire dataset. Our algorithm
substantially outperforms the state-of-the-art algorithm [221] on segmenting Internet
images.

Our algorithm hinges upon the large dataset size and therefore, as our final ex-
periment, we want to observe the behavior of our experiment as the amount of data
decreases. We would like a graceful degradation in this case. For this we use a subset
of 100 images used in [221]. This experiment also allows us to compare against the
other co-segmentation approaches. Table 2.4 summarizes the performance compar-
ison. Our algorithm shows competitive results in terms of precision. This indicates
that our algorithm not only works best with a large amount of data, but also de-
grades gracefully. We also outperform most existing approaches for co-segmentation
both in terms of Precision and Jaccard measurement. Finally, we would like to point
out that while our approach improves the performance with increasing size of data,
[221] shows almost no improvement with dataset size. This suggests that the quan-
titative performance of our approach is more scalable with respect to the dataset
size.
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Chapter 3

ONLINE HARD EXAMPLE MINING (OHEM)

3.1 Introduction

Image classification and object detection are two fundamental computer vision tasks.
Object detectors are often trained through a reduction that converts object detection
into an image classification problem. This reduction introduces a new challenge that
is not found in natural image classification tasks: the training set is distinguished
by a large imbalance between the number of annotated objects and the number of
background examples (image regions not belonging to any object class of interest).
In the case of sliding-window object detectors, such as the deformable parts model
(DPM) [78], this imbalance may be as extreme as 100,000 background examples to
every one object. The recent trend towards object-proposal-based detectors [93, 270]
mitigates this issue to an extent, but the imbalance ratio may still be high (e.g .,
70:1). This challenge opens space for learning techniques that cope with imbalance
and yield faster training, higher accuracy, or both.

Unsurprisingly, this is not a new challenge and a standard solution, originally
called bootstrapping (and now often called hard negative mining), has existed for at
least 20 years. Bootstrapping was introduced in the work of Sung and Poggio [254]
in the mid-1990’s (if not earlier) for training face detection models. Their key idea
was to gradually grow, or bootstrap, the set of background examples by selecting
those examples for which the detector triggers a false alarm. This strategy leads
to an iterative training algorithm that alternates between updating the detection
model given the current set of examples, and then using the updated model to find
new false positives to add to the bootstrapped training set. The process typically
commences with a training set consisting of all object examples and a small, random
set of background examples.
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Bootstrapping has seen widespread use in the intervening decades of object
detection research. Dalal and Triggs [53] used it when training SVMs for pedestrian
detection. Felzenszwalb et al . [78] later proved that a form of bootstrapping for
SVMs converges to the global optimal solution defined on the entire dataset. Their
algorithm is often referred to as hard negative mining and is frequently used when
training SVMs for object detection [93, 118, 270]. Bootstrapping was also successfully
applied to a variety of other learning models, including shallow neural networks
[220] and boosted decision trees [62]. Even modern detection methods based on
deep convolutional neural networks (ConvNets) [151, 161], such as R-CNN [93] and
sppnet [118], still employ SVMs trained with hard negative mining.

It may seem odd then that the current state-of-the-art object detectors, embod-
ied by Fast R-CNN [92] and its descendants [214], do not use bootstrapping. The
underlying reason is a technical difficulty brought on by the shift towards purely on-
line learning algorithms, particularly in the context of deep ConvNets trained with
stochastic gradient descent (SGD) on millions of examples. Bootstrapping, and its
variants in the literature, rely on the aforementioned alternation template: (a) for
some period of time a fixed model is used to find new examples to add to the active
training set; (b) then, for some period of time the model is trained on the fixed active
training set. Training deep ConvNet detectors with SGD typically requires hundreds
of thousands of SGD steps and freezing the model for even a few iterations at a time
would dramatically slow progress. What is needed, instead, is a purely online form
of hard example selection.

In this chapter, we propose a novel bootstrapping technique called online hard
example mining1 (OHEM) for training state-of-the-art detection models based on
deep ConvNets. The algorithm is a simple modification to SGD in which training
examples are sampled according to a non-uniform, non-stationary distribution that
depends on the current loss of each example under consideration. The method takes
advantage of detection-specific problem structure in which each SGD mini-batch
consists of only one or two images, but thousands of candidate examples. The
candidate examples are subsampled according to a distribution that favors diverse,
high loss instances. Gradient computation (backpropagation) is still efficient because
it only uses a small subset of all candidates. We apply OHEM to the standard Fast
R-CNN detection method and show three benefits compared to the baseline training
algorithm:

• It removes the need for several heuristics and hyperparameters commonly used
in region-based ConvNets.

1We use the term hard example mining, rather than hard negative mining, because our method
is applied in a multi-class setting to all classes, not just a “negative” class.
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• It yields a consistent and significant boosts in mean average precision.

• Its effectiveness increases as the training set becomes larger and more difficult,
as demonstrated by results on the MS COCO dataset.

Moreover, the gains from OHEM are complementary to recent improvements
in object detection, such as multi-scale testing [118] and iterative bounding-box
regression [90]. Combined with these tricks, OHEM gives state-of-the-art results of
78.9% and 76.3% mAP on PASCAL VOC 2007 and 2012, respectively.

3.2 Related work

Object detection is one of the oldest and most fundamental problems in computer
vision. The idea of dataset bootstrapping [220, 254], typically called hard negative
mining in recent work [78], appears in the training of most successful object detec-
tors [53, 62, 78, 90, 93, 118, 179, 220, 246]. Many of these approaches use SVMs as
the detection scoring function, even after training a deep convolutional neural net-
work (ConvNet) [151, 161] for feature extraction. One notable exception is the Fast
R-CNN detector [92] and its descendants, such as Faster R-CNN [214]. Since these
models do not use SVMs, and are trained purely online with SGD, existing hard ex-
ample mining techniques cannot be immediately applied. This work addresses that
problem by introducing an online hard example mining algorithm that improves op-
timization and detection accuracy. We briefly review hard example mining, modern
ConvNet-based object detection, and relationships to concurrent works using hard
example selection for training deep networks.

Hard example mining. There are two hard example mining algorithms in com-
mon use. The first is used when optimizing SVMs. In this case, the training al-
gorithm maintains a working set of examples and alternates between training an
SVM to convergence on the working set, and updating the working set by removing
some examples and adding others according to a specific rule [78]. The rule removes
examples that are “easy” in the sense that they are correctly classified beyond the
current model’s margin. Conversely, the rule adds new examples that are hard in
the sense that they violate the current model’s margin. Applying this rule leads to
the global SVM solution. Importantly, the working set is usually a small subset of
the entire training set.

The second method is used for non-SVMs and has been applied to a variety of
models including shallow neural networks [220] and boosted decision trees [62]. This
algorithm usually starts with a dataset of positive examples and a random set of
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negative examples. The machine learning model is then trained to convergence on
that dataset and subsequently applied to a larger dataset to harvest false positives.
The false positives are then added to the training set and then the model is trained
again. This process is usually iterated only once and does not have any convergence
proofs.

ConvNet-based object detection. In the last three years significant gains have
been made in object detection. These improvements were made possible by the
successful application of deep ConvNets [151] to ImageNet classification [58]. The
R-CNN [93] and OverFeat [232] detectors lead this wave with impressive results
on PASCAL VOC [72] and ImageNet detection. OverFeat is based on the sliding-
window detection method, which is perhaps the most intuitive and oldest search
method for detection. R-CNN, in contrast, uses region proposals [3, 6, 31, 42, 69, 149,
270, 306], a method that was made popular by the selective search algorithm [270].
Since R-CNN, there has been rapid progress in region-based ConvNets, including
sppnet [118], MR-CNN [90], and Fast R-CNN [92], which our work builds on.

Hard example selection in deep learning. There is recent work [175, 243, 279]
concurrent to our own that selects hard examples for training deep networks. Similar
to our approach, all these methods base their selection on the current loss for each
datapoint. [243] independently selects hard positive and negative example from a
larger set of random examples based on their loss to learn image descriptors. Given
a positive pair of patches, [279] finds hard negative patches from a large set using
triplet loss. Akin to our approach, [175] investigates online selection of hard examples
for mini-batch SGD methods. Their selection is also based on loss, but the focus is
on ConvNets for image classification. Complementary to [175], we focus on online
hard example selection strategy for region-based object detectors.

3.3 Overview of Fast R-CNN

We first summarize the Fast R-CNN [92] (FRCN) framework. FRCN takes as input
an image and a set of object proposal regions of interest (RoIs). The FRCN network
itself can be divided into two sequential parts: a convolutional (conv) network with
several convolution and max-pooling layers (Figure 3.1, “Convolutional Network”);
and an RoI network with an RoI-pooling layer, several fully-connected (fc) layers
and two loss layers (Figure 3.1, “RoI Network”).

During inference, the conv network is applied to the given image to produce
a conv feature map, size of which depends on the input image dimensions. Then,
for each object proposal, the RoI-pooling layer projects the proposal onto the conv
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Figure 3.1: Architecture of the Fast R-CNN approach (see Section 3.3 for details).

feature map and extracts a fixed-length feature vector. Each feature vector is fed into
the fc layers, which finally give two outputs: (1) a softmax probability distribution
over the object classes and background; and (2) regressed coordinates for bounding-
box relocalization.

There are several reasons for choosing FRCN as our base object detector, apart
from it being a fast end-to-end system. Firstly, the basic two network setup (conv
and RoI) is also used by other recent detectors like sppnet and MR-CNN; therefore,
our proposed algorithm is more broadly applicable. Secondly, though the basic setup
is similar, FRCN also allows for training the entire conv network, as opposed to both
sppnet and MR-CNN which keep the conv network fixed. And finally, both sppnet
and MR-CNN require features from the RoI network to be cached for training a
separate SVM classifier (using hard negative mining). FRCN uses the RoI network
itself to train the desired classifiers. In fact, [92] shows that in the unified system
using the SVM classifiers at later stages was unnecessary.

3.3.1 Training

Like most deep networks, FRCN is trained using stochastic gradient descent (SGD).
The loss per example RoI is the sum of a classification log loss that encourages
predicting the correct object (or background) label and a localization loss that en-
courages predicting an accurate bounding box (see [92] for details).

To share conv network computation between RoIs, SGD mini-batches are created
hierarchically. For each mini-batch, N images are first sampled from the dataset,
and then B/N RoIs are sampled from each image. Setting N = 2 and B = 128 works
well in practice [92]. The RoI sampling procedure uses several heuristics, which we
describe briefly below. One contribution of this chapter is to eliminate some of these
heuristics and their hyperparameters.
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Foreground RoIs. For an example RoI to be labeled as foreground (fg), its in-
tersection over union (IoU) overlap with a ground-truth bounding box should be at
least 0.5. This is a fairly standard design choice, in part inspired by the evaluation
protocol of the PASCAL VOC object detection benchmark. The same criterion is
used in the SVM hard mining procedures of R-CNN, sppnet, and MR-CNN. We use
the same setting.

Background RoIs. A region is labeled background (bg) if its maximum IoU with
ground truth is in the interval [bg_lo, 0.5). A lower threshold of bg_lo = 0.1 is used
by both FRCN and sppnet, and is hypothesized in [92] to crudely approximate hard
negative mining; the assumption is that regions with some overlap with the ground
truth are more likely to be the confusing or hard ones. We show in Section 3.5.4 that
although this heuristic helps convergence and detection accuracy, it is suboptimal
because it ignores some infrequent, but important, difficult background regions. Our
method removes the bg_lo threshold.

Balancing fg-bg RoIs: To handle the data imbalance described in Section 3.1, [92]
designed heuristics to rebalance the foreground-to-background ratio in each mini-
batch to a target of 1 : 3 by undersampling the background patches at random, thus
ensuring that 25% of a mini-batch is fg RoIs. We found that this is an important
design decision for the training FRCN. Removing this ratio (i.e. randomly sampling
RoIs), or increasing it, decreases accuracy by ∼3 points mAP. With our proposed
method, we can remove this ratio hyperparameter with no ill effect.

3.4 Our approach

We propose a simple yet effective online hard example mining algorithm for training
Fast R-CNN (or any Fast R-CNN style object detector). We argue that the current
way of creating mini-batches for SGD (Section 3.3.1) is inefficient and suboptimal,
and we demonstrate that our approach leads to better training (lower training loss)
and higher testing performance (mAP).

3.4.1 Online hard example mining

Recall the alternating steps that define a hard example mining algorithm: (a) for
some period of time a fixed model is used to find new examples to add to the active
training set; (b) then, for some period of time the model is trained on the fixed active
training set. In the context of SVM-based object detectors, such as the SVMs trained
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Figure 3.2: Architecture of the proposed training algorithm. Given an image, and selective search
RoIs, the conv network computes a conv feature map. In (a), the readonly RoI network runs a
forward pass on the feature map and all RoIs (shown in green arrows). Then the Hard RoI module
uses these RoI losses to select B examples. In (b), these hard examples are used by the RoI network
to compute forward and backward passes (shown in red arrows).

in R-CNN or sppnet, step (a) inspects a variable number of images (often 10’s or
100’s) until the active training set reaches a threshold size, and then in step (b) the
SVM is trained to convergence on the active training set. This process repeats until
the active training set contains all support vectors. Applying an analogous strategy
to FRCN ConvNet training slows learning because no model updates are made while
selecting examples from the 10’s or 100’s of images.

Our main observation is that these alternating steps can be combined with how
FRCN is trained using online SGD. The key is that although each SGD iteration
samples only a small number of images, each image contains thousands of example
RoIs from which we can select the hard examples rather than a heuristically sampled
subset. This strategy fits the alternation template to SGD by “freezing” the model
for only one mini-batch. Thus the model is updated exactly as frequently as with
the baseline SGD approach and therefore learning is not delayed.

More specifically, the online hard example mining algorithm (OHEM) proceeds
as follows. For an input image at SGD iteration t, we first compute a conv feature
map using the conv network. Then the RoI network uses this feature map and the all
the input RoIs (R), instead of a sampled mini-batch [92], to do a forward pass. Recall
that this step only involves RoI pooling, a few fc layers, and loss computation for each
RoI. The loss represents how well the current network performs on each RoI. Hard
examples are selected by sorting the input RoIs by loss and taking the B/N examples
for which the current network performs worst. Most of the forward computation is
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shared between RoIs via the conv feature map, so the extra computation needed to
forward all RoIs is relatively small. Moreover, because only a small number of RoIs
are selected for updating the model, the backward pass is no more expensive than
before.

However, there is a small caveat: co-located RoIs with high overlap are likely
to have correlated losses. Moreover, these overlapping RoIs can project onto the
same region in the conv feature map, because of resolution disparity, thus leading to
loss double counting. To deal with these redundant and correlated regions, we use
standard non-maximum suppression (NMS) to perform deduplication (the imple-
mentation from [92]). Given a list of RoIs and their losses, NMS works by iteratively
selecting the RoI with the highest loss, and then removing all lower loss RoIs that
have high overlap with the selected region. We use a relaxed IoU threshold of 0.7 to
suppress only highly overlapping RoIs.

We note that the procedure described above does not need a fg-bg ratio for
data balancing. If any class were neglected, its loss would increase until it has a high
probability of being sampled. There can be images where the fg RoIs are easy (e.g .
canonical view of a car), so the network is free to use only bg regions in a mini-batch;
and vice-versa when bg is trivial (e.g . sky, grass etc.), the mini-batch can be entirely
fg regions.

3.4.2 Implementation details

There are many ways to implement OHEM in the FRCN detector, each with different
trade-offs. An obvious way is to modify the loss layers to do the hard example
selection. The loss layer can compute loss for all RoIs, sort them based on this
loss to select hard RoIs, and finally set the loss of all non-hard RoIs to 0. Though
straightforward, this implementation is inefficient as the RoI network still allocates
memory and performs backward pass for all RoIs, even though most RoIs have 0
loss and hence no gradient updates (a limitation of current deep learning toolboxes).

To overcome this, we propose the architecture presented in Figure 3.2. Our
implementation maintains two copies of the RoI network, one of which is readonly.
This implies that the readonly RoI network (Figure 3.2(a)) allocates memory only
for forward pass of all RoIs as opposed to the standard RoI network, which allocates
memory for both forward and backward passes. For an SGD iteration, given the
conv feature map, the readonly RoI network performs a forward pass and computes
loss for all input RoIs (R) (Figure 3.2, green arrows). Then the hard RoI sam-
pling module uses the procedure described in Section 3.4.1 to select hard examples
(Rhard-sel), which are input to the regular RoI network (Figure 3.2(b), red arrows)).
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This network computes forward and backward passes only for Rhard-sel, accumulates
the gradients and passes them to the conv network. In practice, we use all RoIs from
all N images as R, therefore the effective batch size for the readonly RoI network is
|R| and for the regular RoI network is the standard B from Section 3.3.1.

We implement both options described above using the Caffe [130] framework
(see [92]). Our implementation uses gradient accumulation withN forward-backward
passes of single image mini-batches. Following FRCN [92], we use N = 2 (which
results in |R| ≈ 4000) and B = 128. Under these settings, the proposed architecture
(Figure 3.2) has similar memory footprint as the first option, but is > 2× faster.
Unless specified otherwise, the architecture and settings described above will be used
throughout this chapter.

3.5 Analyzing online hard example mining

This section compares FRCN training with online hard example mining (OHEM) to
the baseline heuristic sampling approach. We also compare FRCN with OHEM to a
less efficient approach that uses all available example RoIs in each mini-batch, not
just the B hardest examples.

3.5.1 Experimental setup

We conduct experiments with two standard ConvNet architectures: VGG_CNN_M_1024
(VGGM, for short) from [35], which is a wider version of alexnet [151], and VGG16
from [244]. All experiments in this section are performed on the PASCAL VOC07
dataset. Training is done on the trainval set and testing on the test set. Unless
specified otherwise, we will use the default settings from FRCN [92]. We train all
methods with SGD for 80k mini-batch iterations, with an initial learning rate of
0.001 and we decay the learning rate by 0.1 every 30k iterations. The baseline num-
bers reported in Table 3.1 (row 1-2) were reproduced using our training schedule and
are slightly higher than the ones reported in [92].

3.5.2 OHEM vs. heuristic sampling

Standard FRCN, reported in Table 3.1 (rows 1− 2), uses bg_lo = 0.1 as a heuristic
for hard mining (Section 3.3.1). To test the importance of this heuristic, we ran
FRCN with bg_lo = 0. Table 3.1 (rows 3 − 4) shows that for VGGM, mAP drops
by 2.4 points, whereas for VGG16 it remains roughly the same. Now compare
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this to training FRCN with OHEM (rows 11 − 13). OHEM improves mAP by 2.4
points compared to FRCN with the bg_lo = 0.1 heuristic for VGGM, and 4.8 points
without the heuristic. This result demonstrates the sub-optimality of these heuristics
and the effectiveness of our hard mining approach.

3.5.3 Robust gradient estimates

One concern over using only N = 2 images per batch is that it may cause unstable
gradients and slow convergence because RoIs from an image may be highly corre-
lated [257]. FRCN [92] reports that this was not a practical issue for their training.
But this detail might raise concerns over our training procedure because we use ex-
amples with high loss from the same image and as a result they may be more highly
correlated. To address this concern, we experiment with N = 1 in order to increase
correlation in an effort to break our method. As seen in Table 3.1 (rows 5 − 6, 11),
performance of the original FRCN drops by ∼1 point with N = 1, but when using
our training procedure, mAP remains approximately the same. This shows that
OHEM is robust in case one needs fewer images per batch in order to reduce GPU
memory usage.

3.5.4 Why just hard examples, when you can use all?

Online hard example mining is based on the hypothesis that it is important to
consider all RoIs in an image and then select hard examples for training. But what
if we train with all the RoIs, not just the hard ones? The easy examples will have low
loss, and won’t contribute much to the gradient; training will automatically focus
on the hard examples. To compare this option, we ran standard FRCN training
with a large mini-batch size of B = 2048, using bg_lo = 0, N ∈ {1, 2} and with
other hyperparameters fixed. Because this experiment uses a large mini-batch, it’s
important to tune the learning rate to adjust for this change. We found optimal
results by increasing it to 0.003 for VGG16 and 0.004 for VGGM. The outcomes are
reported in Table 3.1 (rows 7− 10). Using these settings, mAP of both VGG16 and
VGGM increased by ∼1 point compared to B = 128, but the improvement from
our approach is still > 1 points over using all RoIs. Moreover, because we compute
gradients with a smaller mini-batch size training is faster.
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Table 3.1: Impact of hyperparameters on FRCN training.

Experiment Model N LR B bg_lo 07 mAP

1 Fast R-CNN [92] VGGM 2 0.001 128 0.1 59.6
2 VGG16 67.2

3 Removing hard mining
heuristic (Section 3.5.2)

VGGM 2 0.001 128 0 57.2
4 VGG16 67.5

5 Fewer images per batch
(Section 3.5.3) VGG16 1 0.001 128 0.1 66.3

6 0 66.3

7
Bigger batch, High
LR (Section 3.5.4)

VGGM 1 0.004 2048 0 57.7
8 2 60.4

9 VGG16 1 0.003 2048 0 67.5
10 2 68.7

11
Our Approach

VGG16 1 0.001 128 0 69.7

12 VGGM 2 0.001 128 0 62.0
13 VGG16 69.9

3.5.5 Better optimization

Finally, we analyze the training loss for the various FRCN training methods discussed
above. It’s important to measure training loss in a way that does not depend on
the sampling procedure and thus results in a valid comparison between methods.
To achieve this goal, we take model snapshots from each method every 20k steps
of optimization and run them over the entire VOC07 trainval set to compute the
average loss over all RoIs. This measures the training set loss in a way that does
not depend on the example sampling scheme.

Figure 3.3 shows the average loss per RoI for VGG16 with the various hyperpa-
rameter settings discussed above and presented in Table 3.1. We see that bg_lo = 0
results in the highest training loss, while using the heuristic bg_lo = 0.1 results in
a much lower training loss. Increasing the mini-batch size to B = 2048 and increas-
ing the learning rate lowers the training loss below the bg_lo = 0.1 heuristic. Our
proposed online hard example mining method achieves the lowest training loss of all
methods, validating our claims that OHEM leads to better training for FRCN.

3.5.6 Computational cost

OHEM adds reasonable computational and memory overhead, as reported in Table
3.2. OHEM costs 0.09s per training iteration for VGGM network (0.43s for VGG16)
and requires 1G more memory (2.3G for VGG16). Given that FRCN [92] is a fast
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Figure 3.3: Training loss is computed for various training procedures using VGG16 networks dis-
cussed in Section 3.5. We report mean loss per RoI. These results indicate that using hard mining
for training leads to lower training loss than any of the other heuristics.

Table 3.2: Computational statistics of training FRCN [92] and FRCN with OHEM (using an Nvidia
Titan X GPU).

VGGM VGG16

FRCN Ours FRCN FRCN* Ours*

time (sec/iter) 0.13 0.22 0.60 0.57 1.00
max. memory (G) 2.6 3.6 11.2 6.4 8.7

*: uses gradient accumulation over two forward/backward passes

detector to train, the increase in training time is likely acceptable to most users.

3.6 PASCAL VOC and COCO results

In this section, we evaluate our method on VOC 2012 [72] as well as the more
challenging MS COCO [170] dataset. We demonstrate consistent and significant
improvement in FRCN performance when using the proposed OHEM approach. Per-
class results are also presented on VOC 2007 for comparison with prior work.

Experimental setup. We use VGG16 for all experiments. When training on
VOC07 trainval, we use the SGD parameters as in Section 3.5 and when using extra
data (07+12 and 07++12, see Table 3.3 and 3.4), we use 200k mini-batch iterations,
with an initial learning rate of 0.001 and decay step size of 40k. When training on
MS COCO [170], we use 240k mini-batch iterations, with an initial learning rate of
0.001 and decay step size of 160k, owing to a larger epoch size.
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Table 3.3: VOC 2007 test detection average precision (%). All methods use VGG16.
Training set key: 07: VOC07 trainval, 07+12: union of 07 and VOC12 trainval. All
methods use bounding-box regression. Legend: M: using multi-scale for training and testing,
B: multi-stage bbox regression. FRCN? refers to FRCN [92] with our training schedule.
method M B train set mAP aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv

FRCN [92] 07 66.9 74.5 78.3 69.2 53.2 36.6 77.3 78.2 82.0 40.7 72.7 67.9 79.6 79.2 73.0 69.0 30.1 65.4 70.2 75.8 65.8

FRCN? 07 67.2 74.6 76.8 67.6 52.9 37.8 78.7 78.8 81.6 42.2 73.6 67.0 79.4 79.6 74.1 68.3 33.4 65.9 68.7 75.4 68.1

Ours 07 69.9 71.2 78.3 69.2 57.9 46.5 81.8 79.1 83.2 47.9 76.2 68.9 83.2 80.8 75.8 72.7 39.9 67.5 66.2 75.6 75.9

FRCN? X X 07 72.4 77.8 81.3 71.4 60.4 48.3 85.0 84.6 86.2 49.4 80.7 68.1 84.1 86.7 80.2 75.3 38.7 71.9 71.5 77.9 67.8

MR-CNN [90] X X 07 74.9 78.7 81.8 76.7 66.6 61.8 81.7 85.3 82.7 57.0 81.9 73.2 84.6 86.0 80.5 74.9 44.9 71.7 69.7 78.7 79.9

Ours X X 07 75.1 77.7 81.9 76.0 64.9 55.8 86.3 86.0 86.8 53.2 82.9 70.3 85.0 86.3 78.7 78.0 46.8 76.1 72.7 80.9 75.5

FRCN [92] 07+12 70.0 77.0 78.1 69.3 59.4 38.3 81.6 78.6 86.7 42.8 78.8 68.9 84.7 82.0 76.6 69.9 31.8 70.1 74.8 80.4 70.4

Ours 07+12 74.6 77.7 81.2 74.1 64.2 50.2 86.2 83.8 88.1 55.2 80.9 73.8 85.1 82.6 77.8 74.9 43.7 76.1 74.2 82.3 79.6

MR-CNN [90] X X 07+12 78.2 80.3 84.1 78.5 70.8 68.5 88.0 85.9 87.8 60.3 85.2 73.7 87.2 86.5 85.0 76.4 48.5 76.3 75.5 85.0 81.0

Ours X X 07+12 78.9 80.6 85.7 79.8 69.9 60.8 88.3 87.9 89.6 59.7 85.1 76.5 87.1 87.3 82.4 78.8 53.7 80.5 78.7 84.5 80.7

Table 3.4: VOC 2012 test detection average precision (%). All methods use VGG16.
Training set key: 12: VOC12 trainval, 07++12: union of VOC07 trainval, VOC07 test, and
VOC12 trainval, +COCO: a model trained on COCO trainval and fine-tuned on 07++12.
Legend: M: using multi-scale for training and testing, B: iterative bbox regression.
method M B train set mAP aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv

FRCN [92] 12 65.7 80.3 74.7 66.9 46.9 37.7 73.9 68.6 87.7 41.7 71.1 51.1 86.0 77.8 79.8 69.8 32.1 65.5 63.8 76.4 61.7

Ours1 12 69.8 81.5 78.9 69.6 52.3 46.5 77.4 72.1 88.2 48.8 73.8 58.3 86.9 79.7 81.4 75.0 43.0 69.5 64.8 78.5 68.9

MR-CNN [90] X X 12 70.7 85.0 79.6 71.5 55.3 57.7 76.0 73.9 84.6 50.5 74.3 61.7 85.5 79.9 81.7 76.4 41.0 69.0 61.2 77.7 72.1

Ours2 X X 12 72.9 85.8 82.3 74.1 55.8 55.1 79.5 77.7 90.4 52.1 75.5 58.4 88.6 82.4 83.1 78.3 47.0 77.2 65.1 79.3 70.4

FRCN [92] 07++12 68.4 82.3 78.4 70.8 52.3 38.7 77.8 71.6 89.3 44.2 73.0 55.0 87.5 80.5 80.8 72.0 35.1 68.3 65.7 80.4 64.2

Ours3 07++12 71.9 83.0 81.3 72.5 55.6 49.0 78.9 74.7 89.5 52.3 75.0 61.0 87.9 80.9 82.4 76.3 47.1 72.5 67.3 80.6 71.2

MR-CNN [90] X X 07++12 73.9 85.5 82.9 76.6 57.8 62.7 79.4 77.2 86.6 55.0 79.1 62.2 87.0 83.4 84.7 78.9 45.3 73.4 65.8 80.3 74.0

Ours4 X X 07++12 76.3 86.3 85.0 77.0 60.9 59.3 81.9 81.1 91.9 55.8 80.6 63.0 90.8 85.1 85.3 80.7 54.9 78.3 70.8 82.8 74.9

Ours5 X X +COCO 80.1 90.1 87.4 79.9 65.8 66.3 86.1 85.0 92.9 62.4 83.4 69.5 90.6 88.9 88.9 83.6 59.0 82.0 74.7 88.2 77.3

1link1, 2link2, 3link3, 4link4, 5link5

3.6.1 VOC 2007 and 2012 results

Table 3.3 shows that on VOC07, OHEM improves the mAP of FRCN from 67.2%
to 69.9% (and 70.0% to 74.6% with extra data). On VOC12, OHEM leads to an
improvement of 4.1 points in mAP (from 65.7% to 69.8%). With extra data, we
achieve an mAP of 71.9% as compared to 68.4% mAP of FRCN, an improvement
of 3.5 points. Interestingly the improvements are not uniform across categories.
Bottle, chair, and tvmonitor show larger improvements that are consistent across
the different PASCAL splits. Why these classes benefit the most is an interesting
and open question.

3.6.2 MS COCO results

To test the benefit of using OHEM on a larger and more challenging dataset, we
conduct experiments on MS COCO [170] and report numbers from test-dev 2015
evaluation server (Table 3.5). On the standard COCO evaluation metric, FRCN [92]
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scores 19.7% AP, and OHEM improves it to 22.6% AP.2 Using the VOC overlap
metric of IoU ≥ 0.5, OHEM gives a 6.6 points boost in AP50. It is also interesting
to note that OHEM helps improve the AP of medium sized objects by 4.9 points
on the strict COCO AP evaluation metric, which indicates that the proposed hard
example mining approach is helpful when dealing with smaller sized objects. Note
that FRCN with and without OHEM were trained on MS COCO train set.

3.7 Adding bells and whistles

We’ve demonstrated consistent gains in detection accuracy by applying OHEM to
FRCN training. In this section, we show that these improvements are orthogonal
to recent bells and whistles that enhance object detection accuracy. OHEM with
the following two additions yields state-of-the-art results on VOC and competitive
results on MS COCO.

Multi-scale (M). We adopt the multi-scale strategy from sppnet [118] (and used
by both FRCN [92] and MR-CNN [90]). Scale is defined as the size of the short-
est side (s) of an image. During training, one scale is chosen at random, whereas
at test time inference is run on all scales. For VGG16 networks, we use s ∈
{480, 576, 688, 864, 900} for training, and s ∈ {480, 576, 688, 864, 1000} during test-
ing, with the max dimension capped at 1000. The scales and caps were chosen
because of GPU memory constraints.

Iterative bounding-box regression (B). We adopt the iterative localization
and bounding-box (bbox) voting scheme from [90]. The network evaluates each
proposal RoI to get scores and relocalized boxes R1. High-scoring R1 boxes are the
rescored and relocalized, yielding boxes R2. Union of R1 and R2 is used as the final
set RF for post-processing, where RNMS

F is obtained using NMS on RF with an IoU
threshold of 0.3 and weighted voting is performed on each box ri in RNMS

F using
boxes in RF with an IoU of ≥0.5 with ri (see [90] for details).

3.7.1 VOC 2007 and 2012 results

We report the results on VOC benchmarks in Table 3.3 and 3.4. On VOC07, FRCN
with the above mentioned additions achieves 72.4% mAP and OHEM improves it to

2COCO AP averages over classes, recall, and IoU levels. See http://mscoco.org/dataset/
#detections-eval for details.
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Table 3.5: MS COCO 2015 test−dev detection average precision (%). All methods use VGG16.
Legend: M: using multi-scale for training and testing.

AP@IoU area FRCN† Ours Ours [+M] Ours* [+M]

[0.50 : 0.95] all 19.7 22.6 24.4 25.5

0.50 all 35.9 42.5 44.4 45.9

0.75 all 19.9 22.2 24.8 26.1

[0.50 : 0.95] small 3.5 5.0 7.1 7.4

[0.50 : 0.95] med. 18.8 23.7 26.4 27.7

[0.50 : 0.95] large 34.6 37.9 38.5 40.3
†from the leaderboard, *trained on trainval set

Table 3.6: Impact of multi-scale and iterative bbox reg.

Multi-scale (M) Iterative bbox
reg. (B)

VOC07 mAP

Train Test FRCN Ours

67.2 69.9
X 68.4 71.1

X 70.8 72.7
X X 71.9 74.1

X 67.7 70.7
X X 68.6 71.9
X X 71.2 72.9
X X X 72.4 75.1

75.1%, which is currently the highest reported score under this setting (07 data).
When using extra data (07+12), OHEM achieves 78.9% mAP, surpassing the cur-
rent state-of-the-art MR-CNN (78.2% mAP). We note that MR-CNN uses selective
search and edge boxes during training, whereas we only use selective search boxes.
Our multi-scale implementation is also different, using fewer scales than MR-CNN.
On VOC12 (Table 3.4), we consistently perform better than MR-CNN. When using
extra data, we achieve state-of-the-art mAP of 76.3% (vs. 73.9% mAP of MR-CNN).

Ablation analysis. We now study in detail the impact of these two additions and
whether OHEM is complementary to them, and report the analysis in Table 3.6.
Baseline FRCN mAP improves from 67.2% to 68.6% when using multi-scale during
both training and testing (we refer to this as M). However, note that there is only
a marginal benefit of using it at training time. Iterative bbox regression (B) further
improves the FRCN mAP to 72.4%. But more importantly, using OHEM improves
it to 75.1% mAP, which is state-of-the-art for methods trained on VOC07 data (see
Table 3.3). In fact, using OHEM consistently results in higher mAP for all variants
of these two additions (see Table 3.6).
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3.7.2 MS COCO results

MS COCO [170] test-dev 2015 evaluation server results are reported in Table 3.5.
Using multi-scale improves the performance of our method to 24.4% AP on the
standard COCO metric and to 44.4% AP50 on the VOC metric. This again shows
the complementary nature of using multi-scale and OHEM. Finally, we train our
method using the entire MS COCO trainval set, which further improves performance
to 25.5% AP (and 45.9% AP50). In the 2015 MS COCO Detection Challenge, a
variant of this approach finished 4th place overall.

Conclusion We presented an online hard example mining (OHEM) algorithm,
a simple and effective method to train region-based ConvNet detectors. OHEM
eliminates several heuristics and hyperparameters in common use by automatically
selecting hard examples, thus simplifying training. We conducted extensive exper-
imental analysis to demonstrate the effectiveness of the proposed algorithm, which
leads to better training convergence and consistent improvements in detection accu-
racy on standard benchmarks. We also reported state-of-the-art results on PASCAL
VOC 2007 and 2012 when using OHEM with other orthogonal additions. Though
we used Fast R-CNN throughout this chapter, OHEM can be used for training any
region-based ConvNet detector.

Our experimental analysis was based on the overall detection accuracy, however
it will be an interesting future direction to study the impact of various training
methodologies on individual category performance.
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Chapter 4

GEOMETRY-CONSTRAINED OBJECT DETECTION (G-DPM)

4.1 Introduction

While object detection remains one of the most stubbornly difficult problems in com-
puter vision, substantial progress has been made in the last decade, as evidenced by
steadily improving detection rates for common categories such as faces, cars, etc.
However, before the resurgence of ConvNet-based detectors, there were reasons to
worry that the advancements were reaching a plateau. Consider the popular PAS-
CAL object detection benchmark [72] circa 2013: after rapid gains early on, detection
performance has stagnated for most object classes at levels still too low for practi-
cal use (e.g ., bird, sofa and chair categories are all below 20% AP). Interestingly,
the standard trick of boosting performance by increasing the size of the training set
did not seem to be working any longer: Zhu et al . [303] report training a standard
detector on 10 times more data without seeing any improvement in performance.
This highlighted the need for better models and learning approaches to handle the
intra-class variability of object categories.

Circa 2013, at the forefront of detection research was the deformable part-based
model (DPM) [78] which consistently achieved state-of-the-art performance in object
detection tasks. DPMs model objects as a constellation of parts where the parts are
defined in an unsupervised manner based on heuristics such as high gradient energy.
These part-based models are trained discriminatively; however, learning this model
is a complex task as it involves optimization of a non-convex function over a set of
latent variables (part locations and mixture memberships). In some cases, the parts
in the DPM have shown little or no improvement [59]. Due to these reasons, recent
work has focused on using strongly-supervised part models [9] where semantically
meaningful part annotations are used to initialize the parts and improve the learning
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Figure 4.1: Examples of object detection and surface normal prediction using the proposed G-DPM
model. Our G-DPM not only improves the state of the art performance in object detection but it
also predicts the surface normals with the detection. Legend for normals: blue: X; green: Y; red:
Z.

process. However, using semantically meaningful parts has two major problems: (1)
manually labeling these semantic parts can be quite cumbersome and requires a lot
of human effort; (2) more importantly, unlike articulated objects, for many object
categories, such as beds, it is not even clear what a semantic part corresponds to.

We propose a geometry-driven deformable part-based model (G-DPM) that can
be learned from a set of labeled RGBD images. In a G-DPM, object parts are
defined based on their physical properties (i.e., their geometry) rather than just
their appearance. Our key hypothesis is that while the arrangement of parts might
vary across the instances of object categories, the constituent parts will still have
consistent underlying 3D geometry. For example, every sofa has a L-shaped part that
is the intersection of a vertical surface and a horizontal surface for sitting. Therefore,
the underlying 3D geometry can provide weak supervision to define and initialize the
parts. While the learning objective in case of G-DPM is still non-convex (similar
to [78]), we show how the depth data can be used as weak supervision to impose
geometric constraints and guide latent updates at each step. Empirically this leads
to faster convergence, and a better model in terms of detection performance. But
more importantly, because our parts have a 3D geometrical representation they can
be used to jointly detect objects and infer 3D properties from a single 2D image.
Figure 4.1 shows two examples of objects detected by our G-DPM model and the
predicted surface normal geometry by the G-DPM. Notice how our approach predicts
nicely aligned flat horizontal surface of the table within the bounding box and how
the approach predicts the horizontal and vertical surfaces of the couch.
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Contributions. Our key contributions include: (1) We propose to marry de-
formable part-based model with the geometric representation of objects by defining
parts based on consistent underlying 3D geometry. (2) We demonstrate how the geo-
metric representation can help us leverage depth data during training and constrain
the latent model learning problem. The underlying 3D geometry during training
helps us guide the latent steps in the right direction. (3) Most importantly, a joint
geometric and appearance based representation not only allows us to achieve state-
of-the results on object detection but also allows us to tackle the grand challenge of
understanding 3D objects from 2D images.

4.2 Related Work

The idea of using geometric and physical representation for objects and their cate-
gories has a rich history in computer vision [26, 176, 180]. While these approaches
resulted in some impressive demos such as ACRONYM [27], these systems failed
to generalize. That led us to the modern era in computer vision where instead of
representing objects in 3D, the focus changed to representing objects using low-level
image features such as HOG [53] and using machine learning to learn an appear-
ance model of the object. The most successful approaches in this line of work are
the deformable part-based models [78] that extend the rigid template from [53] to a
latent part-based model that is trained discriminatively. While there has been a lot
of progress made over the last decade, the performance of these appearance based
approaches seems to have been stagnated.

Therefore, recent research has now focused on developing richer representations
for objects and effective ways of learning these representations. Most of the recent
work on improving deformable part models can be broadly divided in two main
categories:

(a) Better 2D Representations and Learning: The first and the most common
way is to design better representations using 2D image features. In this area, re-
searchers have looked into using strongly-supervised models for parts [9, 25, 70, 291],
using key point annotations to search for parts [24] or discovering mid-level parts
in a completely unsupervised manner [246]. Other directions include using sharing
to increase data-size across categories [168] or finding visual subcategories based on
appearances before learning a part-based model [40, 59].

(b) Using 3D Geometry: The second direction that has been explored is to bring
back the flavor of the past and develop rich models by representing 3D geometry
explicitly. One of the most common ways to encode viewpoint information is to
train a mixture of templates for different viewpoints [99]. An alternative approach
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is to explicitly consider the 3D nature of the problem and model objects as a col-
lection of local parts that are connected across views [96, 227, 249, 289]. Another
way to account for 3D representation is to explicitly model the 3D object in terms
of planes [43, 81, 227, 288] or parts [202], and use a rigid template [119], spring
model [81] or a CRF [43].

Our approach lies at the intersection of two these directions. Unlike other ap-
proaches which incorporate geometry in DPM via CAD models [202] or manually-
labeled 3D cuboids [81, 119], our approach uses noisy depth data for training (similar
to [83]). This allows us to access more and diverse data (hundreds of images com-
pared to 40 or so CAD models). The scale at which we build 3D priors and do
geometric reasoning during latent learning allows us to obtain improvements of as
much as 11% in some categories (previous approaches performed at-par or below
DPM). We would also like to point out that even though our approach uses depth
information during training, it is used as a weak supervisory signal (and not as an
extra input feature) to guide the training in the right direction. The discriminative
model is only learned in the appearance space. Therefore, we do not require depth
at test time and can use G-DPM to detect objects in RGB images. Most other work
in object detection/recognition using RGBD [20, 155, 156] uses depth as an extra
input feature to learn an object model and therefore, also requires depth information
at test time.

4.3 Overview

As input to the system, at training, we use RGB images of object instances along
with their underlying geometry in terms of depth data. We convert the depth data
into surface normals using the standard procedure from [191]. Our goal is to learn
a deformable part-based model where the parts are defined based on their appear-
ance and underlying geometry. We argue that using a geometric representation in
conjunction with appearance based deformable parts model not only allows us to
have a better initialization but also provides additional constraints during the latent
update steps. Specifically, our learning procedure ensures not only that the latent
updates are consistent in the appearance space but also that the geometry predicted
by underlying parts is consistent with the ground truth geometry. Hence, the depth
data is not used as an extra feature, but instead provides weak supervision during
the latent update steps.

In this chapter, we present a proof-of-concept system for building G-DPM. We
limit our focus on man-made indoor rigid objects, such as bed, sofa etc., for three rea-
sons: (1) These classes are primarily defined based on their physical properties, and
therefore learning a geometric model for these categories makes intuitive sense; (2)
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Figure 4.2: A few elements from the dictionary after the initialization step. They are ordered to
highlight the over-completeness of our initial dictionary.

These classes have high intra-class variation and are challenging for any deformable
parts model. We would like to demonstrate that a joint geometric and appearance
based representation gives us a powerful tool to model intra-class variations; (3)
Finally, due to the availability of Kinect, data collection for these categories has
become simpler and efficient. In our case, we use the NYU v2 dataset [191], which
has 1449 RGBD images.

4.4 Technical Approach

Given a large set of training object instances in the form of RGBD data, our goal
is to discover a set of candidate parts based on consistent underlying geometry, and
use these parts to learn a geometry-driven deformable part-based model (G-DPM).
To obtain such a set of candidate parts, we first discover a dictionary of geometric
elements based on their depth information (section 4.4.1) in a category-free manner
(pooling the data from all categories). A category-free dictionary allows us to share
the elements across multiple object categories.

We use this dictionary to choose a set of parts for every object category based
on frequency of occurrence and consistency in the relative location with respect to
the object bounding-boxes. Finally, we use these parts to initialize and learn our
G-DPM using latent updates and hard mining. We exploit the geometric nature of
our parts and use them to enforce additional geometrical constraints at the latent
update steps (section 4.4.3).
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Figure 4.3: A few examples of resulting elements in dictionary after the refinement procedure.
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Figure 4.4: Refinement: After creating an initial dictionary we do the refinement procedure where
we find the set of elements that occur at a consistently occur at same spatial location with respect
to the object center.

4.4.1 Geometry-driven Dictionary of 3D Elements

Given a set of labeled training images and their corresponding surface normal data,
our goal is to discover a dictionary of elements capturing 3D information that can
act as parts in DPM. Our elements should be: 1) representative: frequent among
the object categories in question; 2) spatially consistent with respect to the object.
(e.g ., a horizontal surface always occurs on the top of a table and bed, while it occurs
at center of a chair and a sofa). To obtain a dictionary of candidate elements which
satisfy these properties, we use a two step process: first we initialize our dictionary
by an over-complete set of elements, each satisfying the representativeness property;
and then we refine the dictionary elements based on their relative spatial location
with respect to the object.

Initializing the dictionary. We sample hundreds of thousands of patches, in 3
different aspect-ratios (AR), from the object bounding boxes in the training images
(100−500 patches per object bounding box). We represent these patches in terms of
their raw surface normal maps. To extract a representative set of elements for each
AR, we perform clustering using simple k-means (with k ∼ 1000), in raw surface
normal space. This clustering process leads to an over-complete set of geometric
elements. We remove any cluster with less than N members, for not satisfying the
frequency property. We represent every remaining cluster by an element which is the
pixel-wise median of the nearest N patches to the cluster center. A few examples of
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Figure 4.5: An example of detection/localization of discovered dictionary elements in surface normal
space.

this set of elements is shown in Figure 4.2. (See the website for more elements and
other AR clusters.) In practice, we use N = 25. As one can notice from the figure,
the dictionary is over-complete. To reject the clusters with bad (non-homogenous)
members and to remove redundancy we follow this clustering step with a refinement
procedure.

Refinement. Given the clusters from the initialization step, we first check each
cluster for spatial consistency, i.e., how consistent the cluster is with respect to
the center of the object. For this, we record the location of each member in the
cluster relative to the object center as: (dxi, dyi) =

(
(pix−pox)
wo ,

(piy−poy)
ho

)
, where po,

wo and ho are the object center, width and height respectively, and pi is the center
of element i. Examples of this voting scheme are given in Figure 4.4, where each
blue dot represents a vote from the cluster’s member, and red dot represents object
center. To capture consistency in relative locations, we sort the clusters based on
min(σ2x(dx), σ2y(dy)) (minimum variance of their relative x, y locations). Clusters
like the legs of furniture (consistently below the object and closer to the center) and
sides of a bed (consistently near the center of object) rank much higher than noisy
cluster shown at the right. After pruning bad clusters by thresholding, we perform
a step of agglomerative clustering to merge good clusters which are close in feature
space (raw surface normals) as well as have consistent distribution of (dx, dy). This
gives us a dictionary D of 3D elements. A few examples of resulting elements are
shown in Figure 4.3.

4.4.2 From 3D Parts to Object Hypothesis

Given a dictionary of geometric elements D, we would like to discover which geomet-
ric elements can act as parts for which object categories. Since our categories share
the geometric elements, every element in the dictionary can act as a part for any
number of object categories. We represent a part pj for an object category with three
aspects: (a) the geometric element ei ∈ D; (b) the relative location lj : (dxj , dyj)
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Figure 4.6: From 3D Parts to object hypothesis: (a) few examples images in the cluster; (b) all the
geometrically consistent candidate parts selected (before greedy selection); (c) final part hypothesis
for initializing G-DPM (after greedy selection)

of the part with respect to object center (in normalized coordinates); (c) the spring
model (or variance in (dx, dy)) for the part, which defines how spatially consistent
a part is with respect to the object. Note that an object part is different from
the geometric element and a geometric element can act as different parts based on
the location (e.g ., two armrests for the chair; an armrest is a geometric element
but two different parts). The goal is to find set of parts (or an object hypothesis)
p =

[
p1, . . . , pN

]
, where pj : (ei, l

j), that occur consistently in the labeled images.

Similar to DPM [78], we represent each object category as a mixture of compo-
nents and each component is loosely treated as a category of its own. Therefore, our
goal is to find a set of parts for each component of all object categories. Given a set
of training images for a component, we first localize each element e in the surface
normal map. For example, Figure 4.5 shows the elements detected in the case of
a sofa. We then pool the element localizations from all images and find the most
frequent elements at different locations in an object. These frequent elements act as
candidate parts for representing an object. Figure 4.6(b) shows the candidate parts
for one component of three categories: bed, sofa and table.

We now use a greedy approach to select the final parts with the constraints that
we have 6-12 parts per object component and that these parts cover at least 60%
of the object area. At each step, we select the top-most part hypothesis based on
the frequency of occurrence and consistency in the relative location with respect to
the object. Therefore, if a geometric element occurs quite frequently at a particular
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Table gDPM Model 1 Table gDPM Model 2 
Table gDPM Model 3 

Bed gDPM Model 3 Bed gDPM Model 2 Bed gDPM Model 1 

Sofa gDPM Model 3 Sofa gDPM Model 2 Sofa gDPM Model 1 

Figure 4.7: Learned G-DPM models for classes bed, sofa and table. The first visualization in each
template represents the learned appearance root filter, the second visualization contains learned
part filters super-imposed on the root filter, the third visualization is the surface normal map
corresponding to each part and the fourth visualization is of the learned deformation penalty.

location, then it is selected as a part for the object. Once we have selected a part,
the next part is selected based on frequency and consistency of occurrence, and
its overlap with the already selected parts (a part that overlaps a lot with already
selected parts is rejected).

4.4.3 Learning G-DPM

Once we have obtained a set of parts for a given object category, we can now use
it to initialize the learning of our proposed G-DPM model. Following the general
framework of deformable part models [9, 70, 78, 291], we model an object by a
mixture of M components, each of which is a non-rigid star-shaped constellation of
parts. The key difference between learning the G-DPM and the original DPM lies
in the scoring function. Unlike the original model which only captures appearance
and location of parts, we explicitly include a geometric consistency term in the
scoring function used at the latent update step. This allows us to enforce geometric
consistency across the latent update steps and guide the latent updates in the right
direction. We will now first discuss a few preliminaries about DPM and then discuss
how we add the geometric consistency term to the scoring function.

DPM Preliminaries. For each mixture component, indexed by c ∈ {1, . . . ,M},
the object hypothesis is specified by z = (l0, l1, . . . , lnc), where li = (ui, vi, si) denotes
the (u, v)-position of i-th filter (every part acts a filter) at level si in the feature
pyramid (root is indexed at 0, and l0 corresponds to its bounding-box) and nc is
number of parts in component c. Following [78], we enforce that each part is at
twice the resolution of the root.
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Table 4.1: AP performance on the task of object detection.

Bed Chair M.+TV Sofa Table

DPM (No Parts) 20.94 10.69 6.38 5.51 2.73
DPM 22.39 14.44 8.10 7.16 3.53

DPM (Our Parts, No Latent) 26.59 5.71 2.35 6.82 3.41
DPM (Our Parts) 29.15 11.43 4.17 8.30 1.76

G-DPM 33.39 13.72 9.28 11.04 4.05

The score of a mixture component c, with model parameter βc, at any given z
(root and part locations) in an image I is given by

S(I, z, βc) =

nc∑
i=0

Fi · φ(I, li)−
nc∑
i=1

di · ψ(li − l0) + b (4.1)

where the first term scores appearance using image features φ(I, li) (HOG fea-
tures in this case) and model’s appearance parameters (F0, . . . , Fnc). The second
term enforces the deformation penalty using ψ(li − l0) = {dx, dy, dx2, dy2} where
(dx, dy) = (lxi , l

y
i ) − (2(lx0 , l

y
0) − vi) and vi is the anchor position of the part. Thus,

each component’s model parameter is βc = {F0, . . . , Fnc , d1, . . . , dnc , b}.

The final score of a DPM model for an object category on an image I at any z
is given by

S(I, z) = max
c∈{1...M}

S(I, z, βc), (4.2)

which is the maximum over scores of all the components. Thus, the final object model
parameter is β = (β1, . . . , βM ) which encapsulates all M mixture components.

Enforcing Geometric Constraints & Learning

Given the training data {(xi, yi)}1,...,N , we aim to learn a discriminative G-DPM.
In our case, x = {I, IG, l}, where I denotes an RGB image, IG denotes the surface
normal map and l is location of the bounding box, and y ∈ {−1, 1}. Similar to [9,
70, 78, 291], we minimize the objective function:

LD(β) =
1

2
‖β‖2 + C

N∑
i=1

max(0, 1− yifβ(xi)), (4.3)

fβ(x) = max
z
S(I, z) = max

z,c
S(I, z, βc). (4.4)

The latent variables, z (root and part locations) and c (mixture memberships), make
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Input Image DPM Detection gDPM Detection Predicted Geometry 

Figure 4.8: False Positives: Our sofa detector detecting chair. Notice that the geometry still looks
plausible.

(4.3) non-convex. [78] solves this optimization problem using a coordinate-descent
based approach, which iterates between a latent update step and a parameter learn-
ing step. In the latent update step, they estimate the latent variables, z and c, by
relabeling each positive example. In the parameter learning step, they fix the la-
tent variables and estimate the model parameter β using stochastic gradient descent
(SGD).

The latent updates in [78] are made based on image appearance only. However,
in our case, we also have a geometric representation of our parts and the underlying
depth data for training images. We exploit this and constrain the latent update step
such that the part geometry should match the underlying depth data. Intuitively,
depth data provides part-level geometric supervision to the latent update step. Thus,
enforcing this constraint only affects the latent update step in the above optimization.
This is achieved by augmenting the scoring function S(I, z, βc) with a geometric
consistency term:

fβ(x) = max
c∈{1...M},z

[
S(I, z, βc) + λ

nc∑
i=1

SG(ei, ω(IG, li))

]
(4.5)

where ei is the geometric element (raw surface normal) corresponding to i-th part,
ω(IG, li) is the raw surface normal map extracted at location li, SG(·) is the geometric
similarity function between two raw surface normal maps and λ is the trade-off
parameter, controlling how much we want the optimization to focus on geometric
consistency. We train our G-DPM models using a modified version of the Latent
SVM solver from [78]. In our coordinate-descent approach, the latent update step
on positives uses fβ from (4.5) to estimate the latent variables; then we apply SGD
to solve for β by using standard fβ (4.4) and hard-negative mining. At test time,
we only use the standard scoring function (4.2) (which is also equivalent to setting
λ = 0 in (4.5)).
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4.5 Experiments

We now present experimental results to demonstrate the effectiveness of adding
geometric representation and constraints to a deformable part-based model. We
will show how adding 3D parts and geometric constraints not only help improve the
performance of our object detector but also help us to develop 3D understanding of
the object (in terms of surface normals). We perform our experimental evaluation on
the NYU Depth v2 dataset [191]. We learn a G-DPMmodel for five object categories:
bed, chair, monitor+TV (M.+TV), sofa and table. We use 3 components for each
object category and some of the learned models are shown in Figure 4.7. This dataset
has 1,449 images; we use the train-test splits from [191] (795 training and 654 test
images). We convert the object instance segmentation masks (provided by [191])
to bounding boxes for training and testing object detectors. For surface normal
prediction for the object, we superimpose the surface normals corresponding to each
part and take the pixel-wise median. We also use colorization from [191] to in-paint
missing regions in the object for visualization.

Qualitative. Figure 4.9 shows the performance of G-DPM detector on a few ex-
amples. Our G-DPM model not only localizes the object better but is also able to
predict the surface normals for the detected objects. For example, in the first row,
G-DPM not only predicts the flat sittable surface of the couch but it also predicts
the vertical backrest and the horizontal surface on the top of it. Similarly, in the
second row, our approach is able to predict the horizontal surface of the small table.
Figure 4.8 shows one of the false positives of our approach. In this case, a chair is
predicted as a sofa by G-DPM but notice the predicted surface normals by G-DPM.
Even in the case of wrong category prediction, G-DPM does a reasonable job on the
task of predicting surface normals including the horizontal support surface of the
chair.

Quantitative. We now evaluate G-DPM quantitatively on the task of 2D object
detection. As a baseline, we compare our approach against the standard DPM model
with and without parts. We also evaluate the performance of DPM by treating our
initial part hypothesis as strong supervision (ground truth parts) and not doing any
latent updates. Finally, we also evaluate the performance of our parts with the
standard latent updates which do not consider the geometric constraint based on
depth data. Table 4.1 shows the average precision (AP). Our approach improves
over the standard DPM by approximately 3.2% mean AP over 5 categories; and for
categories like bed and sofa, the improvement is as much as 11% and 4% respectively.
We also evaluate our surface normal prediction accuracy in a small quantitative
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experiment. Against Geometric Context [124], our surface normal prediction is 2◦

better, in terms of median per-pixel error.
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Figure 4.9: Qualitative Results: Our G-DPM not only localizes the object but also predicts the
surface normals of the objects.

Conclusions. We proposed a novel part-based representation, geometry-driven
deformable part-based model (G-DPM), where the parts are defined based on their
3D properties. G-DPM effectively leverages depth data to combine the power of
DPMs with the richness of geometric representation. We demonstrate how depth
data can be used to define parts and provide weak supervision during the latent
update steps. This leads to a better model in terms of detection performance. But
more importantly, a joint geometric and appearance based representation allows
us to jointly tackle the grand challenge of object detection and understanding 3D
objects from 2D images.
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Chapter 5

CROSS-STITCH NETWORKS FOR MULTI-TASK LEARNING

5.1 Introduction

Over the last few years, ConvNets have given huge performance boosts in recogni-
tion tasks ranging from classification and detection to segmentation and even surface
normal estimation. One of the reasons for this success is attributed to the inbuilt
sharing mechanism, which allows ConvNets to learn representations shared across
different categories. This insight naturally extends to sharing between tasks (see
Figure 5.1) and leads to further performance improvements, e.g ., the gains in seg-
mentation [113] and detection [90, 92]. A key takeaway from these works is that
multiple tasks, and thus multiple types of supervision, helps achieve better perfor-
mance with the same input. But unfortunately, the network architectures used by
them for multi-task learning notably differ. There are no insights or principles for
how one should choose ConvNet architectures for multi-task learning.

5.1.1 Multi-task sharing: an empirical study

How should one pick the right architecture for multi-task learning? Does it depend
on the final tasks? Should we have a completely shared representation between
tasks? Or should we have a combination of shared and task-specific representations?
Is there a principled way of answering these questions?

To investigate these questions, we first perform extensive experimental analysis
to understand the performance trade-offs amongst different combinations of shared
and task-specific representations. Consider a simple experiment where we train
a ConvNet on two related tasks (e.g ., semantic segmentation and surface normal
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DetectionAttributes

Has saddle Four legs Object location

Surface Normals Sem. Segmentation

Surface orientation Pixel labels

Figure 5.1: Given an input image, one can leverage multiple related properties to improve perfor-
mance by using a multi-task learning framework. In this chapter, we propose cross-stitch units, a
principled way to use such a multi-task framework for ConvNets.

estimation). Depending on the amount of sharing one wants to enforce, there is
a spectrum of possible network architectures. Figure 5.2(a) shows different ways
of creating such network architectures based on AlexNet [151]. On one end of the
spectrum is a fully shared representation where all layers, from the first convolution
(conv2) to the last fully-connected (fc7), are shared and only the last layers (two
fc8s) are task specific. An example of such sharing is [92] where separate fc8 layers
are used for classification and bounding box regression. On the other end of the
sharing spectrum, we can train two networks separately for each task and there is
no cross-talk between them. In practice, different amount of sharing tends to work
best for different tasks.

So given a pair of tasks, how should one pick a network architecture? To empir-
ically study this question, we pick two varied pairs of tasks:

• We first pair semantic segmentation (SemSeg) and surface normal prediction (SN).
We believe the two tasks are closely related to each other since segmentation
boundaries also correspond to surface normal boundaries. For this pair of tasks,
we use NYU-v2 [242] dataset.

• For our second pair of tasks we use detection (Det) and Attribute prediction (Attr).
Again we believe that two tasks are related: for example, a box labeled as “car”
would also be a positive example of “has wheel” attribute. For this experiment,
we use the attribute PASCAL dataset [72, 75].

We exhaustively enumerate all the possible Split architectures as shown in Fig-
ure 5.2(a) for these two pairs of tasks and show their respective performance in
Figure 5.2(b). The best performance for both the SemSeg and SN tasks is using
the “Split conv4” architecture (splitting at conv4), while for the Det task it is using
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Figure 5.2: We train a variety of multi-task (two-task) architectures by splitting at different layers
in a ConvNet [151] for two pairs of tasks. For each of these networks, we plot their performance
on each task relative to the task-specific network. We notice that the best performing multi-task
architecture depends on the individual tasks and does not transfer across different pairs of tasks.

the Split conv2, and for Attr with Split fc6. These results indicate two things – 1)
Networks learned in a multi-task fashion have an edge over networks trained with
one task; and 2) The best Split architecture for multi-task learning depends on the
tasks at hand.

While the gain from multi-task learning is encouraging, getting the most out of
it is still cumbersome in practice. This is largely due to the task dependent nature
of picking architectures and the lack of a principled way of exploring them. Addi-
tionally, enumerating all possible architectures for each set of tasks is impractical.
This chapter proposes cross-stitch units, using which a single network can capture
all these Split-architectures (and more). It automatically learns an optimal com-
bination of shared and task-specific representations. We demonstrate that such a
cross-stitched network can achieve better performance than the networks found by
brute-force enumeration and search.

5.2 Related Work

Generic Multi-task learning [33, 250] has a rich history in machine learning. The term
multi-task learning (MTL) itself has been broadly used [4, 74, 128, 216, 290, 292]
as an umbrella term to include representation learning and selection [7, 73, 143,
192], transfer learning [198, 213, 294] etc. and their widespread applications in other
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Figure 5.3: We model shared representations by learning a linear combination of input activation
maps. At each layer of the network, we learn such a linear combination of the activation maps from
both the tasks. The next layers’ filters operate on this shared representation.

fields, such as genomics [193], natural language processing [48, 49, 173] and computer
vision [5, 63, 138, 143, 210, 267, 286, 297]. In fact, many times multi-task learning
is implicitly used without reference; a good example being fine-tuning or transfer
learning [213], now a mainstay in computer vision, can be viewed as sequential
multi-task learning [33]. Given the broad scope, in this section we focus only on
multi-task learning in the context of ConvNets used in computer vision.

Multi-task learning is generally used with ConvNets in computer vision to model
related tasks jointly, e.g . pose estimation and action recognition [94], surface normals
and edge labels [278], face landmark detection and face detection [296, 298], auxiliary
tasks in detection [92], related classes for image classification [260] etc. Usually these
methods share some features (layers in ConvNets) amongst tasks and have some task-
specific features. This sharing or split-architecture (as explained in Section 5.1.1) is
decided after experimenting with splits at multiple layers and picking the best one.
Of course, depending on the task at hand, a different Split architecture tends to
work best, and thus given new tasks, new split architectures need to be explored. In
this chapter, we propose cross-stitch units as a principled approach to explore and
embody such Split architectures, without having to train all of them.

In order to demonstrate the robustness and effectiveness of cross-stitch units in
multi-task learning, we choose varied tasks on multiple datasets. In particular, we
select four well established and diverse tasks on different types of image datasets: 1)
We pair semantic segmentation [120, 236, 237] and surface normal estimation [67,
83, 278], both of which require predictions over all pixels, on the NYU-v2 indoor
dataset [242]. These two tasks capture both semantic and geometric information
about the scene. 2) We choose the task of object detection [78, 92, 93, 228] and
attribute prediction [1, 76, 158] on web-images from the PASCAL dataset [72, 75].
These tasks make predictions about localized regions of an image.
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5.3 Cross-stitch Networks

In this chapter, we present a novel approach to multi-task learning for ConvNets by
proposing cross-stitch units. Cross-stitch units try to find the best shared represen-
tations for multi-task learning. They model these shared representations using linear
combinations, and learn the optimal linear combinations for a given set of tasks. We
integrate these cross-stitch units into a ConvNet and provide an end-to-end learning
framework. We use detailed ablative studies to better understand these units and
their training procedure. Further, we demonstrate the effectiveness of these units
for two different pairs of tasks. To limit the scope of this chapter, we only consider
tasks which take the same single input, e.g ., an image as opposed to say an image
and a depth-map [107].

5.3.1 Split Architectures

Given a single input image with multiple labels, one can design “Split architectures”
as shown in Figure 5.2. These architectures have both a shared representation and
a task specific representation. ‘Splitting’ a network at a lower layer allows for more
task-specific and fewer shared layers. One extreme of Split architectures is splitting
at the lowest convolution layer which results in two separate networks altogether,
and thus only task-specific representations. The other extreme is using “sibling” pre-
diction layers (as in [92]), which allows for a more shared representation. Thus, Split
architectures allow for a varying amount of shared and task-specific representations.

5.3.2 Unifying Split Architectures

Given that Split architectures hold promise for multi-task learning, an obvious ques-
tion is – At which layer of the network should one split? This decision is highly
dependent on the input data and tasks at hand. Rather than enumerating the
possibilities of Split architectures for every new input task, we propose a simple
architecture that can learn how much shared and task specific representation to use.

5.3.3 Cross-stitch units

Consider a case of multi task learning with two tasks A and B on the same input
image. For the sake of explanation, consider two networks that have been trained
separately for these tasks. We propose a new unit, cross-stitch unit, that combines
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these two networks into a multi-task network in a way such that the tasks supervise
how much sharing is needed, as illustrated in Figure 5.3. At each layer of the
network, we model sharing of representations by learning a linear combination of the
activation maps [7, 143] using a cross-stitch unit. Given two activation maps xA, xB
from layer l for both the tasks, we learn linear combinations x̃A, x̃B (Eq 5.1) of both
the input activations and feed these combinations as input to the next layers’ filters.
This linear combination is parameterized using α. Specifically, at location (i, j) in
the activation map, x̃ijA

x̃
ij

B

 =

[
αAA αAB

αBA αBB

]xijA
x
ij

B

 (5.1)

We refer to this the cross-stitch operation, and the unit that models it for each layer
l as the cross-stitch unit. The network can decide to make certain layers task specific
by setting αAB or αBA to zero, or choose a more shared representation by assigning
a higher value to them.

Backpropagating through cross-stitch units. Since cross-stitch units are mod-
eled as linear combination, their partial derivatives for loss L with tasks A,B are
computed as


∂L

∂xijA

∂L

∂xijB

 =

[
αAA αBA

αAB αBB

]
∂L

∂x̃ijA

∂L

∂x̃ijB

 (5.2)

∂L

∂αAB

=
∂L

∂x̃ijB
xijA ,

∂L

∂αAA

=
∂L

∂x̃ijA
xijA (5.3)

We denote αAB, αBA by αD and call them the different-task values because
they weigh the activations of another task. Likewise, αAA, αBB are denoted by
αS, the same-task values, since they weigh the activations of the same task. By
varying αD and αS values, the unit can freely move between shared and task-specific
representations, and choose a middle ground if needed.
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5.4 Design decisions for cross-stitching

We use the cross-stitch unit for multi-task learning in ConvNets. For the sake of
simplicity, we assume multi-task learning with two tasks. Figure 5.4 shows this
architecture for two tasks A and B. The sub-network in Figure 5.4(top) gets direct
supervision from task A and indirect supervision (through cross-stitch units) from
task B. We call the sub-network that gets direct supervision from task A as network
A, and correspondingly the other as B. Cross-stitch units help regularize both tasks
by learning and enforcing shared representations by combining activation (feature)
maps. As we show in our experiments, in the case where one task has less labels
than the other, such regularization helps the “data-starved” tasks.

conv1, pool1 conv2, pool2

Cross-stitch 
units
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Figure 5.4: Using cross-stitch units to stitch two AlexNet [151] networks. In this case, we apply
cross-stitch units only after pooling layers and fully connected layers. Cross-stitch units can model
shared representations as a linear combination of input activation maps. This network tries to learn
representations that can help with both tasks A and B. We call the sub-network that gets direct
supervision from task A as network A (top) and the other as network B (bottom).

Next, we enumerate the design decisions when using cross-stitch units with net-
works, and in later sections perform ablative studies on each of them.

Cross-stitch units initialization and learning rates: The α values of a cross-
stitch unit model linear combinations of feature maps. Their initialization in the
range [0, 1] is important for stable learning, as it ensures that values in the output
activation map (after cross-stitch unit) are of the same order of magnitude as the in-
put values before linear combination. We study the impact of different initializations
and learning rates for cross-stitch units in Section 5.5.

Network initialization: Cross-stitch units combine together two networks as shown
in Figure 5.4. However, an obvious question is – how should one initialize the net-
works A and B? We can initialize networks A and B by networks that were trained
on these tasks separately, or have the same initialization and train them jointly.
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5.5 Ablative analysis

We now describe the experimental setup in detail, which is common throughout the
ablation studies.

Datasets and Tasks: For ablative analysis we consider the tasks of semantic
segmentation (SemSeg) and Surface Normal Prediction (SN) on the NYU-v2 [242]
dataset. We use the standard train/test splits from [83]. For semantic segmentation,
we follow the setup from [106] and evaluate on the 40 classes using the standard
metrics from their work

Setup for Surface Normal Prediction: Following [278], we cast the problem of
surface normal prediction as classification into one of 20 categories. For evaluation,
we convert the model predictions to 3D surface normals and apply the Manhattan-
World post-processing following the method in [278]. We evaluate all our methods
using the metrics from [83]. These metrics measure the error in the ground truth
normals and the predicted normals in terms of their angular distance (measured in
degrees). Specifically, they measure the mean and median error in angular distance,
in which case lower error is better (denoted by ‘Mean’ and ‘Median’ error). They
also report percentage of pixels which have their angular distance under a threshold
(denoted by ‘Within t◦’ at a threshold of 11.25◦, 22.5◦, 30◦), in which case a higher
number indicates better performance.

Networks: For semantic segmentation (SemSeg) and surface normal (SN) predic-
tion, we use the Fully-Convolutional Network (FCN 32-s) architecture from [174]
based on CaffeNet [130] (essentially AlexNet [151]). For both the tasks of SemSeg
and SN, we use RGB images at full resolution, and use mirroring and color data
augmentation. We then finetune the network (referred to as one-task network) from
ImageNet [58] for each task using hyperparameters reported in [174]. We fine-tune
the network for semantic segmentation for 25k iterations using SGD (mini-batch size
20) and for surface normal prediction for 15k iterations (mini-batch size 20) as they
gave the best performance, and further training (up to 40k iterations) showed no
improvement. These one-task networks serve as our baselines and initializations for
cross-stitching, when applicable.

Cross-stitching: We combine two AlexNet architectures using the cross-stitch units
as shown in Figure 5.4. We experimented with applying cross-stitch units after every
convolution activation map and after every pooling activation map, and found the
latter performed better. Thus, the cross-stitch units for AlexNet are applied on the
activation maps for pool1, pool2, pool5, fc6 and fc7. We maintain one cross-stitch
unit per ‘channel’ of the activation map, e.g ., for pool1 we have 96 cross-stitch units.
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Table 5.1: Initializing cross-stitch units with different α values, each corresponding to a convex
combination. Higher values for αS indicate that we bias the cross-stitch unit to prefer task specific
representations. The cross-stitched network is robust across different initializations of the units.

Surface Normal Segmentation

Angle
Distance Within t◦

(Lower
Better) (Higher Better) (Higher Better)

(αS, αD) Mean Med. 11.25 22.5 30 pixacc mIU fwIU

(0.1, 0.9) 34.6 18.8 38.5 53.7 59.4 47.9 18.2 33.3
(0.5, 0.5) 34.4 18.8 38.5 53.7 59.5 47.2 18.6 33.8
(0.7, 0.3) 34.0 18.3 38.9 54.3 60.1 48.0 18.6 33.6
(0.9, 0.1) 34.0 18.3 39.0 54.4 60.2 48.2 18.9 34.0

5.5.1 Initializing parameters of cross-stitch units

Cross-stitch units capture the intuition that shared representations can be modeled
by linear combinations [143]. To ensure that values after the cross-stitch operation
are of the same order of magnitude as the input values, an obvious initialization of
the unit is that the α values form a convex linear combination, i.e., the different-task
αD and the same-task αS to sum to one. Note that this convexity is not enforced on
the α values in either Equation 5.1 or 5.2, but serves as a reasonable initialization.
For this experiment, we initialize the networks A and B with one-task networks that
were fine-tuned on the respective tasks. Table 5.1 shows the results of evaluating
cross-stitch networks for different initializations of α values.

5.5.2 Learning rates for cross-stitch units

We initialize the α values of the cross-stitch units in the range [0.1, 0.9], which is
about one to two orders of magnitude larger than the typical range of layer parame-
ters in AlexNet [151]. While training, we found that the gradient updates at various
layers had magnitudes which were reasonable for updating the layer parameters,
but too small for the cross-stitch units. Thus, we use higher learning rates for the
cross-stitch units than the base network. In practice, this leads to faster convergence
and better performance. To study the impact of different learning rates, we again
use a cross-stitched network initialized with two one-task networks. We scale the
learning rates (wrt. the network’s learning rate) of cross-stitch units in powers of 10
(by setting the lr_mult layer parameter in Caffe [130]). Table 5.2 shows the results
of using different learning rates for the cross-stitch units after training for 10k iter-
ations. Setting a higher scale for the learning rate improves performance, with the
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Table 5.2: Scaling the learning rate of cross-stitch units wrt. the base network. Since the cross-stitch
units are initialized in a different range from the layer parameters, we scale their learning rate for
better training.

Surface Normal Segmentation

Angle
Distance Within t◦

(Lower
Better) (Higher Better) (Higher Better)

Scale Mean Med. 11.25 22.5 30 pixacc mIU fwIU

1 34.6 18.9 38.4 53.7 59.4 47.7 18.6 33.5
10 34.5 18.8 38.5 53.8 59.5 47.8 18.7 33.5
102 34.0 18.3 39.0 54.4 60.2 48.0 18.9 33.8
103 34.1 18.2 39.2 54.4 60.2 47.2 19.3 34.0

best range for the scale being 102 − 103. We observed that setting the scale to an
even higher value made the loss diverge.

5.5.3 Initialization of networks A and B

When cross-stitching two networks, how should one initialize the networks A and B?
Should one start with task specific one-task networks (fine-tuned for one task only)
and add cross-stitch units? Or should one start with networks that have not been
fine-tuned for the tasks? We explore the effect of both choices by initializing using
two one-task networks and two networks trained on ImageNet [58, 222]. We train
the one-task initialized cross-stitched network for 10k iterations and the ImageNet
initialized cross-stitched network for 30k iterations (to account for the 20k fine-tuning
iterations of the one-task networks), and report the results in Table 5.3. Task-specific
initialization performs better than ImageNet initialization for both the tasks, which
suggests that cross-stitching should be used after training task-specific networks.

5.5.4 Visualization of learned combinations

We visualize the weights αS and αD of the cross-stitch units for different initializa-
tions in Figure 5.4. For this experiment, we initialize sub-networks A and B using
one-task networks and trained the cross-stitched network till convergence. Each plot
shows (in sorted order) the α values for all the cross-stitch units in a layer (one per
channel). We show plots for three layers: pool1, pool5 and fc7. The initialization
of cross-stitch units biases the network to start its training preferring a certain type
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Table 5.3: We initialize the networks A, B (from Figure 5.4) from ImageNet, as well as task-specific
networks. We observe that task-based initialization performs better than task-agnostic ImageNet
initialization.

Surface Normal Segmentation

Angle
Distance Within t◦

(Lower
Better) (Higher Better) (Higher Better)

Init. Mean Med. 11.25 22.5 30 pixacc mIU fwIU

ImageNet 34.6 18.8 38.6 53.7 59.4 48.0 17.7 33.4
One-task 34.1 18.2 39.0 54.4 60.2 47.2 19.3 34.0

Table 5.4: We show the sorted α values (increasing left to right) for three layers. A higher value of
αS indicates a strong preference towards task specific features, and a higher αD implies preference
for shared representations. More detailed analysis in Section 5.5.4. Note that both αS and αD are
sorted independently, so the channel-index across them do not correspond.

Layer (a) αS = 0.9, αD = 0.1 (b) αS = 0.5, αD = 0.5 (c) αS = 0.1, αD = 0.9

Segmentation Surface Normal Segmentation Surface Normal Segmentation Surface Normal

pool1

0 24 48 72 96
0.5

0.0

0.5

1.0

1.5

αS

αD

0 24 48 72 96
0.5

0.0

0.5

1.0

1.5
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αD

0 24 48 72 96
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0.0

0.5

1.0

1.5
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αD
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1.5

αS
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0.5
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0.5
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1.5
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fc7

0 1024 2048 3072 4096
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0.0

0.5

1.0

1.5

αS

αD
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1.5
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1.5
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0.5

0.0

0.5

1.0

1.5
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αD
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0.5

0.0

0.5

1.0

1.5

αS

αD

0 1024 2048 3072 4096
0.5

0.0

0.5

1.0

1.5

αS

αD

of shared representation, e.g ., (αS, αD) = (0.9, 0.1) biases the network to learn more
task-specific features, while (0.5, 0.5) biases it to share representations. Figure 5.4
(second row) shows that both the tasks, across all initializations, prefer a more task-
specific representation for pool5, as shown by higher values of αS. This is inline
with the observation from Section 5.1.1 that Split conv4 performs best for these two
tasks. We also notice that the surface normal task prefers shared representations as
can be seen by Figure 5.4(b), where αS and αD values are in similar range.
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Figure 5.5: Change in performance for attribute categories over the baseline is indicated by blue
bars. We sort the categories in increasing order (from left to right) by the number of instance
labels in the train set, and indicate the number of instance labels by the solid black line. The
performance gain for attributes with lesser data (towards the left) is considerably higher compared
to the baseline. We also notice that the gain for categories with lots of data is smaller.

5.6 Experiments

We now present experiments with cross-stitch networks for two pairs of tasks: se-
mantic segmentation and surface normal prediction on NYU-v2 [242], and object
detection and attribute prediction on PASCAL VOC 2008 [72, 75]. We use the
experimental setup from Section 5.5 for semantic segmentation and surface normal
prediction, and describe the setup for detection and attribute prediction below.

Dataset, Metrics and Network: We consider the PASCAL VOC 20 classes for
object detection, and the 64 attribute categories data from [75]. We use the PASCAL
VOC 2008 [72, 75] dataset for our experiments and report results using the standard
Average Precision (AP) metric. We start with the recent Fast-RCNN [92] method
for object detection using the AlexNet [151] architecture.

Training: For object detection, Fast-RCNN is trained using 21-way 1-vs-all classi-
fication with 20 foreground and 1 background class. However, there is a severe data
imbalance in the foreground and background data points (boxes). To circumvent this,
Fast-RCNN carefully constructs mini-batches with 1 : 3 foreground-to-background
ratio, i.e., at most 25% of foreground samples in a mini-batch. Attribute predic-
tion, on the other hand, is a multi-label classification problem with 64 attributes,
which only train using foreground bounding boxes. To implement both tasks in
the Fast R-CNN framework, we use the same mini-batch sampling strategy; and in
every mini-batch only the foreground samples contribute to the attribute loss (and
background samples are ignored).

Scaling losses: Both SemSeg and SN used same classification loss for training,
and hence we were set their loss weights to be equal (= 1). However, since object
detection is formulated as 1-vs-all classification and attribute classification as multi-
label classification, we balance the losses by scaling the attribute loss by 1/64.
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Cross-stitching: We combine two AlexNet architectures using the cross-stitch units
after every pooling layer as shown in Figure 5.4. In the case of object detection and
attribute prediction, we use one cross-stitch unit per layer activation map. We found
that maintaining a unit per channel, like in the case of semantic segmentation, led
to unstable learning for these tasks.

5.6.1 Baselines

We compare against four strong baselines for the two pairs of tasks and report the
results in Table 5.5 and 5.6.

Single-task Baselines: These serve as baselines without benefits of multi-task
learning. First we evaluate a single network trained on only one task (denoted
by ‘One-task’) as described in Section 5.5. Since our approach cross-stitches two
networks and therefore uses 2× parameters, we also consider an ensemble of two
one-task networks (denoted by ‘Ensemble’). However, note that the ensemble has
2× network parameters for only one task, while the cross-stitch network has roughly
2× parameters for two tasks. So for a pair of tasks, the ensemble baseline uses ∼ 2×
the cross-stitch parameters.

Multi-task Baselines: The cross-stitch units enable the network to pick an optimal
combination of shared and task-specific representation. We demonstrate that these
units remove the need for finding such a combination by exhaustive brute-force search
(from Section 5.1.1). So as a baseline, we train all possible “Split architectures” for
each pair of tasks and report numbers for the best Split for each pair of tasks.

There has been extensive work in Multi-task learning outside of the computer
vision and deep learning community. However, most of such work, with publicly
available code, formulates multi-task learning in an optimization framework that
requires all data points in memory [37, 74, 102, 159, 252, 300, 301]. Such requirement
is not practical for the vision tasks we consider.

So as our final baseline, we compare to a variant of [1, 302] by adapting their
method to our setting and report this as ‘MTL-shared’. The original method treats
each category as a separate ‘task’, a separate network is required for each category
and all these networks are trained jointly. Directly applied to our setting, this would
require training 100s of ConvNets jointly, which is impractical. Thus, instead of
treating each category as an independent task, we adapt their method to our two-
task setting. We train these two networks jointly, using end-to-end learning, as
opposed to their dual optimization to reduce hyperparameter search.
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Table 5.5: Surface normal prediction and semantic segmentation results on the NYU-v2 [242]
dataset. Our method outperforms the baselines for both the tasks.

Surface Normal Segmentation

Angle
Distance Within t◦

(Lower
Better) (Higher Better) (Higher Better)

Method Mean Med. 11.25 22.5 30 pixacc mIU fwIU

One-task 34.8 19.0 38.3 53.5 59.2 - - -
- - - - - 46.6 18.4 33.1

Ensemble 34.4 18.5 38.7 54.2 59.7 - - -
- - - - - 48.2 18.9 33.8

Split conv4 34.7 19.1 38.2 53.4 59.2 47.8 19.2 33.8

MTL-shared 34.7 18.9 37.7 53.5 58.8 45.9 16.6 30.1

Cross-stitch [ours] 34.1 18.2 39.0 54.4 60.2 47.2 19.3 34.0

5.6.2 Semantic Segmentation and Surface Normal Prediction

Table 5.5 shows the results for semantic segmentation and surface normal predic-
tion on the NYUv2 dataset [242]. We compare against two one-task networks, an
ensemble of two networks, and the best Split architecture (found using brute force
enumeration). The sub-networks A, B (Figure 5.4) in our cross-stitched network are
initialized from the one-task networks. We use cross-stitch units after every pool-
ing layer and fully connected layer (one per channel). Our proposed cross-stitched
network improves results over the baseline one-task networks and the ensemble.
Note that even though the ensemble has 2× parameters compared to cross-stitched
network, the latter performs better. Finally, our performance is better than the
best Split architecture network found using brute force search. This shows that the
cross-stitch units can effectively search for optimal amount of sharing in multi-task
networks.

5.6.3 Data-starved categories for segmentation

Multiple tasks are particularly helpful in regularizing the learning of shared representations[33,
74, 260]. This regularization manifests itself empirically in the improvement of “data-
starved” (few examples) categories and tasks.

For semantic segmentation, there is a high mismatch in the number of labels
per category (see the black line in Figure 5.6). Some classes like wall, floor have
many more instances than other classes like bag, whiteboard etc. Figure 5.6 also
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Figure 5.6: Change in performance (meanIU metric) for semantic segmentation categories over the
baseline is indicated by blue bars. We sort the categories (in increasing order from left to right)
by the number of pixel labels in the train set, and indicate the number of pixel labels by a solid
black line. The performance gain for categories with lesser data (towards the left) is more when
compared to the baseline one-task network.

shows the per-class gain in performance using our method over the baseline one-task
network. We see that cross-stitch units considerably improve the performance of
“data-starved” categories (e.g ., bag, whiteboard).

5.6.4 Object detection and attribute prediction

We train a cross-stitch network for the tasks of object detection and attribute predic-
tion. We compare against baseline one-task networks and the best split architectures
per task (found after enumeration and search, Section 5.1.1). Table 5.6 shows the
results for object detection and attribute prediction on PASCAL VOC 2008 [72, 75].
Our method shows improvements over the baseline for attribute prediction. It is
worth noting that because we use a background class for detection, and not at-
tributes (described in ‘Scaling losses’ in Section 5.6), detection has many more data
points than attribute classification (only 25% of a mini-batch has attribute labels).
Thus, we see an improvement for the data-starved task of attribute prediction. It is
also interesting to note that the detection task prefers a shared representation (best
performance by Split fc7), whereas the attribute task prefers a task-specific network
(best performance by Split conv2).

5.6.5 Data-starved categories for attribute prediction

Following a similar analysis to Section 5.6.3, we plot the relative performance of
our cross-stitch approach over the baseline one-task attribute prediction network in
Figure 5.5. The performance gain for attributes with smaller number of training
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Table 5.6: Object detection and attribute prediction results on the attribute PASCAL [75] 2008
dataset

Method Detection
(mAP)

Attributes
(mAP)

One-task 44.9 -
- 60.9

Ensemble 46.1 -
- 61.1

Split conv2 44.6 61.0
Split fc7 44.8 59.7

MTL-shared 42.7 54.1

Cross-stitch [ours] 45.2 63.0

examples is considerably large compared to the baseline (4.6% and 4.3% mAP for
the top 10 and 20 attributes with the least data respectively). This shows that
our proposed cross-stitch method provides significant gains for data-starved tasks by
learning shared representations.

Conclusion. We present cross-stitch units which are a generalized way of learning
shared representations for multi-task learning in ConvNets. Cross-stitch units model
shared representations as linear combinations, and can be learned end-to-end in
a ConvNet. These units generalize across different types of tasks and eliminate
the need to search through several multi-task network architectures on a per task
basis. We show detailed ablative experiments to see effects of hyperparameters,
initialization etc. when using these units. We also show considerable gains over the
baseline methods for data-starved categories. Studying other properties of cross-
stitch units, such as where in the network should they be used and how should their
weights be constrained, is an interesting future direction.
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Chapter 6

CONTEXTUAL PRIMING & FEEDBACK VIA SEMANTIC SEGMENTA-
TION

6.1 Introduction

The field of object detection has changed drastically over the past few years. We have
moved from manually designed features [53, 78] to learned ConvNet features [93, 117,
151, 244]; from the original sliding window approaches [78, 274] to region propos-
als [92, 93, 101, 214, 280]; and from pipeline based frameworks such as Region-based
CNN (R-CNN) [93] to more end-to-end learning frameworks such as Fast [92] and
Faster R-CNN [214]. The performance has continued to soar higher, and things have
never looked better. There seems to be a growing consensus – powerful representa-
tions learned by ConvNets are well suited for this task, and designing and learning
deeper networks lead to better performance.

Most recent gains in the field have come from bottom-up, feedforward framework
of ConvNets. On the other hand, in the case of human visual system, the number
of feedback connections significantly outnumber the feedforward connections. In
fact, many behavioral studies have shown the importance of context and top-down
information for the task of object detection. This raises a few important questions –
Are we on the right path as we try to develop deeper and deeper, but only feedforward
networks? Is there a way we can bridge the gap between empirical results and theory,
when it comes to incorporating top-down information, feedback and/or contextual
reasoning in object detection?

This chapter investigates how we can break the feedforward mold in current
detection pipelines and incorporate context, feedback and top-down information.
Current detection frameworks have two components: the first component generates
region proposals and the second classifies them as an object category or background.
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These region proposals seem to be beneficial because (a) they reduce the search space;
and (b) they reduce false positives by focusing the ‘attention’ in right areas. In fact,
this is in line with the psychological experiments that support the idea of priming
(although note that while region proposals mostly use bottom-up segmentation [6,
101], top-down context provides the priming in humans [183, 269, 284]). So, as a
first attempt, we propose to use top-down information in generating region proposals.
Specifically, we add segmentation as a complementary task and use it to provide top-
down information to guide region proposal generation and object detection. The
intuition is that semantic segmentation captures contextual relationships between
objects (e.g ., support, likelihood, size etc. [18]), and will essentially guide the region
proposal module to focus attention in the right areas and learn detectors from them.

But contextual priming using top-down attention mechanism is only part of the
story. In case of humans, the top-down information provides feedback to the whole
visual pathway (as early as V1 [126, 150]). Therefore, we further explore providing
top-down feedback to the entire network in order to modulate feature extraction
in all layers. This is accomplished by providing the semantic segmentation output
as input to different parts of the network and training another stage of our model.
The hypothesis is that equipping the network with this top-down semantic feedback
would guide the visual attention of feature extractors to the regions relevant for the
task at hand.

To summarize, we propose to revisit the architecture of a current state-of-the-art
detector (Faster R-CNN [214]) to incorporate top-down information, feedback and
contextual information. Our new architecture includes:

• Semantic Segmentation Network: We augment Faster R-CNN with a se-
mantic segmentation network. We believe this segmentation can be used to
provide top-down feedback to Faster R-CNN (as discussed below).

• Contextual Priming via Semantic Segmentation: In Faster R-CNN,
both region proposal and object detection modules are feedforward. We pro-
pose to use semantic segmentation to provide top-down feedback to these mod-
ules. This is analogous to contextual priming; in this case top-down semantic
feedback helps propose better regions and learn better detectors.

• Iterative Top-Down Feedback: We also propose to use semantic segmen-
tation to provide top-down feedback to low-level filters, so that they become
better suited for the detection problem. In particular, we use segmentation as
an additional input to lower layers of a second round of Faster R-CNN.
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6.2 Related Work

Object detection was once dominated by the sliding window search paradigm [78,
274]. Soon after the resurgence of ConvNets for image classification [58, 151, 162],
there were attempts at using this sliding window machinery with ConvNets [71, 232,
256]; but a key limitation was the computational complexity of brute-force search.

As a consequence, there was major paradigm shift in detection which completely
bypassed the exhaustive search in favor of region-based methods and object pro-
posals [3, 3, 6, 31, 69, 101, 270, 306]. By reducing the search space, it allowed
us to use sophisticated (both manually designed [47, 82, 280] and learned Con-
vNet [15, 93, 113, 114, 118, 174, 214]) features. Moreover, this also helped focus the
attention of detectors to regions well supported by perceptual structures in the im-
age. However, recently, Faster R-CNN [214] showed that even these region proposals
can be generated by using ConvNet features. It removed segmentation from proposal
pipeline by training a small network on top of ConvNet features that proposes a few
object candidates. This raises an important question: Do ConvNet features already
capture the structure that was earlier given by segmentation or does segmentation
provide complementary information?

To answer this, we study the impact of using semantic segmentation in the
region proposal and object detection modules of Faster R-CNN [214]. In fact, there
has been a lot of interest in using segmentation in tandem with detection [41, 47,
64, 82]; e.g ., Fidler et al . [82] proposed to use segmentation proposals as additional
features for DPM detection hypothesis. In contrast, we propose to use semantic
segmentation to guide/prime the region proposal generation itself. There is ample
evidence of the importance of similar top-down contextual priming in the human
visual system [57, 183], and its utility in reducing areas to focus our attention on for
recognizing objects [269, 284].

This prevalence and success of region proposals is only part of the story. An-
other key ingredient is the powerful ConvNet features [117, 151, 244]. ConvNets
are multi-layered hierarchical feature extractors, inspired by visual pathways in hu-
mans [77, 150]. But so far, our focus has been on designing deeper [117, 244] feed-
forward architectures, even when there is a broad agreement on the importance of
feedback connections [46, 91, 126] and limitations of purely feedforward recogni-
tion [157, 287] in human visual systems. Inspired by this, we investigate how can
we start incorporating top-down feedback in our current object detection architec-
tures. There have been attempts earlier at exploiting feedback mechanisms; some
well known examples are auto-context [268] and inference machines [218]. These
iteratively use predictions from a previous iteration to provide contextual features
to the next round of processing; however they do not trivially extend to ConvNet
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architectures. Closest to our goal are the contemporary works on using feedback to
learn selective attention [187, 251] and using top-down iterative feedback to improve
at a task at hand [32, 87, 165]. In this work, we additionally explore using top-down
feedback from one task to another.

The discussion on using global top-down feedback to contextually prime object
recognition is incomplete without relating it to ‘context’ in general, which has a
long history in cognitive neuroscience [18, 122, 125, 183, 196, 197, 269, 284] and
computer vision [61, 86, 190, 211, 264, 265, 266, 293]. It is widely accepted that
human visual inference of objects is heavily influenced by ‘context’, be it contextual
relationships [18, 122], priming for focusing attention [183, 269, 284] or importance
of scene context [57, 125, 196, 197]. These ideas have inspired lot of computer
vision research (see [61, 86] for survey). However, these approaches seldom lead to
strong empirical gains. Moreover, they are mostly confined to weaker visual features
(e.g ., [53]) and have not been explored much in ConvNet-based object detectors.

For region-based ConvNet object detectors, simple contextual features are slowly
becoming popular; e.g ., computing local context features by expanding the re-
gion [90, 188, 189, 305], using other objects (e.g ., people) as context [108] and using
other regions [95]. In comparison, the use of context has been much more popular
for semantic segmentation. E.g ., CRFs are commonly used to incorporate context
and post-process segmentation outputs [38, 231, 299] or to jointly reason about re-
gions, segmentation and detection [154, 305]. More recently, RNNs have also been
employed to either integrate intuitions from CRFs [169, 204, 299] in end-to-end learn-
ing systems or to capture context outside the region [15]. But empirically, at least
for detection, such uses of context have mostly given feeble gains.

6.3 Preliminaries: Faster R-CNN

We first describe the two core modules of the Faster R-CNN [214] framework (Fig-
ure 6.1). The first module takes an image as input and proposes rectangular regions
of interest (RoIs). The second module is the Fast R-CNN [92] (FRCN) detector that
classifies these proposed regions. In this chapter, both modules use the VGG16 [244]
network, which has 13 convolutional (conv) and 2 fully connected (fc) layers. Both
modules share all conv layers and branch out at conv5_3. Given an arbitrary sized
image, the last conv feature map (conv5_3) is used as input to both the modules as
described below.

Region Proposal Network (RPN). The region proposal module (Figure 6.1(left)
in green) is a small fully convolutional network that operates on the last feature
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Figure 6.1: Faster R-CNN. (left) Overview of Region Proposal Network (RPN) and RoI classification
and box regression. (right) Shorthand diagram of Faster R-CNN.

map and outputs a set of rectangular object proposals, each with a score. RPN is
composed of a conv layer and 2 sibling fc layers. The conv layer operates on the
input feature map to produce a D-dim. output at every spatial location; which is then
fed to two fc layers – classification (cls) and box-regression (breg). At each spatial
location, RPN considers k candidate boxes (anchors) and learns to classify them as
either foreground or background based on their IOU overlap with the ground-truth
boxes. For foreground boxes, breg layer learns to regress to the closest ground-truth
box. A typical setting is D = 512 and k = 9 (3 scales, 3 aspect-ratios) (see [214] for
details).

Using RPN regions in FRCN. For training the Fast R-CNN (FRCN) module,
a mini-batch is constructed using the regions from RPN. Each region in the mini-
batch is projected onto the last conv feature map and a fixed-length feature vector
is extracted using RoI-pooling [92, 118]. Each feature is then fed to two fc layers,
which finally give two outputs: (1) a probability distribution over object classes and
background; and (2) regressed coordinates for box re-localization. An illustration is
shown in Figure 6.1(left) in blue.

Training Faster R-CNN. Both RPN and FRCN modules of Faster R-CNN are
trained by minimizing the multi-task loss (for classification and box-regression)
from [92, 214] using mini-batch SGD. To construct a mini-batch for RPN, 256 an-
chors are randomly sampled with 1 : 1 foreground to background ratio; and for
FRCN, 128 proposals are sampled with 1 : 3 ratio. We train both modules jointly
using the ‘approximate joint training’. For more details, refer to [92, 93, 214, 240].

Given an image during training, a forward pass through all the conv layers
produces conv5_3 feature map. RPN operates on this feature to propose two sets of
regions, one each for training RPN and FRCN. Independent forward-backward passes
are computed for RPN and FRCN using their region sets, gradients are accumulated
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at conv5_3 and back-propagated through the conv layers.

Why Faster R-CNN? Apart from being the current state-of-the-art object de-
tector, Faster R-CNN is also the first framework that learns where to guide the
‘attention’ of an object detector along with the detector itself. This end-to-end
learning of proposal generation and object detection provides a principled testbed
for studying the proposed top-down contextual feedback mechanisms.

In the following sections, we first describe how we add a segmentation module
to Faster R-CNN (Section 6.4.1) and then present how we use segmentation for
top-down contextual priming (Section 6.4.2) and iterative feedback (Section 6.4.3).

6.4 Our Approach

We propose to use semantic segmentation as a top-down feedback signal to the RPN
and FRCN modules in Faster R-CNN, and iteratively to the entire network. We
argue that a raw semantic segmentation output is a compact signal that captures the
desired contextual information such as relationships between objects (Section 6.2)
along with global structures in the image, and hence is a good representation for
top-down feedback.

6.4.1 Augmenting Faster R-CNN with Segmentation

The first step is to augment Faster R-CNN framework with an additional segmen-
tation module. This module should ideally: 1) be fast, so that we do not give
up the speed advantages of [92, 214]; 2) closely follow the network used by Faster
R-CNN (VGG16 in this chapter), for easy integration; and 3) use minimal (prefer-
ably no) post-processing, so that we can train it jointly with Faster R-CNN. Out of
several possible architectures [10, 38, 172, 174, 299], we choose the ParseNet archi-
tecture [172] because of the simplicity.

ParseNet [172] is a fully convolutional network [174] for segmentation. It is
fast because it uses filter rarefication technique (a-trous algorithm) from [38]. Its
architecture is similar to VGG16. Moreover, it uses no post-processing; and instead
adds an average pooling layer to incorporate global context; which is shown to have
similar benefits to using CRFs [38, 169].

Architecture details. An overview is shown in Figure 6.2(a). The key difference
from standard VGG16 is that the pooling after conv4_3 (pool4seg) does no down-
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sampling, as opposed to the standard pool4 which down-samples by a factor of 2.
After the conv5 block, it has two 1×1 conv layers with 1024 channels applied with
a filter stride [38, 172]. Finally, it has a global average pooling step which given
the feature map of after any layer (H×W×D) computes its spatial average (1×1×D)
and ‘unpools’ the features. Both source and its average feature maps are normalized
and used to predict per-pixel labels. These outputs are then fused and a 8× deconv
layer is used to produce the final output.

Faster R-CNN with Segmentation – A Multi-task setup

In the joint network (Figure 6.2(b)), both the Faster R-CNN modules and the seg-
mentation module share the first 10 conv layers (conv1_1 - conv4_3) and differ pool4
onwards. For the segmentation module, we branch out pool4seg layer with stride of
1 and add the remaining ParseNet layers (conv5_1 to deconv)(Figure 6.2). The final
architecture is a multi-task setup [186], which produces both semantic segmentation
and object detection outputs simultaneously.

Training details. Now that we have a joint architecture, we can train segmentation,
RPN and detection modules by minimizing a multi-task loss. However, there are
some key issues: 1) Faster R-CNN can operate on an arbitrary sized input image,
whereas ParseNet requires a fixed 500×500 image. In this joint framework, our
segmentation module is adapted to handle arbitrary sized images; 2) Faster R-CNN
and ParseNet are trained using very different set of hyperparameters (e.g ., learning
rate schedule, batch-size etc.); and neither set of parameters is optimal for the other.
So for joint training, we modify the hyperparameters of segmentation module and
shared layers. Details on these design decisions and analysis of their impact will be
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presented in Section 6.5.2.

This Faster R-CNN + Segmentation framework serves as the base model on top
of which we add top-down contextual feedback. We will also use this multi-task
model as our primary baseline (Base-MT) as it is trained using both segmentation
and detection labels but does not have contextual feedback.

6.4.2 Contextual Priming via Segmentation

We propose to use semantic segmentation as top-down feedback to the region pro-
posal and object detection modules of our base model. We argue that segmentation
captures contextual information which will ‘prime’ the region proposal and object
detection modules to propose better regions and learn better detectors.

In our base multi-task model, the Faster R-CNN modules operate on the conv
feature map from the shared network. To contextually prime these modules, their
input is modified to be a combination of aforementioned conv features and the
segmentation output. Both modules can now learn to guide their operations based
on the semantic segmentation of an image – it can learn to ignore background regions,
find smaller objects or find large occluded objects (e.g ., tables) etc. Specifically, we
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take the raw segmentation output and append it to the conv4_3 feature. The conv5
block of filters operate on this new input (‘seg+conv4_3’) and their output is input
to the individual Faster R-CNN modules. Hence, a top-down feedback signal from
segmentation ‘primes’ both Faster R-CNN modules. However, because of the RoI-
pooling operation, the detection module only sees the segmentation signal local to
a particular region. To provide a global context to each region, we also append
segmentation to the fixed-length feature vector (‘seg+pool5’) before feeding it to
fc6. Overview in Figure 6.3(a).

This entire system (three modules with connections between them) is trained
jointly. After a forward pass through the shared conv layers and the segmenta-
tion module, their outputs are used as input to both Faster R-CNN modules. A
forward-backward pass is performed for both RPN and FRCN. Next, the segmen-
tation module does a backward pass using the gradients from its loss and from the
other modules. Finally, gradients are accumulated at conv4_3 from all three modules
and backward pass is performed for the shared conv layers.

Architecture details. Given an (HI × WI × 3) input, the conv4_3 produces a
(Hc × Wc × 512) feature map, where (Hc, Wc) ≈ (HI/8, WI/8). Using this feature map,
the segmentation module produces a (HI × WI × (K + 1)) output, which is a pixel-
wise probability distribution over K + 1 classes. We ignore the background class
and only use (HI × WI × K) output, which we refer to as S. Now, S needs to be
combined with conv4_3 feature for the Faster R-CNN modules and each region’s
(7× 7× K)-dim. pool5 feature map for FRCN, but there are 2 issues: 1) spatial di-
mensions of S does not match either, and 2) feature values from different layers are
at drastically different scales [172]. To deal with the spatial dimension mis-match,
we utilize the RoI/spatial-pooling layer from [92, 118]: We maxpool S using an adap-
tive grid to produce two outputs Sc and Sp, which have the same spatial dimensions
as conv4_3 and pool5 respectively. Now, we normalize and scale Sc to ScN and Sp
to SpN, such that their L2-norm [172] is of the same scale as the per-channel L2-
norm of their corresponding features (conv4_3 and pool5 respectively). Now, we
append ScN to conv4_3 and the resulting (Hc × Wc × (512 + K)) feature is the input
for Faster R-CNN. Finally, we append SpN with each region’s pool5 and the resulting
(7× 7× (512 + K)) feature is the input for fc6 of FRCN. This network architecture
is trained from a VGG16 initialized base model; and the additional K channels in
conv5_3 and fc6 are initialized randomly using [97, 244]. Refer to Figure 6.3(a) for
an overview.
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6.4.3 Iterative Feedback via Segmentation

The architecture proposed in the previous section provides top-down semantic feed-
back and modulates only the Faster R-CNN module. We also propose to provide
top-down information to the whole network, especially the shared conv layers, to
modulate low-level filters. The hypothesis is that this feedback will help the ear-
lier conv layers to focus on areas likely to have objects. We again build from the
Base-MT model (Section 6.4.1).

This top-down feedback is iterative in nature and will pass from one instanti-
ation of our base model to another. To provide this top-down feedback, we take
the raw segmentation output of our base model (Stage-1) and append it to the in-
put of the conv layer to be modulated in the second model instance (Stage-2) (see
Figure 6.3(b)). E.g ., to modulate the first conv layer of Stage-2, we append the
Stage-1 segmentation signal to the input image, and use this combination as the
new input to conv1_1. This feedback mechanism is trained stage-wise: the Stage-1
model (Base-MT) is trained first; and then it is frozen and only the Stage-2 model
is trained. This iterative feedback is similar to [32, 165]; the key difference being
that they only focus on iteratively improving the same task, whereas in this work,
we also use feedback from one task to improve another.

Architecture details. Given the pixel-wise probability output of the Stage-1 seg-
mentation module, the background class is ignored and the remaining output (S) is
used as the semantic feedback signal. Again, S needs to be resized, rescaled and/or
normalized to match the spatial dimensions and the feature values scale of the input
to various conv layers. To append with the input image, S is re-scaled and centered
element-wise to lie in [−127, 128]. This results in a new (HI × WI × (3 + K)) input
for conv1_1. To modulate conv2_1, conv3_1 and conv4_1, we maxpool and L2-
normalize S to match the spatial dimensions and the feature value scales of pool1,
pool2 and pool3 features respectively (similar to Section 6.4.2). The filters corre-
sponding to additional K channels in conv1_1, conv2_1, conv3_1 and conv4_1 are
initialized using [97].

6.4.4 Joint Model

So far, given our multi-task base model, we have proposed a top-down feedback for
contextual priming of region proposal and object detection modules and an iterative
top-down feedback mechanism to the entire architecture. Next, we put these two
pieces together in a single joint framework. Our final model is a 2-unit model: each
individual unit being the contextual priming model (from Section 6.4.2), and both
units being connected for iterative top-down feedback (Section 6.4.3). We train this
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2-unit model stage-wise (Section 6.4.3). Architecture details of the joint model follow
from Section 6.4.2 and 6.4.3 (see Figure 6.3(c)).

Through extensive evaluation, presented in the following sections, we show that:
1) individually, both contextual priming and iterative feedback models are effective
and improve performance; and 2) the joint model is better than both individual
models, indicating their complementary nature. We would like to highlight that our
method is fairly general – both segmentation and detection modules can easily utilize
newer network architectures (e.g ., [10, 117]).

6.5 Experiments

We conduct experiments to better understand the impact of contextual priming and
iterative feedback; and provide ablation analysis of various design decisions. Our
implementation uses the Caffe [130] library.

6.5.1 Experimental setup

For ablation studies, we use the multi-task setup from Section 6.4.1 as our baseline
(Base-MT). We also compare our method to Faster R-CNN [214] and ParseNet [172]
frameworks. For quantitative evaluation, we use the standard mean average preci-
sion (mAP) [72] metric for object detection and mean intersection-over-union metric
(mIOU) [72, 92] for segmentation.

Datasets. All models in this section are trained on the PASCAL VOC12 [72]
segmentation set (12S), augmented with the extra annotations (A) from [111] as
is standard practice. Results are analyzed on VOC12 segmentation val set. For
analysis, we chose the segmentation set, and not detection, because all images have
both segmentation and bounding-box annotations; this helps us isolate the effects of
using segmentation as top-down semantic feedback without worrying about missing
segmentation labels in the standard detection split. Results on the standard splits
will be presented in Section 6.6.

6.5.2 Base Model – Augmenting Faster R-CNN with Segmentation

Faster R-CNN and ParseNet both use mini-batch SGD for training, however, they
follow different training methodologies. We first describe the implementation details
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Table 6.1: Ablation analysis of modifying ParseNet training methodology (Section 6.5.2).

Notes Input
dim.

Learning Rates (LR) Batch-
size

#iter Normalize
Loss?

mIOU
(12S val)Base LR Layer LR LR Policy

1) [172] (Original ParseNet) 500×500 10−8 1 poly 8 20k N 69.6
2) Reproducing [172]‡ (ParseNet) 500×500 10−8 1 poly 8 20k N 68.2
3) Faster R-CNN LR-policy, Norm. Loss 500×500 10−3 1 step 8 20k Y 68.5
4) Faster R-CNN batch-size, new LR 500×500 2.5×10−4 1 step 2 80k Y 67.8
5) Faster R-CNN Base-LR 500×500 10−3 0.25 step 2 80k Y 67.8
6) Faster R-CNN input dim. (ParseNet∗) [600×1000]† 10−3 0.25 step 2 80k Y 66

†min dim. is 600, max dim. capped at 1000.‡https://github.com/weiliu89/caffe/tree/fcn

and design decisions adopted to augment the segmentation module to Faster R-CNN
and report baseline performances.

ParseNet Optimization. ParseNet is trained for 20k SGD iterations using an
effective mini-batch of 8 images, an initial learning rate (LR) of 10−8 and polynomial
LR decay policy. Compare this to Faster R-CNN, which is trained for 70k SGD
iterations with a mini-batch size of 2, 10−3 initial LR and step LR decay policy
(step at 50k). Since we are augmenting Faster R-CNN, we try to adapt ParseNet’s
optimization. On the 12S val set, [172] reports 69.6% (we achieved 68.2% using the
released code, Table 6.1(1-2)). We will refer to the latter as ParseNet throughout.
Similar to [174], ParseNet does not normalize the Softmax loss by number of valid
pixels. But to train with Faster R-CNN in a multi-task setup, all losses need to
have similar magnitude; so, we normalize the loss of ParseNet and modify the LR
accordingly. Next, we change the LR decay policy from polynomial to step (step at
12.5k) to match that of Faster R-CNN. These changes result in similar performance
(+0.3 points, Table 6.1(2-3)). We now reduce the batch size to 2 and adjust the LR
appropriately (Table 6.1(4)). To keep the base LR of Faster R-CNN and ParseNet
same, we change it to 10−3 and modify the LR associated with each ParseNet layer
to 0.25, thus keeping the same effective LR for ParseNet (Table 6.1(4-5)).

Training data. ParseNet re-scales the input images and their segmentation labels
to a fixed size (500×500), thus ignoring the aspect-ratio. On the other hand, Faster
R-CNN maintains the aspect-ratio and re-scales the input images such that their
shorter side is 600 pixels (and the max dim. is capped at 1000). We found that
ignoring the aspect-ratio drops Faster R-CNN performance and maintaining it drops
the performance of ParseNet (−1.8 points, Table 6.1(5-6)). Because our main task
is detection, we opted to use Faster R-CNN strategy, and treat the new ParseNet
(ParseNet∗) as the baseline for our base model.

Base Model Optimization. Following the changes mentioned above, our base
model uses these standardized parameters: batch size of 2, 10−3 base LR, step decay
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Table 6.2: Detection results on VOC 2012 segmentation val set. All methods use
VOC12S+A training set (Section 6.5.1). Legend: S: uses segmentation labels (Section 6.4.1),
P: contextual priming (Section 6.4.2), F: iterative feedback (Section 6.4.3)

method S P F mAP aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv

Fast R-CNN [92] 71.6 88.2 79.7 83.6 62.8 42.3 84.0 69.4 87.5 41.5 73.7 57.4 84.7 77.7 85.8 75.8 35.3 73.1 67.7 85.0 76.3

Faster R-CNN [214] 75.3 92.3 80.9 86.7 65.4 49.3 87.1 78.2 89.7 42.7 79.8 61.4 87.4 82.8 89.4 82.2 46.1 78.2 64.6 86.8 75.6

Base-MT (sec. 6.4.1) X 75.6 93.0 82.5 88.1 70.2 47.2 86.5 76.5 89.3 47.7 78.3 56.4 88.0 80.2 88.9 80.7 43.6 81.5 67.9 89.4 75.2

Ours (priming, sec. 6.4.2) X X 77.0 91.1 82.3 85.3 70.8 47.5 90.3 75.2 90.9 46.0 82.3 65.6 88.0 83.3 91.2 81.0 49.6 81.0 69.8 92.1 76.0

Ours (feedback, sec. 6.4.3) X X 77.3 90.7 82.9 90.4 70.3 51.2 89.7 77.0 91.7 49.9 81.4 66.9 87.8 81.1 90.3 82.2 50.4 79.2 70.2 85.9 76.9

Ours (joint, sec. 6.4.4) X X X 77.8 89.8 83.8 84.0 72.1 54.2 92.0 75.5 91.2 53.6 82.1 69.8 85.7 81.7 92.4 82.5 49.9 76.2 72.5 89.3 78.4

Table 6.3: Segmentation results on VOC 2012 segmentation val set. All methods use
VOC12S+A training set (Section 6.5.1). Legend: S: uses segmentation labels, P: contextual prim-
ing, F: iterative feedback

method S P F mIOU bg aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv

ParseNet (Table 6.1(2)) X 68.2 92.3 86.9 38.4 77.1 66.4 66.5 83.0 80.9 82.5 31.0 72.9 49.5 71.4 73.9 76.7 79.3 47.9 73.3 40.3 78.3 63.6

ParseNet∗ (Table 6.1(6)) X 66.0 91.7 85.2 36.8 73.2 64.0 60.8 82.4 76.9 81.8 30.4 65.4 51.3 69.6 73.5 75.4 78.2 43.9 71.3 38.9 79.3 56.2

Base-MT (sec. 6.4.1) X 65.8 91.6 84.3 37.1 71.5 63.8 60.8 82.3 74.8 80.3 30.8 68.7 48.8 71.4 75.7 73.8 77.7 42.8 70.1 39.1 79.9 56.4

Ours (priming, sec. 6.4.2) X X 65.3 91.5 85.1 36.4 73.3 64.0 60.4 81.4 75.1 81.8 31.7 64.8 48.8 69.0 73.7 73.4 77.1 41.6 69.9 38.4 78.1 55.5

Ours (feedback, sec. 6.4.3) X X 69.5 92.8 87.3 39.4 76.9 66.7 68.1 86.9 80.6 86.4 33.4 68.1 50.9 71.8 80.1 77.3 81.3 48.6 73.3 42.0 82.8 65.5

Ours (joint, sec. 6.4.4) X X X 69.6 92.9 88.5 39.4 78.1 66.9 69.1 84.5 79.8 84.9 37.8 69.2 50.5 71.4 79.7 77.5 81.3 47.1 74.2 43.4 80.1 65.0

policy (step at 50k), LR of 0.25 for segmentation and shared conv layers, and 80k
SGD iterations. This model serves as our multi-task baseline (Base-MT).

Baselines. For comparison, re-train Fast [92] and Faster R-CNN [214] on VOC
12S+A training set. Results of the Base-MT model for detection and segmentation
are reported in Table 6.2 and 6.3 respectively. Performance increases by 0.3 mAP on
detection and drops by 0.1 mIOU on segmentation. This will serve as our primary
baseline.

6.5.3 Contextual Priming

We evaluate the effects of using segmentation as top-down semantic feedback to
the region proposal generation and object detection modules. We follow the same
optimization hyperparameters as the Base-MT model, and report the results in Ta-
ble 6.2 and 6.3. Table 6.2 shows that providing top-down feedback via priming to
the Faster R-CNN modules improves its detection performance by 1.4 points over
the Base-MT model and 1.7 points over Faster R-CNN. Results in Table 6.3 show
that performance of segmentation drops slightly when it is used for priming.

Design Evaluation. In Table 6.4(left), we report the impact of providing seg-
mentation signal to different modules. We see that just priming conv5_1 gives a
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Table 6.4: Analation analysis of Contextual Priming and Iterative Feedback on VOC 12S val set.
All methods use VOC 12S+A train set for training. (left) Evaluating Priming different layers.
(right) Evaluating Iterative Feedback design decisions.

mAP mIOU
Base-MT 75.6 65.8
Priming conv5_1 76.6 65.8
Priming conv5_1, each fc6 77.0 65.3

Stage-2 Init. mAP mIOU
Base-MT - 75.6 65.8

Iterative Feedback to conv1_1
ImageNet 76.5 69.3
Stage-1 76.3 69.3

Iterative Feedback to conv{1,2,3,4}_1
ImageNet 76.3 69.1
Stage-1 77.3 69.5

1 point boost over Bast-MT and adding the segmentation signal to each individual
region (‘seg+pool5’ to fc6) gives another 0.4 points boost. It is interesting that
the segmentation performance is not affected when priming conv5_1, but it drops
by 0.5 mIOU when we prime each region. Our hypothesis is that gradients accu-
mulated from all regions in the mini-batch start overpowering the gradients from
segmentation. To deal with this, methods like [186] can be used in the future.

6.5.4 Iterative Feedback

Next we study the impact of giving iterative top-down semantic feedback to the entire
network. In this 2-unit setup, the first unit (Stage-1) is a trained Base-MT model and
the second unit (Stage-2) is a Stage-1 initialized Base-MT model. During inference,
we have the option of using the outputs from both units or just the Stage-2 unit.
Given that segmentation is used as feedback, it is supposed to self-improve across
units, therefore we use the Stage-2 output as our final output (similar to [32, 165]).
For detection, we combine the outputs from both units; because the Stage-2 unit
is modulated by segmentation, and the first unit is not, hence both might focus on
different regions.

This iterative feedback improves the segmentation performance (Table 6.3) by
3.7 points over Base-MT (3.5 points over ParseNet∗). For detection, it improves
over the Base-MT model by 1.7 points (2 points over Faster R-CNN) (Table 6.2).

Design Evaluation. We study the impact of: (1) varying the degree of feedback to
the Stage-2 unit, and (2) different Stage-2 initializations. In Table 6.4(right), we see
that when initializing the Stage-2 unit with an ImageNet trained network, varying
iterative feedback does not have much impact; however, when initializing with a
Stage-1 model, providing more feedback leads to better performance. Specifically,
iterative feedback to all shared conv layers improves both detection and segmentation
by 1.7 mAP and 3.7 mIOU respectively, as opposed to feedback to just conv1_1
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Table 6.5: Detection results on VOC 2007 detection test set. All methods are trained on
union of VOC07 trainval and VOC12 trainval

method S mAP aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv

Fast R-CNN [92] 70.0 77.0 78.1 69.3 59.4 38.3 81.6 78.6 86.7 42.8 78.8 68.9 84.7 82.0 76.6 69.9 31.8 70.1 74.8 80.4 70.4

Faster R-CNN [214] 73.2 76.5 79.0 70.9 65.5 52.1 83.1 84.7 86.4 52.0 81.9 65.7 84.8 84.6 77.5 76.7 38.8 73.6 73.9 83.0 72.6

Base-MT X 74.7 78.4 79.3 75.9 63.2 56.8 85.9 85.4 88.4 54.9 83.9 68.6 84.6 85.6 78.5 78.1 41.3 74.6 74.8 84.0 72.4

Ours (joint) X 76.4 79.3 80.5 76.8 72.0 58.2 85.1 86.5 89.3 60.6 82.2 69.2 87.0 87.2 81.6 78.2 44.6 77.9 76.7 82.4 71.9

Table 6.6: Detection results on VOC 2012 detection test set. All methods are trained on
union of VOC07 trainval, VOC07 test and VOC12 trainval

method S mAP aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv

Fast R-CNN [92] 68.4 82.3 78.4 70.8 52.3 38.7 77.8 71.6 89.3 44.2 73.0 55.0 87.5 80.5 80.8 72.0 35.1 68.3 65.7 80.4 64.2

Faster R-CNN [214] 70.4 84.9 79.8 74.3 53.9 49.8 77.5 75.9 88.5 45.6 77.1 55.3 86.9 81.7 80.9 79.6 40.1 72.6 60.9 81.2 61.5

Base MT X 71.1∧ 84.2 80.9 73.1 55.1 50.6 78.2 75.6 89.0 48.6 76.7 54.8 87.6 82.5 83.0 80.0 41.7 74.2 60.7 81.4 63.1

Ours (joint) X 72.6♦ 84.0 81.2 75.9 60.4 51.8 81.2 77.4 90.9 50.2 77.6 58.7 88.4 83.6 82.0 80.4 41.5 75.0 64.2 82.9 65.1

∧http://host.robots.ox.ac.uk:8080/anonymous/RUZFQC.html, ♦http://host.robots.ox.ac.uk:8080/anonymous/YFSUQA.html

(as in [32, 165]) which results in lower gains (Table 6.4,right). Our hypothesis is
that iterative feedback to a Stage-1 initialized unit allows the network to correct its
mistakes and/or refine its predictions; therefore, providing more feedback leads to
better performance.

6.5.5 Joint Model

Finally, we evaluate our joint 2-unit model, where each unit is a model with con-
textual priming, and both units are connected via segmentation feedback. In this
setup, a trained contextual priming model is used as the Stage-1 unit as well as the
initialization for the Stage-2 unit. We remove the dropout layers from Stage-2 unit.
Inference follows the procedure described in Section 6.5.4.

As shown in Table 6.2, for detection, the joint model achieves 77.8% mAP
(+2.2 points over Base-MT and +2.5 points over Faster R-CNN), which is better
than both priming only and feedback only models. This suggests that both forms
of top-down feedback are complementary for object detection. The segmentation
performance (Table 6.3) is similar to the feedback only model, which is expected
since in both cases, the segmentation module receives similar feedback.
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Table 6.7: Segmentation results on VOC 2012 segmentation test set. All methods
are trained on union of VOC07 trainval, VOC07 test and VOC12 trainval

method S mIOU bg aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv

Base MT X 66.4∧ 91.3 82.0 37.7 77.6 58.8 58.8 84.0 75.6 83.1 25.1 70.9 57.8 74.0 74.6 76.4 75.0 48.8 73.7 45.6 72.3 52.0

Ours (joint) X 71.4♦ 93.0 89.3 41.4 84.1 63.8 65.2 88.1 80.9 88.6 28.4 75.4 60.6 80.3 80.9 83.1 79.7 55.4 77.9 48.2 75.8 58.8

∧http://host.robots.ox.ac.uk:8080/anonymous/RUZFQC.html, ♦http://host.robots.ox.ac.uk:8080/anonymous/YFSUQA.html

6.6 Results

We now report results on the PASCAL VOC and MS COCO [170] datasets. We also
evaluate the region proposal generation on the proxy metric of average recall.

Experimental Setup. When training on the VOC datasets with extra data (Ta-
ble 6.5, 6.6 and 6.7), we use 100k SGD iterations (other hyperparameters follow
Section 6.5); and for MS COCO, we use 490k SGD iterations with an initial LR of
10−3 and decay step size of 200k, owing to a larger epoch size.

VOC07 and VOC12 Results. Table 6.5 shows that on VOC07, our joint priming
and feedback model improves the detection mAP by 1.7 points over Base-MT and 3.2
points over Faster R-CNN. Similarly, on VOC12 (Table 6.6), priming and feedback
lead to 1.5 points boost over Bast-MT (2.2 over Faster R-CNN). For segmentation
on VOC12 (Table 6.7), we see a huge 5 point boost in mIOU over Base-MT. We
would like highlight that both Base-MT and our joint model use exactly the same
annotations and hyperparameters; therefore the performance boosts are because of
contextual priming and iterative feedback in our model.

Recall-to-IOU. Since our hypothesis is that priming and feedback lead to better
proposal generation, we also evaluate the recall of region proposals by the RPN
module from various models, at different IOU thresholds. In Figure 6.4, we show
the results of using 2000 proposal per RPN module. Since feedback models have 2
units, we report their number with both 4000 and top 2000 proposals (sorted by cls
score). As can be seen priming, feedback and joint models all lead to higher average
recall (shown in legend) over the baseline RPN module.

MS COCO Results. We also perform additional analysis of contextual priming
on the COCO [170] dataset. For MS COCO dataset, we only use the output from
Stage-2 unit. Our priming model results in +1.2 AP points (+2.1 AP50) over Faster
R-CNN and +0.8 AP points (+1.1 AP50) over Base-MT on the COCO test-dev
set [170]. On further analysis, we notice that the most performance gains are for
objects where context should intuitively help; e.g ., +12.4 for ‘parking-meter’, +8.7
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Figure 6.4: Recall-to-IoU on VOC12 Segmentation val set (left) and VOC07 test set (right) (best
viewed digitally).

Table 6.8: Detection results on MS COCO 2015 test-dev set. All methods use COCO
trainval35k for training and results were obtained from the online 2015 test-dev server. Legend: F:
using iterative feedback, P: using contextual priming, S: uses segmentation labels.

Method S P F
AP, IoU: AP, Area: AR, # Dets: AR, Area:

0.5:0.95 0.50 0.75 Small Med. Large 1 10 100 Small Med. Large

Faster R-CNN 24.5 46.0 23.7 8.2 26.4 36.9 24.0 34.8 35.5 13.4 39.2 54.3

Base-MT X 25.0 47.0 24.2 8.1 27.1 38.1 24.3 35.1 35.8 13.2 39.8 55.0

Ours (priming) X X 25.8 48.2 25.3 8.3 27.8 38.6 24.5 35.7 36.5 13.6 40.6 54.7

Ours (joint) X X X 27.5 49.2 27.8 8.9 29.5 41.5 25.5 37.4 38.3 14.6 42.5 57.4

for ‘suitcase’, +8.3 for ‘umbrella’ etc. on AP50 wrt. to Faster R-CNN. Finally, our
joint model achieves 27.5 AP points (+3 AP points over Faster R-CNN and +2.5
over Base-MT), further highlighting effectiveness of the proposed method.

Conclusion. We presented and investigated how we can incorporate top-down
semantic feedback in the state-of-the-art Faster R-CNN framework. We proposed to
augment a segmentation network to Faster R-CNN, which is then used to provide
top-down contextual feedback to the region proposal generation and object detection
modules. We also use this segmentation network to provide top-down feedback to the
entire Faster R-CNN network iteratively. Our results demonstrate the effectiveness
of these top-down feedback mechanisms for the tasks of region proposal generation,
object detection and semantic segmentation.
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Chapter 7

UP-DOWN NETWORKS FOR OBJECT DETECTION (PROPOSED)

The field of object detection has seen dramatic performance improvements in the
last few years. Most of these gains are attributed to bottom-up, feedforward Con-
vNet architectures. However, in case of humans, psychological experiments have
highlighted the importance of feedback connections [46, 91, 126] and limitations of
purely feedforward recognition [157, 287].

In the previous Chapter, we proposed using the semantic segmentation of an im-
age as a proxy that provides this top-down contextual feedback, and demonstrated
that it helps improve recognition systems. In this proposed Chapter, we investi-
gate how to combine top-down processing in ConvNet architecture itself, without
going via segmentation. In particular, we propose Up-Down Networks for object
detection, which augment the standard bottom-up feedforward architecture with
top-down processing (illustrated in Figure 7.1). To demonstrate the effectiveness of
Up-Down Networks, we would incorporate the proposed top-down feedback modules
in standard network architectures (e.g ., VGG16 and ResNet101) and evaluate on
the challenging COCO object detection benchmark.

In particular, we propose to explore the following strategies:

• Augmenting with Top-down Network: We propose to combine the feed-
forward network with a top-down feedback network. Each module in this
network combines an up-sampled coarse output from a higher layer (top-down
feature) and a feed-forward activation map from a lower layer to produce a new
feature map. This finer output is used to predict a segmentation mask or as
input to the detection module. Similar architectures were explored in [10, 205],
however, they lacked the lateral feedback to lower layers.

• Coarse-to-fine Network: The resolution of segmentation and detection net-
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Figure 7.1: Up-Down networks: Coarse-to-fine activation maps are used for top-down contextual
feedback, which are then used for segmentation and/or RoI proposal generation and detection.
(grey squares are convfilters which can possibly increase or reduce channels)

works becomes coarser with deeper layers. This is particularly an issue for
smaller objects (e.g ., forks) and finer details (e.g . legs of chairs), which cor-
respond to only a sub-pixel in the coarse activation map. To deal with this,
we propose to predict outputs (e.g ., segmentation masks or feature maps) at
different resolutions; from the current coarse outputs (e.g ., 75x75) to finer out-
puts (e.g ., 500x500), where each subsequent finer prediction is done using the
previous coarse prediction and a lower-level forward-pass activation (which is
of finer resolution). This finer output and/or activations is then used by the
detection module for predicting new RoIs and detect objects. We would like
to highlight that related works [15, 38, 114, 172] have used features from mul-
tiple layers for both segmentation and detection. The key difference is that we
propose to build from coarser maps to finer maps stage-wise (coarse-to-fine)
as opposed to just using coarse and fine feature maps together. In this regard,
the coarse-to-fine strategy is similar to [10, 205]

Training Strategies

Having a finer control on the amount of feedback and the resolution of predictions
gives our approach a unique opportunity in terms of training object detectors. For
example, it can naturally incorporate cascaded detection approaches, by detect-
ing larger/easier objects at coarser resolutions and use these predictions along with
lower-level activation maps to predict smaller objects at finer resolutions.

If the system needs more guidance, there are many ways to leverage these coarse-
to-fine predictions for training detectors: 1) loss for the detection module at finer
resolutions is weighed by what the coarser modules could not predict well (similar
to boosting); 2) ground-truth objects are assigned to only one detection module
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depending on their size (e.g ., larger objects are assigned to coarser resolutions, and
smaller objects to finer resolutions); 3) first few epochs predict all objects at all
levels, and then each object is assigned to only one level which is best suited for its
training.

Note on Context: The contextual information carried by the coarse maps (e.g .,
masks/features of large objects) in the top-down feedback module should help im-
prove detection and segmentation for smaller objects (e.g ., knowing table/person/plate
will help find knife/fork/spoon etc.). Incrementally using higher-res activations
should also help with finer details and smaller objects. To evaluate this, we will
study the improvement in small and medium sized objects in the COCO dataset.
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Part II

Constrained Semi-Supervised
Learning (SSL)
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Chapter 8

INCORPORATING CONSTRAINTS IN SSL: A CASE STUDY

8.1 Introduction

How do we exploit the sea of visual data available online? Most supervised com-
puter vision approaches are still impeded by their dependence on manual labeling,
which, for rapidly growing datasets, requires an incredible amount of manpower.
The popularity of Amazon Mechanical Turk and other online collaborative annota-
tion efforts [224, 275] has eased the process of gathering more labeled data, but it is
still unclear whether such an approach can scale up with the available data. This is
exacerbated by the heavy-tailed distribution of objects in the natural world [263]: a
large number of objects occur so sparsely that it would require significant amount
of labeling to build reliable models. In addition, human-labeling has a practical
limitation in that it suffers from semantic and functional bias. For example, hu-
mans might label an image of Christ/Cross as Church due to high-level semantic
connections between the two concepts.

An alternative way to exploit a large amount of unlabeled data is semi-supervised
learning (SSL). A classic example is the “bootstrapping” method: start with a small
number of labeled examples, train initial models using those examples, then use
the initial models to label the unlabeled data. The model is retrained using the
confident self-labeled examples in addition to original examples. However, most
semi-supervised approaches, including bootstrapping, have often exhibit low and
unacceptable accuracy because the limited number of initially labeled examples are
insufficient to constrain the learning process. This often leads to the well known
problem of “semantic drift” [50], where newly added examples tend to stray away from
the original meaning of the concept. The problem of semantic drift is more evident
in the field of visual categorization because intra-class variation is often greater
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Figure 8.1: Standard Bootstrapping vs. Constrained Bootstrapping: We propose to learn multiple
classifiers (auditorium and amphitheater) jointly by exploiting similarities (e.g ., both are indoor and
have seating) and dissimilarities (e.g, amphitheater has more circular structures than auditorium)
between the two. We show that joint learning constrains the SSL, thus avoiding semantic drift.

than inter-class variation. For example, “electric trains” resemble “buses” more than
“steam engines” and many “auditoriums” appear very similar to “amphitheaters”.

This chapter shows that we can avoid semantic drift and significantly improve
performance of bootstrapping approach by imposing additional constraints. We
build upon the recent work in information extraction [29], and propose a novel semi-
supervised image classification framework where instead of each classifier selecting
its own set of images, we jointly select images for each classifier by enforcing dif-
ferent types of constraints. We show that coupling scene categories via attributes
and comparative attributes1 provides us with the constraints necessary for a robust
bootstrapping framework. For example, consider the case shown in Figure 8.1. In
the case of the naïve bootstrapping approach, the initial “amphitheater” and “audi-
torium” classifiers select self-labeled images independently which leads to incorrect
instances being selected (outlined in red). However, if we couple the scene categories
and jointly label all the images in the dataset, then we can use the auditorium images
to clean the amphitheater images, since the latter should have more circular struc-
tures compared to the former. We demonstrate that the joint labeling indeed makes

1Comparative attributes are special forms of attributes that are used to compare and express
relationships between two nouns. For example, “banquet halls" are bigger than “bedrooms"; “am-
phitheaters" are more circular than “auditoriums”.
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the data selection robust and improves the performance significantly. While we only
explore the application of these new constraints to bootstrapping approaches, we
believe they are generic and can be applied to other semi-supervised approaches as
well.

Contributions. We present a framework for coupled bootstrap learning and ex-
plore its application to the field of image classification. The input to our system is
an ontology which defines the set of target categories to be learned, the relationships
between those categories and a handful of initial labeled examples. We show that
given these initial labeled examples and millions of unlabeled images, our approach
can obtain much higher accuracy by coupling the labeling of all the images using
multiple classifiers. The key contributions of this chapter are: (a) a semi-supervised
image classification framework which jointly learns multiple classifiers, (b) demon-
strating that sharing information across categories via attributes [75, 158] is crucial
to constrain the semi-supervised learning problem, (c) extending the notion of shar-
ing across categories and showing that information sharing can also be achieved by
capturing dissimilarities between categories. Here we build upon the recent work
on relative attributes [200] and comparative adjectives [105] to capture differences
across categories. As opposed to image-level labeling, specifying attribute and com-
parative attribute relationships are significantly cheaper as they scale with number
of categories (not with number of images). Note that the attributes need not be se-
mantic at all [212]. However, the general benefit of using semantic attributes is that
they are human-communicable [207] and we can obtain them automatically using
other sources of data such as text [30].

8.2 Prior Work

During the past decade, computer vision has seen some major successes due to the in-
creasing amount of data on the web. Therefore, leveraging more and more data from
the web has received considerable interest in the community. While using big data
is a promising direction, it is still unclear how we should exploit such a large amount
of data. There is a spectrum of approaches based on the amount of human labeling
required to use this data. On one end of the spectrum are supervised approaches
that use as much hand-labeled data as possible. These approaches have focused on
using the power of crowds to generate hand-labeled training data [224, 275]. Recent
works have also focused on active learning [134, 144, 207, 209, 241, 273], to minimize
human effort by selecting label requests that are most informative. On the other
end of the spectrum are completely unsupervised approaches, which use no human
supervision and rely on clustering techniques to discover image categories [142, 223].
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In this work, we explore the intermediate range of the spectrum; the domain of
semi-supervised approaches. Semi-supervised learning (SSL) techniques use a small
amount of labeled data in conjunction with a large amount of unlabeled data to learn
reliable and robust visual models. There is a large literature on semi-supervised
techniques. For brevity, we only discuss closely related works and refer the reader
to recent survey on the subject [304]. The most commonly used semi-supervised
approach is the “bootstrapping” method, also known as self-training. However, boot-
strapping typically suffers from semantic drift [50] – that is, after many iterations,
errors in labeling tend to accumulate. To avoid semantic drift, researchers have
focused on several approaches such as using multi-class classifiers [215] or using co-
training methods to exploit conditionally independent feature spaces [19]. Another
alternative is to use graph-based methods, such as the graph Laplacian, for SSL.
These methods capture the manifold structure of the data and encourage similar
points to share labels [65]. In computer vision, efficient graph based methods have
been used for labeling of images as well [80]. The biggest limitation with graph based
approaches is the need for similarity measures that create graphs with no inter-class
connections. In the visual world, it is very difficult to learn such a good visual
similarity metric. Often, intra-class variations are larger than inter-class variations,
which make pair-wise similarity based methods of little utility. To overcome this
difficulty, researchers have focused on text based features for better estimation of
visual similarity [103].

In this work, we argue that there exists a richer set of constraints in the visual
world that can help us constrain the SSL-based approaches. We present an approach
to combine a variety of such constraints in a standard bootstrapping framework. Our
work is inspired by works from the textual domain [29] that try to couple learning of
category and relation classifiers. However, in our case, we build upon recent advances
in the field of visual attributes [75, 158] and comparative attributes [105, 200] and
propose a set of domain-specific visual constraints to model the coupling between
scene categories.

8.3 Constrained Bootstrapping Framework

Our goal is to use the initial set of labeled seed examples (L) and large unlabeled
dataset (U) to learn robust image classifiers. Our method iteratively trains classifiers
in a self-supervised manner. It starts by training classifiers using a small amount
of labeled data and then uses these classifiers to label unlabeled data. The most
confident new labels are “promoted” and added to the pool of data used to train the
models, and the process repeats. The key difference from the standard bootstrapping
approach is the set of constraints that restrict which data points are promoted to
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the pool of labeled data.

In this work, we focus on learning scene classifiers for image classification. We
represent these classifiers as functions (f : X → Y ) which, given input image features
x, predict some label y. Instead of learning these classifiers separately, we propose
an approach which learns these classifiers jointly. Our central contribution is the
formulation of constraints in the domain of image classification. Specifically, we
exploit the recently proposed attribute-based approaches [75, 158] to provide another
view of the same data and enforce multi-view agreement constraints. We also build
upon the recent framework of comparative adjectives [105] to formulate pair-wise
labeling constraints. Finally, we use introspection to perform an additional step of
self-refinement to weed out false positives included in the training set. We describe
all the constraints below.

8.3.1 Output Constraint: Mutual Exclusion (ME)

Classification of a single datapoint by multiple scene classifiers is not an independent
process. We can use this knowledge to enforce certain constraints on the functions
learned for the classifiers. Mathematically, if we know some constraint on output
values of two classifiers f1 : X → Y1 and f2 : X → Y2 for an input x, then we
can require the learned functions to satisfy these. One such output constraint is the
mutual exclusion constraint (ME). In mutual exclusion, positive classification by
one classifier immediately implies negative classification for the other classifiers. For
example, an image classified as “restaurant” can be used as an negative example for
“barn”, “bridge” etc.

Current semi-supervised approaches enforce mutual exclusion by learning a multi-
class classifier where a positive example of one class is automatically treated as a
negative example for all other classes. However, the multi-class classifier formula-
tion is too rigid for a learning algorithm. Consider, for example, “banquet hall"
and “restaurant", which are very similar and likely to be confused by the classifier.
For such classes, the initial classifier learned from a few seed examples is not reliable
enough; hence, adding the mutual exclusion constraint causes the classifier to overfit.

We propose an adaptive mutual exclusion constraint. The basic idea is that
during initial iterations, we do not want to enforce mutual exclusion between similar
classes (y1 and y2), since this is likely to confuse the classifier. Therefore, we relax
the ME constraint for similar classes – a candidate added to the pool of one is not
used as a negative example for the other. However, after a few iterations, we adapt
our mutual exclusion constraints and enforce these constraints across similar classes
as well.
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8.3.2 Sharing Commonalities: Binary-Attribute Constraint (BA)

For the second constraint, we exploit the commonalities shared by scene categories.
For example, both “amphitheaters” and “auditoriums” have large seating capacity;
“bedrooms” and “conference rooms” are indoors and man-made. We propose to model
these shared properties via attributes [75, 158]. Modeling visual attributes helps us
enforce a constraint that the promoted instances must also share these properties.

Formally, we model this constraint similar to multi-view settings [19]. For a
function f : X → Y , we partition X into views (Xa, Xb) and learn two classifiers
fa and fb which can both predict Y . In our case, fa : Xa → Y is the original
classifier which uses low-level features to predict the scene classes. We model the
sharing between multiple classes via fb. fb is a compositional function (fb : Xb →
A → Y ) which uses low-level features to predict attributes A and then uses them
to predict scene classes. It should be noted that even though we use multi-view
settings to model sharing, it is quite a powerful constraint. In case of sharing, the
function fb updates at each iteration by learning a new attribute classifier, Xb → A,
which collects large amounts of data from multiple scene classes (e.g ., the indoor
attribute classifier picks up training instances from restaurant, bedroom, conference-
room etc.). Also, note that the mapping from attribute space to scene class, A→ Y ,
remains fixed in our case.

8.3.3 Pairwise Constraint: Comparative Attributes (CA)

The above two constraints are unary in nature: these constraints still assume that the
labeling procedures for two instances X1 and X2 should be completely independent
of each other. Graph-based approaches [80, 304] have focussed on constraining labels
of instancesX1, X2 based on similarity – that is, if two images are similar they should
have same labels. However, learning semantic similarity using image features is an
extremely difficult problem specifically because of high intra-class variations. In this
chapter, we model stronger and richer pairwise constraints on labeling of unlabeled
images using comparative attributes. For example, if an image X1 is labeled as
“auditorium”, then another image X2 can be labeled as “amphitheater” if and only
if it has more circular structures than X1.

Formally, for a given pair of scene classes, f1 : X1 → Y1 and f2 : X2 → Y2,
we model the pairwise constraints using a function f c : (X1, X2) → Yc and enforce
the constraint that f c should produce a consistent triplet (y1, y2, yc) for a given pair
of images (x1, x2) . Some examples of consistent triplets in our case would include
(field, barn, more open space) and (church, cemetery, has larger structures) which
mean ‘field has more open space than barn’ and ‘church has larger structures than
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cemetery’.

8.3.4 Introspection or Self-Cleaning

In iterative semi-supervised approaches, a classifier should ideally become better and
better with each iteration. Empirically, these classifiers tend to make more mistakes
in the earlier iterations as they are trained on very small amount of data. Based
on these two observations, we introduce an additional step of introspection where
after every five iterations, starting at fifteen, we use the full framework to score
already included training data (instead of the unlabeled data) and drop positives
that receive very low scores. This results in further performance improvement of the
learned classifiers.

8.4 Mathematical Formulation: Putting it together

We now describe how we incorporate the constraints described above in a boot-
strapping semi-supervised approach. Figure 8.2 shows the outline of our approach.
We have a set of binary scene classifiers f1...fN , attribute classifiers fa1 ...faK and
comparative attribute classifiers f c1 ...f cM . Initially, these classifiers are learned using
seed examples but are updated at each iteration using new labeled data. At each
iteration, we would like to label the large unlabeled corpus (U) and obtain the con-
fidence of each labeling. Instead of labeling all images separately, we label them
jointly using our constraints. We represent all images in U as nodes in a fully con-
nected graph. The most likely assignment of each image (node) in the graph can be
posed as minimizing the following energy function E(y) over class labels assignments
y = {y1, .., y|U|}:

E(y) = −

[ ∑
xi∈U

Φ(xi, yi) + λ
∑

(xi,xj)∈U2

Ψ(xi, xj , yi, yj)

]
(8.1)

where Φ(xi, yi) is the unary node potential for image i with features xi and its
candidate label yi and Ψ(xi, xj , yi, yj) is the edge potential for labels yi and yj of
pair of images i and j. It should be noted that yi denotes assigned label to image i
which can take {c1....cn} possible label assignments.

The unary term Φ(xi, yi) is the confidence in assigning label yi to image i by
the combination of scene and attribute classifier scores. Specifically, if fj(xi) is the
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Figure 8.2: Overview of our approach

raw score of jth scene classifier on xi and fak(xi) is the raw score of kth attribute
classifier on xi, then the unary potential is given by:

Φ(xi, yi = cj) = σ(fj(xi)) + λ1
∑
ak∈A

(−1)1xi,yi (ak)ρ(fak(xi)) (8.2)

The first term takes in the raw scene classifier scores and converts these scores
into potentials using the sigmoid function (σ(t) = exp(γt)/(1 + exp(γt))) [262].
The second term uses a weighted voting scheme for agreement between scene and
attribute classifiers (λ1 is the normalization factor). Here, A is the set of binary
attributes, 1xi,yi(ak) is an indicator function which is 1 if the attribute ak is detected
in the image i but ak is not a property of scene class yi (and vice versa). ρ() denotes
the confidence in prediction for attribute classifier2. Intuitively, this second term

2The confidence in prediction is defined as: ρ(fak (xi)) = max(σ(fak (xi)), 1− σ(fak (xi)))
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votes positive if both the attribute classifier and scene classifier agree in terms of
class-attribute relationships. Otherwise, it votes negative where the vote is weighted
in terms of the confidence of prediction.

The binary term Ψ(xi, xj , yi, yj) between images i and j with labels yi and yj
represents comparative-attribute relations between labeled classes.

Ψ(xi, xj , yi, yj) =
∑
ck∈C

1ck(yi, yj) log(σ(f ck(xi, xj))) (8.3)

where C denotes the set of comparative attributes, 1ck(yi, yj) denotes if a given
comparative attribute ck exists between pairs of classes yi and yj and f ck(xi, xj) is
the score of comparative-attribute classifier for the pair of images xi, xj . Intuitively,
this term boosts the labels yi and yj if a comparative attribute ck scores high on
pairwise features. For example, if instances i, j are labeled “conference-room” and
“bedroom”, their scores get boosted if the comparative attribute “has more space”
scores high on pairwise features (since “conference rooms” have more space than
“bedrooms”).

Promoting Instances. Typically in the semi-supervised problem, |U| varies from
tens of thousand images to millions. Estimating the most likely label for each image
in U necessitates minimizing Eq.(1) which is computationally intractable in general.
Since our goal is to find a few very confident images to add to the labeled set L we
do not need to minimize Eq.(1) over the entire U . Instead, we follow the standard
practice of pruning the image nodes which have low probability of being classified
as one of the n scene classes. Specifically, we evaluate the unary term (Φ), that
represents the confidence of assigning label to an image, for the entire U and use
it to prune out and keep only the top-N candidate images for each class. In our
experiments, we set N to 3 times the number of instances to be promoted.

While pruning image nodes reduces the search space, exact inference still remains
intractable. However, approximate inference techniques like loopy belief propagation
or Gibbs sampling can be used to find the most likely assignments. In this work,
we compute the marginals at each node by running one iteration of loopy belief
propagation on the reduced graph. This approximate inference gives us the confi-
dence of candidate class labeling for each image incorporating scene, attribute and
comparative-attribute constraints. Now we select C most confidently labeled images
for each class (U l), add them to (L ∪ U l)→ L (and remove from (U \ U l)→ U) and
re-train our classifiers.
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8.4.1 Scene, Attribute and Comparative Attribute Classifiers

We now describe the classifiers used for scenes, attributes and comparative attributes.

Scene & Attribute classifier: Our scene category classifiers as well as attribute
classifier are trained using boosted decision trees [124]. We use 20 boosted trees
with 8 internal nodes for scene classifier and 40 boosted trees with 8 internal nodes
for training our attributes. These classifiers were trained on the 2049 dimensional
feature vector from [115]. Our image feature includes 960D GIST [195] features, 75D
RGB features (image is resized to 5× 5) [263], 30D histogram of line lengths, 200D
histogram of orientation of lines and 784D 3D-histogram Lab color space (14×14×4).

Comparative attribute classifier: Given a pair of images (xi, xj), the goal of
comparative attributes classifier is to predict whether the pair satisfies comparative
relationships such as “more circular” and “has more indoor space”. To model and
incorporate comparative attributes, we follow the approach proposed in [105] and
train classifiers over differential features (xi−xj). We train the comparative attribute
classifiers using ground truth pair of images that follow such relationships and for
the negative data we use random pair of images and inverse relationships. We used
the boosted decision tree classifier with 20 trees and 4 internal nodes.

8.5 Experiments

We now present experimental results to demonstrate the effectiveness of constraints
in bootstrapping based approach. We first present a detailed experimental analysis
of our approach using the fully labeled SUN dataset [289]. Using a completely
labeled dataset allows us to evaluate the quality of unlabeled images being added
to our classifiers and how it affects the performance of our system. Finally, we
evaluate our complete system on a large scale dataset which uses approximately 1
million unlabeled images to improve the performance of scene classifiers. For all the
experiments we use a fixed vocabulary of scene classes, attributes and comparative
attributes as described below.

Vocabulary: We evaluate the performance of our coupled bootstrapping approach
in learning 15 scene categories3 randomly chosen from from SUN dataset . These
classes are: auditorium, amphitheater, banquet hall, barn, bedroom, bowling alley,
bridge, casino indoor, cemetery, church outdoor, coast, conference room, desert sand,

3We expect our approach to scale and perform better with more categories: increasing the
number of categories will add more constraints and enforce extensive sharing, which is exactly
what our approach exploits.
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field cultivated and restaurant. We used 19 attribute classes: horizon visible, indoor,
has water, has building, has seat rows, has people, has grass, has clutter, has chairs,
is man-made, eating place, fun place, made of stone, meeting place, livable, part of
house, relaxing, animal-related, crowd-related. We used 10 comparative attributes:
is more open, had more space (indoor), had more space (outdoor), has more seating
space, has larger structures, has horizontally longer structures, has taller structures,
has more water, has more sand and has more greenery. The relationship between
scene category and attributes were defined using a human annotator (see the website
for list of relationships).

Baselines: The goal of this chapter is to show the importance of additional con-
straints in semi-supervised domain. We believe these constraints should improve the
performance irrespective of the choice of a particular approach. Therefore, as a base-
line, we compare the performance of our constrained bootstrapping approach with
two versions of standard bootstrapping approach: one uses independent multiple
binary classifiers and the other uses multi-class scene classifiers.

For our first set of experiments, we also compare our constrained bootstrapping
framework to the state-of-the-art SSL technique for image classification based on
eigen functions [80]. Following experimental settings from [80], we map the GIST
descriptor for each image down to a 32D space using PCA, use k = 64 eigen functions
with λ = 50 and ε = 0.2 for computing the Laplacian (see [80] for details).

Evaluation Metric: We evaluate the performance of our approach using two met-
rics. Firstly, we evaluate the performance of our trained classifier in terms of Average-
Precision (AP) at each iteration on a held-out test dataset. Secondly, for the small-
scale experiments (sections 5.1 and 5.2), we also evaluate purity of the promoted
instances in terms of the fraction of correctly labeled images.

8.5.1 Using pre-trained attribute classifiers

We first evaluate the performance of our approach on SUN dataset. We train the
15 scene classifiers using 2 images each (labeled set). We want to observe the effect
of these constraints when the attribute and comparative attribute classifiers are
not retrained at each iteration. Therefore, in this case, we used fixed pre-trained
attribute classifiers and relative attribute classifiers. These classifiers were trained
on 25 examples each (from a held-out dataset). Our unlabeled dataset consists of
18,000 images from SUN dataset. Out of these 18K images, 8.5K images are from
these 15 categories and the remainder are randomly sampled from the rest of the
dataset. At each iteration, we add 5 images per category from the unlabeled dataset
to the classifier.
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Figure 8.3: Qualitative Results: We demonstrate how Binary Attribute (middle row) constraints
and Comparative Attribute (bottom row) constraints help us promote better instances as compared
to naïve Bootstrapping (top row).

Figure 8.3 shows examples of how each constraint helps to select better instances
that should be added to the classifier. The bootstrapping approach clearly faces
semantic drift, as it adds “bridge”, “coastal” and “park” images to the “amphitheater”
classifier. It is the presence of binary attributes such as ‘has water’ and ‘has greenery’
that help us to reject these bad candidates. While binary attributes do help to prune
lot of bad instances, they sometimes promote bad instances like the “cemetery” image
(3rd in 2nd row). However, comparative attributes help us clean such instances.
For example, the “cemetery” image is rejected since it has less circular structure.
Similarly, the “church” image is rejected since it does not have the long horizontal
structures compared to other bridge images. Interestingly, our approach does not
overfit to the seed examples and can indeed cover a greater diversity, thus increasing
recall. For example, in Figure 8.4, the seed examples for banquet hall include close-
view of tables but as iterations proceed we incorporate distant views of banquet hall
(eg., 3rd image in iteration 1 and 40).

Next, we quantitatively evaluate the importance of each constraint in terms
of performance on held-out test data. Figure 8.5(a) shows the performance of our

113



It
e

ra
ti

o
n

 1
 

It
e

ra
ti

o
n

 4
0

 

B
a

n
q

u
e

t 
H

a
ll

 

It
e

ra
ti

o
n

 9
0

 
It

e
ra

ti
o

n
 1

0
 

C
o

n
fe

re
n

c
e

 R
o

o
m

 

It
e

ra
ti

o
n

 1
 

It
e

ra
ti

o
n

 4
0

 

It
e

ra
ti

o
n

 9
0

 
It

e
ra

ti
o

n
 1

0
 

C
h

u
rc

h
 O

u
td

o
o

r 

It
e

ra
ti

o
n

 1
 

It
e

ra
ti

o
n

 4
0

 

It
e

ra
ti

o
n

 9
0

 
It

e
ra

ti
o

n
 1

0
 

Figure 8.4: Qualitative results showing selected candidates for our approach at iteration 1, 10, 40
and 90. Notice that during the final iterations, there are errors such as bedroom images being
added to conference rooms etc.

approach with different combinations of constraints. Our system shows significant
improvement in performance by adding attribute-based constraints. Infact, using a
randomly chosen set of ten attributes (ME+10BA) seems to provide enough con-
straints to avoid semantic drift. Adding another nine attributes to the system does
provide some improvement during the initial iterations (ME+19BA). However, at
later stages, the effect of these attributes saturate. Finally, we evaluate the impor-
tance of comparative attributes by comparing the performance of our system with
and without CA constraint. Adding CA constraint does provides significant boost
(6-7%) in performance. Figure 8.5(b) shows the comparison of our full system with
other baseline approaches. Our approach shows significant improvement over all
the baselines which include self-learning approaches based on independent binary
classifiers, self-learning based on multi-class classifier and Eigen-functions [80]. We
also show the upper-bound on the performance of our approach, which is achieved
if all the unlabeled data is manually labeled and used to train the scene classifiers.
Since the binary attribute classifiers are pre-trained on some other data, it would be
interesting to analyze the performance of these classifiers alone (and without scene
classifiers). Our approach performs significantly better than just using attributes
alone. This indicates that coupling does provide constraints and help in better la-
beling of unlabeled data. We also compare the performance of our full system in
terms of purity of added instances (See Figure 8.5(c)).
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Figure 8.5: Quantitative Evaluations: (a) We first evaluate importance of each constraint in our sys-
tem using control experiments. (b) and (c) Show the comparison of our approach against standard
baselines in terms of performance on held-out test data and purity of added instances respectively.
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Figure 8.6: Selected candidates for baseline and our approach at iterations 1 and 60.

8.5.2 Co-training attributes and comparative attributes

In the previous experiment we showed how each constraint is useful in improving
the performance of the semi-supervised approach. To isolate the reasons behind the
performance boost, we used fixed pre-trained attribute and comparative attribute
classifiers. In this experiment, we train our own attribute and comparative attribute
classifiers. These classifiers are trained using the same 30 images (15 categories
×2 images) which were used to train the initial scene classifiers. Now, we use the co-
training setup where we retrain these attribute and comparative attribute classifiers
at each iteration using the new images from unlabeled dataset.

Figure 8.6 shows qualitative results of image instances which are added to the
classifiers at iterations 1 and 60. The qualitative results show how the baseline ap-
proach suffers from semantic drift and adds “auditorium” to “bedrooms” and “field”
to “coast”. On the other hand, our approach is more robust and even at 60th iter-
ation adds good instances to the classifier. Figure 8.7 shows the comparison of our
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Figure 8.7: Quantitative Evaluations: We evaluate our approach against standard baselines in
terms of (a) mean AP over all scene classes, (b) purity of added instances.

Table 8.1: Quantitative Results on Large Scale Semi-Supervised Learning (AP Scores)

Amphitheater Auditorium Banquet Barn Bedroom Bowling Bridge Casino Cemetery Church Coast Conference Desert Field Restaurant Mean
Hall Alley indoor outdoor Room Sand Cultivated

Iteration-0 0.517 0.317 0.260 0.309 0.481 0.602 0.144 0.647 0.449 0.482 0.539 0.384 0.716 0.700 0.270 0.455

Self (Binary) 0.557 0.269 0.324 0.255 0.458 0.590 0.156 0.644 0.453 0.499 0.466 0.317 0.690 0.572 0.241 0.433
Self (Multi-Class) 0.488 0.254 0.290 0.261 0.443 0.601 0.162 0.655 0.509 0.475 0.548 0.322 0.733 0.657 0.303 0.447
Our Approach 0.587 0.333 0.282 0.347 0.474 0.644 0.209 0.678 0.465 0.506 0.582 0.347 0.762 0.654 0.305 0.478

approach against baselines. Notice that our approach outperforms all the baselines
significantly even though in this case we used the same seed examples to train the
attribute classifier. This shows that attribute classifiers can pool information from
multiple classes to help avoid semantic drift.

8.5.3 Large scale semi-supervised learning

In the two experiments discussed above, we demonstrated the importance and effec-
tiveness of adding different constraints to the bootstrapping framework. As a final
experiment, we now demonstrate the utility of such constraints for large scale learn-
ing. We start with 25 seed examples from SUN dataset for each of the 15 categories.
Our unlabeled dataset consists of one million images selected from the imagenet
dataset [58]. At each iteration, we add 10 images per category from unlabeled
dataset to the classifier. Table 8.1 shows the performance of learned scene classifiers
after 100 iterations. The constrained bootstrapping approach not only improves the
performance by 2.3% but also outperforms all the baselines significantly.
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Chapter 9

DISCOVERING AND EMPLOYING CONSTRAINTS IN THE WILD

In the previous chapter, we demonstrated how constraints can be used in a semi-
supervised learning framework to reduce semantic drift. We confined the case study
to a small list scene categories and manually provided annotated instances and as-
sociated constraints. In this chapter, we propose to apply the ideas from this case
study to real world scenarios.

In Section 9.1, we propose a system that can learn these constraints from weakly-
supervised, noisy web-data. We extend the list of concepts to scenes, objects and
attributes, and type of constraints to scene-object, object-object, scene-attribute
and object-attribute relationships. Collectively, discovered instances of concepts
and relationships are referred to as Visual Knowledge-base. We show that these
automatically discovered relationships are good for constrained SSL, and the newly
labeled instances lead to better recognition models. We will only provided relevant
details in Section 9.1, other details can be found in the technical report [40].

In Section 9.2, we demonstrate how constraints can be discovered and harnessed
in large-scale videos, where only a handful of frames are sparsely labeled with con-
cepts. We study constraints like decorrelated errors, reliable tracking and diverse
selection, and show that they are effective in arresting semantic drift in videos. The
proposed technique handles detection of multiple objects without assuming exhaus-
tive labeling of object instances on any input frame; and starting with a handful
of labeled examples, it can label hundreds of thousands of new examples which also
improve object detectors. We will only provided relevant details in Section 9.2, other
details can be found in the technical report [185].
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9.1 Constraints from Weakly-supervised Web-data

Recent successes in computer vision can be primarily attributed to the ever increasing
size of visual knowledge in terms of labeled instances of scenes, objects, actions,
attributes, and the contextual relationships between them. But as we move forward,
a key question arises: how will we gather this structured visual knowledge on a
vast scale? Recent efforts such as ImageNet [58] and Visipedia [203] have tried to
harness human intelligence for this task. However, we believe that these approaches
lack both the richness and the scalability required for gathering massive amounts of
visual knowledge.

In this Section, we consider an alternative approach of automatically extracting
visual knowledge from Internet scale data. The feasibility of extracting knowledge
automatically from images and videos will itself depend on the state-of-the-art in
computer vision. While we have witnessed significant progress on the task of detec-
tion and recognition, we still have a long way to go for automatically extracting the
semantic content of a given image. So, is it really possible to use existing approaches
for gathering visual knowledge directly from web data?

NEIL – Never Ending Image Learner. We propose NEIL, a constrained semi-
supervised learning (SSL) system that exploits the big scale of visual data to auto-
matically extract common sense relationships and then uses these relationships to
label visual instances of existing categories. Specifically, NEIL can use web data
to extract: (a) Labeled examples of object categories with bounding boxes; (b) La-
beled examples of scenes; (c) Labeled examples of attributes; (d) Visual subclasses
for object categories; and (e) Common sense relationships about scenes, objects and
attributes like “Corolla is a kind of/looks similar to Car”, “Wheel is a part of Car”,
etc. (See Figure 9.1). NEIL jointly discovers both labeling of instances as well
as relationships amongst them at a gigantic scale, which provides constraints for
semi-supervised learning.

9.1.1 Related Work

Recent work has only focused on extracting knowledge in the form of large datasets
for recognition and classification [58, 166, 203]. One of the most commonly used
approaches to build datasets is using manual annotations by motivated teams of
people [203] or the power of crowds [58, 275]. To minimize human effort, recent
works have also focused on active learning [241, 273] which selects label requests
that are most informative. However, both of these directions have a major limitation:
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Figure 9.1: NEIL is a computer program that runs 24 hours a day and 7 days a week to gather
visual knowledge from the Internet. Specifically, it simultaneously labels the data and extracts
common sense relationships between categories.

annotations are expensive, prone to errors, biased and do not scale.

An alternative approach is to use visual recognition for extracting these datasets
automatically from the Internet [166, 230, 238]. A common way of automatically
creating a dataset is to use image search results and rerank them via visual classi-
fiers [79] or some form of joint-clustering in text and visual space [17, 230]. Another
approach is to use a semi-supervised framework [304]. Here, a small amount of la-
beled data is used in conjunction with a large amount of unlabeled data to learn
reliable and robust visual models. These seed images can be manually labeled [238]
or the top retrievals of a text-based search [166]. The biggest problem with most of
these automatic approaches is that the small number of labeled examples or image
search results do not provide enough constraints for learning robust visual classifiers.
Hence, these approaches suffer from semantic drift [50]. One way to avoid semantic
drift is to exploit additional constraints based on the structure of our visual data.
Researchers have exploited a variety of constraints such as those based on visual
similarity [65, 80], semantic similarity [103] or multiple feature spaces [19]. However,
most of these constraints are weak in nature: for example, visual similarity only
models the constraint that visually-similar images should receive the same labels.
On the other hand, our visual world is highly structured: object categories share
parts and attributes, objects and scenes have strong contextual relationships, etc.
Therefore, we need a way to capture the rich structure of our visual world and exploit
this structure during semi-supervised learning.
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Figure 9.2: Outline of Iterative Approach

In recent years, there have been huge advances in modeling the rich structure
of our visual world via contextual relationships [75, 178, 201, 211, 253]. Some of
these relationships include: Scene-Object [253], Object-Object [178, 211], Object-
Attribute [75, 158, 200], Scene-Attribute [201]. All these relationships can provide a
rich set of constraints which can help us improve SSL [29]. But the big question is:
how do we obtain these relationships? One way to obtain such relationships is via
text analysis [30, 105]. However, as [275] points out that the visual knowledge we
need to obtain is so obvious that no one would take the time to write it down and
put it on web.

In this work, we argue that, at a large-scale, one can jointly discover relation-
ships and constrain the SSL problem for extracting visual knowledge and learning
visual classifiers and detectors. Motivated by a never ending learning algorithm for
text [30], we propose a never ending visual learning algorithm that cycles between
extracting global relationships, labeling data and learning classifiers/detectors for
building visual knowledge from the Internet. Our work is also related to attribute
discovery [212, 234] since these approaches jointly discover the attributes and re-
lationships between objects and attributes simultaneously. However, in our case,
we only focus on semantic attributes and therefore our goal is to discover semantic
relationships and semantically label visual instances.
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9.1.2 Technical Approach

Our goal is to extract visual knowledge from the pool of visual data on the web.
We define visual knowledge as any information that can be useful for improving
vision tasks such as image understanding and object/scene recognition. One form
of visual knowledge would be labeled examples of different categories or labeled
segments/boundaries. Labeled examples helps us learn classifiers or detectors and
improve image understanding. Another example of visual knowledge would be re-
lationships. For example, spatial contextual relationships can be used to improve
object recognition. In this Section, we represent visual knowledge in terms of labeled
examples of semantic categories and the relationships between those categories. Our
knowledge base consists of labeled examples of: (1) Objects (e.g ., Car, Corolla);
(2) Scenes (e.g ., Alley, Church); (3) Attributes (e.g ., Blue, Modern). Note that for
objects we learn detectors and for scenes we build classifiers; however for the rest of
this Section we will use the term detector and classifier interchangeably. Our knowl-
edge base also contains relationships of four types: (1) Object-Object (e.g ., Wheel
is a part of Car);(2) Object-Attribute (e.g ., Sheep is/has White); (3) Scene-Object
(e.g ., Car is found in Raceway); (4) Scene-Attribute (e.g ., Alley is/has Narrow).

The outline of our approach is shown in Figure 9.2. We use text-based image
search to download thousands of images for each object, scene and attribute cat-
egory. Our method then uses an iterative approach to clean the labels and train
detectors/classifiers in a semi-supervised manner. For a given concept (e.g ., car),
we first discover the latent visual sub-categories and bounding boxes for these sub-
categories using an exemplar-based clustering approach similar to the one described
previously in Section A3. We then train multiple detectors for a concept (one for
each sub-category) using the clustering and localization results. These detectors
and classifiers are then used for detections on millions of images to learn relation-
ships based on co-occurrence statistics (Section 9.1.2). Here, we exploit the fact the
we are interested in macro-vision and therefore build co-occurrence statistics using
only confident detections/classifications. Once we have relationships, we use them
in conjunction with our classifiers and detectors to label the large set of noisy im-
ages (Section 9.1.2. The most confidently labeled images are added to the pool of
labeled data and used to retrain the models, and the process repeats itself. At every
iteration, we learn better classifiers and detectors, which in turn help us learn more
relationships and further constrain the semi-supervised learning problem.

Seeding Classifiers via Web-data. The first step in our semi-supervised algo-
rithm is to build classifiers for visual categories. One way to build initial classifiers
is via a few manually labeled seed images. Here, we take an alternative approach
and use text-based image retrieval systems to provide seed images for training ini-
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(a) Google Image Search for “tricycle” 

(b) Sub-category Discovery 

Figure 9.3: An example of how clustering handles polysemy, intra-class variation and outlier removal
(a). The bottom row shows our discovered clusters.

tial detectors. For scene and attribute classifiers we directly use these retrieved
images as positive data. However, such an approach fails for training object and
attribute detectors because of four reasons (Figure 9.3(a)) – (1) Outliers: Due to
the imperfectness of text-based image retrieval, the downloaded images usually have
irrelevant images/outliers; (2) Polysemy: In many cases, semantic categories might
be overloaded and a single semantic category might have multiple senses (e.g ., apple
can mean both the company and the fruit); (3) Visual Diversity: Retrieved images
might have high intra-class variation due to different viewpoint, illumination etc.;
(4) Localization: In many cases the retrieved image might be a scene without a
bounding-box and hence one needs to localize the concept before training a detec-
tor. Therefore, to discover object sub-categories, we propose to use the technique
presented in Section A3. Figure 9.3 shows an example of discovered clusters.

Discovering Relationships

Once we have initialized object detectors, attribute detectors, attribute classifiers
and scene classifiers, we can use them to extract relationships automatically from
the data. The key idea is that we do not need to understand each and every image
downloaded from the web but instead understand enough images to learn the sta-
tistical pattern of detections and classifications at a large scale. These patterns can
be used to select the top-N relationships at every iteration. Specifically, we extract

122



four different kinds of relationships:

Object-Object Relationships. The first kind of relationship we extract are
object-object relationships which include: (1) Partonomy relationships such as “Eye
is a part of Baby"; (2) Taxonomy relationships such as “BMW 320 is a kind of Car”;
and (3) Similarity relationships such as “Swan looks similar to Goose”. To extract
these relationships, we first build a co-detection matrix O0 whose elements represent
the probability of simultaneous detection of object categories i and j. Intuitively, the
co-detection matrix has high values when object detector i detects objects inside the
bounding box of object j with high detection scores. To account for detectors that
fire everywhere and images which have lots of detections, we normalize the matrix
O0. The normalized co-detection matrix can be written as: N

− 1
2

1 O0N
− 1

2
2 , where N1

and N2 are out-degree and in-degree matrix and (i, j) element of O0 represents the
average score of top-detections of detector i on images of object category j. Once we
have selected a relationship between pair of categories, we learn its characteristics in
terms of mean and variance of relative locations, relative aspect ratio, relative scores
and relative size of the detections, and use these characteristics to label the type of
relationship.

Object-Attribute Relationships. The second type of relationship we extract
is object-attribute relationships such as “Pizza has Round Shape”, "Sunflower is
Yellow" etc. To extract these relationships we use the same methodology where the
attributes are detected in the labeled examples of object categories. These detections
and their scores are then used to build a normalized co-detection matrix which is
used to find the top object-attribute relationships.

Scene-Object Relationships. The third type of relationship extracted by our
algorithm includes scene-object relationships such as “Bus is found in Bus depot”
and “Monitor is found in Control room”. For extracting scene-object relationships,
we use the object detectors on randomly sampled images of different scene classes.
The detections are then used to create the normalized co-presence matrix (similar
to object-object relationships) where the (i, j) element represents the likelihood of
detection of instance of object category i and the scene category class j.

Scene-Attribute Relationships. The fourth and final type of relationship ex-
tracted by our algorithm includes scene-attribute relationships such as “Ocean is
Blue”, “Alleys are Narrow”, etc. Here, we follow a simple methodology for extracting
scene-attribute relationships where we compute co-classification matrix such that
the element (i, j) of the matrix represents average classification scores of attribute
i on images of scene j. The top entries in this co-classification matrix are used to
extract scene-attribute relationships.
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Nilgai Yamaha Violin 

F-18 Bass 

Figure 9.4: Qualitative Examples of Bounding Box Labeling Done by NEIL

Labeling instances for Constrained SSL

Once we have the initial set of classifiers/detectors and the set of relationships,
we can use them to find new instances of different objects and scene categories.
These new instances are then added to the set of labeled data and we retrain new
classifiers/detectors using the updated set of labeled data. These new classifiers are
then used to extract more relationships which in turn are used to label more data
and so on. One way to find new instances is directly using the detector itself. For
instance, using the car detector to find more cars. However, this approach leads to
semantic drift. Following our case study, to avoid semantic drift, we use the rich set
of relationships we extracted and ensure that the new labeled instances of car satisfy
the extracted relationships (e.g ., has wheels, found in raceways etc.)

Mathematically, let RO, RA and RS represent the set of object-object, object-
attribute and scene-object relationships at iteration t. If φi(·) represents the potential
from object detector i, ωk(·) represents the scene potential, and ψi,j(·) represent the
compatibility function between two object categories i, j, then we can find the new
instances of object category i using the contextual scoring function

φi(x) +
∑

i,j∈RO
⋃
RA

φj(xl)ψi,j(x, xl) +
∑

i,k∈RS

ωk(x)

where x is the window being evaluated and xl is the top-detected window of re-
lated object/attribute category. The above equation has three terms: the first term
is appearance term for the object category itself and is measured by the score of
the SVM detector on the window x. The second term measures the compatibility
between object category i and the object/attribute category j if the relationship
(i, j) is part of the catalogue. For example, if “Wheel is a part of Car” exists in
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the catalogue then this term will be the product of the score of wheel detector and
the compatibility function between the wheel window (xl) and the car window (x).
The final term measures the scene-object compatibility. Therefore, if the knowledge
base contains the relationship “Car is found in Raceway”, this term boosts the “Car”
detection scores in the “Raceway” scenes.

At each iteration, we also add new instances of different scene categories. We
find new instances of scene category k using the contextual scoring function

ωk(x) +
∑

m,k∈RA′

ωm(x) +
∑

i,k∈RS

φi(xl)

whereRA′ represents the catalogue of scene-attribute relationships. The above equa-
tion has three terms: the first term is the appearance term for the scene category
itself and is estimated using the scene classifier. The second term is the appearance
term for the attribute category and is estimated using the attribute classifier. This
term ensures that if a scene-attribute relationship exists then the attribute classifier
score should be high. The third and the final term is the appearance term of an
object category and is estimated using the corresponding object detector. This term
ensures that if a scene-object relationship exists then the object detector should
detect objects in the scene.

Implementation Details. To train scene & attribute classifiers, we first extract a
3912 dimensional feature vector from each image. The feature vector includes 512D
GIST [195] features, concatenated with bag of words representations for SIFT [177],
HOG [53], Lab color space, and Texton [182]. The dictionary sizes are 1000, 1000,
400, 1000, respectively. Features of randomly sampled windows from other categories
are used as negative examples for SVM training and hard mining. For the object
and attribute section, we use CHOG [233] features with a bin size of 8. We train the
detectors using latent SVM model (without parts) [78].

9.1.3 Experimental Results

We demonstrate the quality of visual knowledge by qualitative results, verification
via human subjects and quantitative results on tasks such as object detection and
scene recognition.

NEIL Statistics. While NEIL’s core algorithm uses a fixed vocabulary, we use
noun phrases from NELL [30] to grow NEIL’s vocabulary. So far, NEIL has down-
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Zebra is found in Savanna Ferris wheel is found in Amusement park 

Camry is found in Pub outdoor Opera house is found in Sydney  Bus is found in Bus depot outdoor 

Helicopter is found in Airfield 

Leaning tower is found in Pisa 

Throne is found in Throne room 

Van is a kind of/looks similar to Ambulance Eye is a part of Baby Duck is a kind of/looks similar to Goose Gypsy moth is a kind of/looks similar to Butterfly 

Monitor is a kind of/looks similar to Desktop computer Sparrow is a kind of/looks similar to bird Basketball net is a part of Backboard Airplane nose is a part of Airbus 330 

Figure 9.5: Qualitative Examples of Scene-Object (rows 1-2) and Object-Object (rows 3-4) Rela-
tionships Extracted by NEIL

loaded more than 2.2 million images, and learned an ontology of 2702 concepts with
8685 visual concepts (including sub-categories). It has labeled more than 1 million
bounding boxes, 517k segmentations and 4695 relationships. For bootstrapping this
system, we used a few seed images from ImageNet [58], SUN [289] or the top-images
from Google image search. The current visual knowledge base can be browsed at
www.neil-kb.com.

Qualitative Results. We first show some qualitative results in terms of extracted
visual knowledge by NEIL. Figure 9.4 shows the extracted visual sub-categories along
with a few labeled instances belonging to each sub-category. It can be seen from
the figure that NEIL effectively handles the intra-class variation and polysemy via
the clustering process. The purity and diversity of the clusters for different concepts
indicate that contextual relationships help make our system robust to semantic drift
and ensure diversity. Figure 9.5 shows some of the qualitative examples of scene-
object and object-object relationships extracted by NEIL. It is effective in using a few
confident detections to extract interesting relationships. Figure 9.6 shows some of
the interesting scene-attribute and object-attribute relationships extracted by NEIL.

Evaluating Quality via Human Subjects Next, we want to evaluate the quality
of extracted visual knowledge by NEIL. It should be noted that an extensive and
comprehensive evaluation for the whole NEIL system is an extremely difficult task.
It is impractical to evaluate each and every labeled instance and each and every
relationship for correctness. Therefore, we randomly sample the 500 visual instances
and 500 relationships, and verify them using human experts. By iteration 6, 79% of
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Table 9.1: mAP performance for scene classification on 12 categories.

mAP

Seed Classifier (15 Google Images) 0.52
Bootstrapping (without relationships) 0.54
NEIL Scene Classifiers 0.57
NEIL (Classifiers + Relationships) 0.62

Monitor is found in Control room!
Washing machine is found in Utility room!
Siberian tiger is found in Zoo!
Baseball is found in Butters box!
Bullet train is found in Train station platform!
Cougar looks similar to Cat!
Urn looks similar to Goblet!
Samsung galaxy is a kind of Cellphone!
Computer room is/has Modern!
Hallway is/has Narrow!
Building facade is/has Check texture!
Trading floor is/has Crowded!
!

Umbrella looks similar to Ferris wheel!
Bonfire is found in Volcano!

Figure 9.6: Examples of extracted common sense relationships.

the relationships extracted by NEIL are correct, and 98% of the visual data labeled
by NEIL has been labeled correctly. We also evaluate the per iteration correctness
of relationships: At iteration 1, more than 96% relationships are correct and by
iteration 3, the system stabilizes and 80% of extracted relationships are correct. We
also evaluate the quality of bounding-boxes generated by NEIL. For this we sample
100 images randomly and label the ground-truth bounding boxes. On the standard
intersection-over-union metric, NEIL generates bounding boxes with 0.78 overlap on
average with ground-truth. To give context to the difficulty of the task, the standard
Objectness algorithm [3] produces bounding boxes with 0.59 overlap on average.

Using Knowledge for Vision Tasks. Finally, we want to demonstrate the useful-
ness of the visual knowledge learned by NEIL on standard vision tasks such as object
detection and scene classification. Here, we will also compare several aspects of our
approach: (a) We first compare the quality of our automatically labeled dataset.
As baselines, we train classifiers/detectors directly on the seed images downloaded
from Google Image Search. (b) We compare NEIL against a standard bootstrapping
approach which does not extract/use relationships. (c) Finally, we will demonstrate
the usefulness of relationships by detecting and classifying new test data with and
without the learned relationships.

Scene Classification. First we evaluate our visual knowledge for the task of scene
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Table 9.2: mAP performance for object detection on 15 categories.

mAP

Latent SVM (50 Google Images) 0.34
Latent SVM (450 Google Images) 0.28
Latent SVM (450, Aspect Ratio Clustering) 0.30
Latent SVM (450, HOG-based Clustering) 0.33
Seed Detector (NEIL Clustering) 0.44
Bootstrapping (without relationships) 0.45
NEIL Detector 0.49
NEIL Detector + Relationships 0.51

classification. We build a dataset of 600 images (12 scene categories) using Flickr
images. We compare the performance of our scene classifiers against the scene clas-
sifiers trained from top 15 images of Google Image Search (our seed classifier). We
also compare the performance with standard bootstrapping approach without using
any relationship extraction. Table 9.1 shows the results. We use mean average pre-
cision (mAP) as the evaluation metric. As the results show, automatic relationship
extraction can be used for constrained SSL since the learned classifiers give much
better performance.

Object Detection: We also evaluate our extracted visual knowledge for the task
of object detection. We build a dataset of 1000 images (15 object categories) us-
ing Flickr data for testing. We compare the performance against object detectors
trained directly using (top-50 and top-450) images from Google Image Search. We
also compare the performance of detectors trained after aspect-ratio, HOG clustering
and our proposed clustering procedure. Table 9.2 shows the detection results. Using
450 images from Google image search decreases the performance due to noisy re-
trievals. While other clustering methods help, the gain by our clustering procedure
is much larger. Finally, detectors trained using NEIL work better than standard
bootstrapping.
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9.2 Constraints from Sparsely-supervised Videos

9.2.1 Introduction

The availability of large labeled image datasets [53, 58] has been one of the key
factors for advances in recognition. These datasets, which have been largely curated
from internet images, have not only helped boost performance [78, 93], but have also
fostered the development of new techniques [93, 151]. However, compared to images,
videos seem like a more natural source of training data because of the additional
temporal continuity they offer for both learning and labeling. So ideally we should
have large labeled internet video datasets.

Consider the scale of internet videos – YouTube has 100 hours of video (10 million
frames) uploaded every minute. It seems unlikely that human per-image labeling will
scale to this amount of data. Given this scale of data and the associated annotation
problems [194, 295], which are more pronounced in videos, it is no surprise that richly
annotated large video recognition datasets are hard to find. In fact, the available
video datasets [145, 147, 181, 194] lack the kind of annotations offered by benchmark
image datasets [53, 58, 170].

One way to tackle the labeling problem is using semi-supervised learning (SSL),
as proposed previously in this Chapter. In this Section, we present an approach to
constrain the semi-supervised learning process [238] in videos. Our technique con-
strains the SSL process by using multiple weak cues - appearance, motion, temporal
etc., in video data and automatically learns diverse new examples.

Intuitively, algorithms dealing with videos should use appearance and temporal
cues using detection and tracking, respectively. One would expect a simple com-
bination of detection and tracking to constitute a semi-supervised framework that
would prevent drift since both of these processes would ideally cancel each others’
errors. However, as we show in our experiments (Sec. 9.2.5), a naïve combination of
these two techniques performs poorly. In the long run, the errors in both detection
and tracking are amplified in a coupled system. We can also consider pure detection
approaches or pure tracking approaches for this problem. However, pure detection
ignores temporal information while pure tracking tends to stray away over a long
duration.

We present a scalable framework that discovers objects in video using SSL (see
Figure 9.7). It tackles the challenging problem of localizing new object instances
in long videos starting from only a few labeled examples. In addition, we present
our algorithm in a realistic setting of “sparse labels” [194], i.e., in the few initial
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Figure 9.7: We present a novel formulation of semi-supervised learning for automatically learning
object detectors from videos. Our method works with long video to automatically learn bounding
box level annotations for multiple object instances. It does not assume exhaustive labeling of every
object instance in the input videos, and from a handful of labeled instances can automatically label
hundreds of thousands of instances.

“labeled” frames, not all objects are annotated. This setting relaxes the assumption
that in a given frame, all object instances have been exhaustively annotated. It
implies that we do not know if any unannotated region in the frame belongs to the
object category or the background, and thus cannot use any region from our input as
negative data. While much of the past work has ignored this type of sparse labeling
(and lack of explicit negatives), we show ways to overcome this handicap. Figure 9.8
presents an overview of our algorithm. Our proposed algorithm is different from the
rich body of work on tracking-by-detection. Firstly, we do not attempt to solve the
problem of data association. Our framework does not try to identify whether it has
seen a particular instance before. Secondly, since it works in the regime of sparse
annotations, it does not assume that negative data can be sampled from around the
current box. Thirdly, we limit expensive computation to a subset of the input frames
to scale to a million frames.

Contributions. We present a semi-supervised learning framework that localizes
multiple unknown objects in videos. Starting from few sparsely labeled objects, it
iteratively labels new and useful training examples in the videos. Our key contribu-
tions are: 1) We tackle the SSL problem for discovering multiple objects in sparsely
labeled videos; 2) We present an approach to constrain SSL by combining multiple
weak cues in videos and exploiting decorrelated errors by modeling data in multiple
feature spaces. We demonstrate its effectiveness as compared to traditional tracking-
by-detection approaches; 3) Given the redundancy in video data, we need a method
that can automatically determine the relevance of training examples to the target
detection task. We present a way to include relevance and diversity of the train-
ing examples in each iteration of the SSL process, leading to a scalable incremental
learning algorithm.
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Figure 9.8: Our approach selects samples by iteratively discovering new boxes by a careful fusion
of detection, robust tracking, relocalization and multi-view modeling of positive data. It shows
how an interplay between these techniques can be used to learn from large scale unlabeled video
corpora.

9.2.2 Related Work

The availability of web scale image and video data has made semi-supervised learn-
ing more popular in recent years. In the case of images, many methods [51, 80] rely
on image similarity measures, and try to assign similar labels to close-by unlabeled
images. However, in the case of real-world images, obtaining good image similarity
is hard and hence the simple approaches become less applicable. One major body
of work (including previous Sections of this Chapter) [40, 44, 60, 153, 238] tries to
overcome this difficulty by leveraging the use of a set of pre-defined attributes for im-
age classes [44, 238] and additionally web-supervision and text [40, 60]. While these
methods have good performance for images, they are not well-suited for videos mainly
because they treat each image independently and do not use video constraints. One
major reason for the success of attribute based methods for SSL was the relatively
cheap supervision required for attributes (per-image level tag). In the same spirit,
weakly-supervised video approaches use tags available with internet videos.

Weakly-supervised video algorithms have gained popularity largely due to the
abundance of video level tags on the internet. The input is a set of videos with
video level tags (generally a video belongs to an object category), and the algorithm
discovers the object (if present) in the video. These methods, while effective, assume
a maximum of one dominant object per video [171, 208, 258, 277]. Some of them
additionally assume dominant motion [208] or appearance saliency [163, 171, 208,
258, 277] for the object of interest. The methods of video co-segmentation [36, 85,
104, 133] can be considered a subset of weakly supervised methods. They make a
strong assumption that multiple videos contain the exact same object in majority
of the frames. This assumption of at most one salient object in a video is rarely
satisfied by internet or real world videos. When this assumption does not hold,
methods cannot strongly rely on motion based foreground/background clustering
or on appearance saliency. Our proposed work deals with multiple objects and can
even discover static object instances without strongly relying on motion/appearance
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saliency. However, we do require richer bounding box annotations by way of a few
sparsely labeled instances. A concurrent work [167] utilizes weakly labeled video for
improving detection.

A relevant thread of work which also uses bounding box annotations is that of
tracking-by-detection. It has a long and rich history in computer vision and the
reader is referred to [199] for a survey. The tracking-by-detection algorithms start
with bounding box annotation(s) of the object(s) to track the object(s) over a long
period of time. The underlying assumption is that negative data can be sampled
from around the object [8, 98, 110, 139, 226, 255, 259] to distinguish between the
object and background. This is not valid in the case of sparsely labeled videos because
the unmarked regions may contain more instances of the same object, rather than
background.

Other tracking-by-detection methods [16, 89, 206] do not sample negative data
from the input video. They do so at the cost of using a detector trained on additional
training data, e.g ., [206] uses a DPM [78] trained on images from PASCAL [53]. In
contrast, we do not use such additional training data for our method. This allows
us to work on object categories which are not in standard datasets.

Multi-object tracking-by-detection approaches also focus on solving the problem
of data association - given object locations across multiple frames, determine which
locations belong to the same object. Data association is critical for long term track-
ing, and is also very challenging [16]. In contrast, our goal is not to track over long
periods, but to get short and reliable tracking. Moreover, we do not require these
short tracklets to be associated with each other, and thus have minimal need for
data association.

To summarize, our SSL framework operates in a less restrictive domain com-
pared to existing work in weakly-labeled object discovery and tracking-by-detection.
The key differences are: 1) We localize multiple objects in a single frame as opposed
to zero or one objects. 2) We do not assume strong motion or appearance saliency of
objects, thus discovering static object instances as well. 3) We operate in the regime
of sparsely labeled videos. Thus, in any given frame, all the unmarked region may
contain instances of the object. This does not allow using negative data from the
input frame. 4) We do not need explicit negative data or any pre-trained object mod-
els. 5) Finally, the aim of our approach is very different from tracking approaches.
We do not want to track objects over a long period of time, but want short reliable
tracklets.
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Figure 9.9: Sparsely labeled positives (as shown in the top row) are used to train Exemplar detec-
tors [179]. Since we do not assume exhaustive labeling of each instance in the image, we cannot
sample negative data from around the input boxes. When these detectors (trained without domain
negatives) are used, they may learn background features (like the co-occuring yellow stripes or road
divider) and give high confidence false positives (bottom row). We address this issue by exploiting
decorrelated errors (Section 9.2.4)

9.2.3 Approach Overview

There are two ways to detect objects in videos – either using detection in individual
frames or tracking across frames. In a semi-supervised framework, detection plays
the role of constraining the system by providing an appearance prior for the object,
while tracking generalizes by providing newer views of the object. So one could
imagine a detection and tracking combination, in which one tracks from confident
detections and then updates the detector using the tracked samples. However, as we
show in our experiments (Section 9.2.5), such a naïve combination does not impose
enough constraints for SSL. In contrast, our approach builds on top of this basic
combination of detection and tracking to correct their mistakes.

Our algorithm starts with a few sparsely annotated video frames (L) and itera-
tively discovers new instances in the large unlabeled set of videos (U). Simply put,
we first train detectors on annotated objects, followed by detection on input videos.
We determine good detections (removing confident false positives) which serve as
starting points for short-term tracking. The short-term tracking aims to label new
and unseen examples reliably. Amongst these newly labeled examples, we identify
good and diverse examples which are used to update the detector without re-training
from scratch. We iteratively repeat this fusion of tracking and detection to label new
examples. We now describe our algorithm and the constraints we use (illustrated in
Figure 9.8).

Sparse Annotations (lack of explicit negatives). We start with a few sparsely
annotated frames in a random subset of U . Sparse labeling implies that unlike other
approaches [139], we do not assume exhaustively annotated input, and thus cannot
sample negatives from the vicinity of labeled positives. We use random images from
the internet as negative data for training object detectors on these sparse labels [239].
We use these detectors to detect objects on a subset of the video, e.g ., every 30 frames.
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Training on a few positives without domain negatives can result in high confidence
false positives as shown in Figure 9.9. Removing such false positives is important
because if we track them, we will add more bad training examples, thus degrading
the detector’s performance over iterations.

Temporally consistent detections. We first remove detections that are tempo-
rally inconsistent using a smoothness prior on the motion of detections.

Decorrelated errors. To remove high confidence false positives (see Figure 9.9),
we rely on the principle of decorrelated errors (similar to multi-view SSL [217, 245]).
The intuition is that the detector makes mistakes that are related to its feature
representation [276], and a different feature representation would lead to different
errors. Thus, if the errors in different feature spaces are decorrelated, one can correct
them and remove false positives. This gives us a filtered set of detections.

Reliable tracking. We track these filtered detections to label new examples. Our
final goal is not to track the object over a long period. Instead, our goal is to track
reliably and label new and hopefully diverse examples for the object detector. To
get such reliable tracks we design a conservative short-term tracking algorithm that
identifies tracking failures. Traditional tracking-by-detection approaches [89, 206]
rely heavily on the detection prior to identify tracking failures. In contrast, the goal
of our tracking is to improve the (weak) detector itself. Thus, heavily relying on
input from the detector defeats the purpose of using tracking in our case.

Selection of diverse positives for updating the detector. The reliable tracklets
give us a large set of automatically labeled boxes which we use to update our detector.
Previous work [208] temporally subsamples boxes from videos, treating each box with
equal importance. However, since these boxes come from videos, a large number of
them are redundant and do not have equal importance for training our detector.
Additionally, the relevance of an example added at the current iteration i depends
on whether similar examples were added in earlier iterations. One would ideally want
to train (make an incremental update) only on new and diverse examples, rather than
re-train from scratch on thousands of largely redundant boxes. We address this issue
by selection and show a way of training only on diverse, new boxes. After training
detectors on diverse examples, we repeat the SSL process to iteratively label more
examples.

Stopping criterion of SSL. It is desirable to have SSL algorithms which auto-
matically determine when they should stop. We stop our SSL once our selection
algorithm indicates that it does not have any good candidates to select.
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9.2.4 Approach Details

We start with a small sparsely labeled set L0 of bounding boxes and unlabeled input
videos U . At each iteration i, using models trained on Li−1, we want to label new
boxes in the input videos U , add them to our labeled set L = L∪Li, and iteratively
repeat this procedure. The two key components of this constrained SSL algorithm
are detecting outliers using decorrelated errors, and performing reliable tracking.
Finally, to we bias our selection to add diverse samples.

Detections with decorrelated errors

We train object detectors on our initial set of examples using random images from
Flickr as negatives [239] (Chapter 2). We detect on a uniformly sampled subset of the
video frames and remove the temporally inconsistent detections. Since the negative
data for training the detectors comes from a different domain than the positives, we
still get consistent false positive detections because the detector learns the wrong
concept (see Figures 9.9 and 9.11). To remove such false positives, we perform
outlier removal in a feature space different from that of the detector. The intuition
is that the errors made by learning methods are correlated with their underlying
feature representation, and thus using decorrelated feature spaces might help correct
them. For outlier removal, we use unconstrained Least Squares Importance Fitting
(uLSIF) [140]. These final filtered detections serve as starting points for reliable
short term tracking.

Reliable Tracking

We formulate a scalable tracking procedure that effectively capitalizes on priors
available from detection, color/texture consistency, objectness [3, 271] and optical
flow. More importantly, our tracking procedure is very good at identifying its own
failures. This property is vital in our semi-supervised framework since any tracking
failure will add wrong examples to the labeled set leading to quick semantic drift
(see Figure 9.11). The short-term tracking produces a set of labeled examples Li.

Our single object tracking computes sparse optical flow using Pyramidal Lucas
Kanade [23] on Harris feature points. Since we start with a small set of labeled
examples, and do not perform expensive per-frame detection, our detection prior is
weak. To prevent tracking drift in such cases we incorporate color/texture consis-
tency by using object proposal bounding boxes [271] obtained from a region around
the tracked box. We address two failure modes of tracking:
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Drift due to spurious motion: This occurs while computing optical flow on
feature points which are not on the object, e.g ., points on a moving background
or occlusion. To correct this, we first divide each tracked box into four quadrants
and compute the mean flow in each quadrant. We weigh points in each quadrant by
their agreement with the flow in the other quadrants. The final dominant motion
direction for the box is the weighted mean of the flow for each point. This simple
and efficient scheme helps correct the different motion of feature points not on the
object.

Drift due to appearance change: This is incorporated by object detection boxes
and object proposal bounding boxes in the trellis graph formulation described below.

We formulate the tracking problem as finding the min-cost path in a graph G.
At each frame we incorporate priors in terms of bounding boxes, i.e., detection
bounding boxes, tracked boxes and object proposal bounding boxes. These boxes
are the nodes in our graph and we connect nodes in consecutive frames with edges
forming a trellis graph. The edge weights are a linear combination of the difference
in dominant motions of the boxes (described above), spatial proximity and area
change. Tracking through this trellis graph G is the equivalent of finding the single
min-cost path, and is efficiently computed using Dynamic-Programming [16, 206].
As post-processing, we cut the path as soon as the total cost exceeds a set threshold.

Selection algorithm

After we label thousands of boxes Li for the current iteration, we use them for im-
proving our object detectors. Since video data is highly redundant, we label few
diverse examples and many redundant ones. Training a category detector on these
thousands of (redundant) boxes, from scratch, in every iteration is suboptimal. We
prefer an incremental training approach that makes incremental updates to the de-
tector, i.e., trains only on newly added and diverse examples rather than everything.
This is especially important to prevent drift because even if we label thousands of
wrong but redundant boxes, our method picks only a few of them. We find the
exemplar detectors [112, 179] suitable for incremental learning as they are trained
per bounding box.

For each labeled bounding box in Li, we compute a detection signature [131,
184, 281] using our exemplar detectors. Boxes where our current set of detectors do
not give a high response correspond to examples which are not explained well by
the existing set of detectors. Training on these boxes increases the coverage of our
detectors. Thus, we compute similarity in this detection signature space to greedily
select a set of boxes that are neither similar to our current detectors, nor amongst
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Figure 9.10: We measure the detection performance of the ESVMs from each ablation method on
our test set by computing (left) Average Purity and (right) Recall.

themselves. At each iteration, we limit the number of boxes selected to 10. When
this selection approach is unable to find new boxes, we conclude that we have reached
the saturation point of our SSL. This serves as our stopping criterion.

9.2.5 Experiments

Our algorithm has a fair number of components interacting with each other across
iterations. It is difficult to characterize the importance of each component by using
the whole system at once. For such component-wise characterization, we divide our
experiments in two sets. Our first set of ablative experiments is on a small subset
of videos from VIRAT [194]. In the second set of experiments, we demonstrate the
scalability of our approach to a million frames from [194]. We also show the gener-
alization of our method to a different dataset (KITTI [88]). In both these cases we
evaluate the automatically labeled data in terms of quality, coverage (recall), diver-
sity and relevance to training an object detector. We now describe the experimental
setup which is common across all our experiments.

Datasets: Due to limited availability of large video datasets with bounding box
annotations, we picked car as our object of interest, and two video datasets with a
large number of cars and related objects like trucks, vans etc. We chose the VIRAT
2.0 Ground [194] dataset for its large number of frames, and sparsely annotated
bounding boxes over all the frames. This dataset consists of long hours of surveillance
videos (static camera) of roads and parking lots. It has 329 videos (∼1 million frames,
and ∼6.5 million annotated bounding boxes (partial ground truth) of cars. We also
evaluate on videos from the KITTI [88] dataset which were collected by a camera
mounted on a moving car. We use the set 37 videos (∼12,500 frames) which have
partial ground truth boxes (∼41,000 boxes, small cars are not annotated).

Dataset characteristics: We chose these datasets with very different character-
istics (motion, size of object etc.) to test the generalization of our method. The
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Table 9.3: Comparison of our method with baselines as explained in Section 9.2.5. We train an
LSVM [78] on all the automatically labeled data and compute its detection performance on a
held-out, fully annotated test set (AP for IOU 0.5).

Automatic Labeling (LSVM) Ground Truth

Iteration Boot. Boot.+Sel. Det+Track O w/o Sel O w/o Outlier Ours Pascal LSVM Pascal DPM VIRAT LSVM

10 1.32 9.09 9.09 11.21 7.32 15.39 20.89 29.56 41.3830 1.94 3.03 6.59 10.83 1.41 17.68
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Ours Ours w/o Selection Ours w/o Outlier Boot + Selection Detection + Tracking Bootstrapping 
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Figure 9.11: (a) We look at a subset of the bounding boxes used to train ESVMs across iteration.
Each row corresponds to an ablation method. The top row shows the randomly chosen initial posi-
tive bounding boxes (same for each method). The other methods diverge quickly across iterations,
thus showing that constraints are very important for maintaining purity.

VIRAT and KITTI datasets both consist of outdoor scene videos with a static and
moving camera respectively. The VIRAT dataset captures surveillance videos of
multiple cars in parking lots. The cars in this dataset are small compared to the
frame size, tightly packed together and viewed from a distance (thus no drastic per-
spective effects). The KITTI dataset on the other hand, consists of videos taken by
a vehicle mounted camera. It has high motion, large objects, and perspective ef-
fects. Figure 9.9 shows examples from both the datasets demonstrating their visual
differences.

Detectors: We use the Exemplar-SVM (ESVM) [179] detectors with 5000 random
images from Flickr as negatives [239]. Since per frame detection is expensive, we de-
tect once every 30th frame for VIRAT, and every 10th frame for KITTI. We threshold
detections at SVM score of −0.75.

Multiple feature spaces for false positive removal: We use the uLSIF [140]
algorithm on Pyramidal HOG (PHOG) [22] and color histogram (LAB color with
32 × 16 × 16 bins) features computed on a resized box of 200 × 300 px. We set
the kernel bandwidth for uLSIF by computing the 75th percentile distance between
random pairs of points.

Object proposal windows: We obtain 2000 windows per image using selective
search [271].
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Ablative Analysis of each constraint

To tease apart the contributions of each component described in Section 9.2.3, we
design a set of algorithms using only a subset of the components.

Bootstrapping (Boot): In this vanilla form of SSL, we train object detectors on
the initial labeled set and perform detection. The confident detections are used as
training examples for the next iteration detectors.

Bootstrapping with Selection (Boot+Sel): This algorithm builds upon the
bootstrapping approach described above. However, diverse examples are selected
(Section 9.2.4) from confident detections to train new detectors.

Detection, Tracking and Clustering (Det+Track): In this algorithm, we use
a basic combination of detection and tracking. We start tracking from the confi-
dent ESVM detections to label new examples. We then use WHO (or ELDA) [112]
clustering [184] on these boxes to select training examples for the new detectors.
For clustering, we use WHO features on labeled boxes after resizing, followed by
k-means. We choose the best k in the range (5, 10).

Ours without outlier (O w/o Outlier): This setup uses our entire algorithm
except outlier removal (Section 9.2.4). It can roughly be thought of as Detec-
tion+Tracking+Selection.

Ours without selection (O w/o Sel): This algorithm uses our algorithm except
selection (Section 9.2.4). It uses WHO clustering for selection like Det+Track.

Ours: We use our full algorithm as detailed in Sections 9.2.3.

Ablation dataset: For these set of experiments we use an input set of 25 videos
(∼170,000 frames) and a separate test set of 17 videos (∼105,000 frames) which we
fully annotated. All algorithms start with the same sparse labels consisting of only
21 boxes spread across different videos. We run them iteratively till 30 iterations.

Qualitative Results. Figure 9.11 shows a random set of boxes labeled by each
ablation method (and used to train ESVMs for that method), along with the initial
set of 21 positive examples. We notice that as iterations proceed, the labeling quality
(especially “tightness” of the boxes) for all methods degrades. More importantly, the
other methods like Boot, Det+Track etc. show semantic drift (Figure 9.11 columns
2-5 at iteration 20). We also notice the importance of selection, as Ours w/o Selection
loses good localization ability fairly quickly (Figure 9.11 column 6 at iterations 10-
30). We believe methods like [52] can be used to further improve the labeling quality.
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ESVM Detection performance. For the input videos, we cannot measure la-
beling purity because of partial ground truth (refer to supplementary material for
an approximation of purity). Instead, we measure the relevance of labeled boxes to
detection. We consider detection performance on the test set as a proxy for good
labeling. We test the ESVMs selected and trained by each method across iterations
on the held out test set. A good labeling would result in an increased detection
performance. Figure 9.10 shows Average Purity vs. Recall across iterations for the
various methods on the test set. We use Average Purity, which is same as Average
Precision [53] but does not penalize double-detections, since we are more interested in
whether the ESVMs are good detectors individually, rather than as an ensemble.We
consider an instance correctly labeled (or pure) if its Intersection-Over-Union (IOU)
with any ground-truth instance is greater than 0.3. Our method shows a higher
purity and recall, pointing towards meaningful labeling and selection of the input
data. It also shows that every component of our method is crucial for getting good
performance. We stop our method at iteration 40 because of our stopping criterion
(Section 9.2.4). We got a 2 point drop in purity from iteration 40 to 45, proving
the validity of our stopping criterion. This is important since our algorithm would
rather saturate than label noisy examples.

Training on all the automatically labeled data. In this section, we evaluate
the effectiveness of all our labeled data. For each algorithm, we train an LSVM [78]
(only root filters, mixtures and positive latent updates of DPM [78]) on the data it
labeled, and test it on the held-out test set. Since it is computationally expensive
to train an LSVM on the thousands of boxes, we subsample the labeled boxes (5000
boxes in total for each method using k-means on WHO [112] features). We sample
more boxes from the earlier iterations of each method, because their labeling purity
decreases across iterations (Figure 9.10). We use the same domain independent
negatives [239] for all these LSVMs (left side in Table 9.3). Table 9.3 shows the
detection AP performance of all LSVMs (measured at IOU of 0.5 [53]) for the data
labeled at iteration 10 and 30. We see that LSVM trained on our labeled data
outperforms all other LSVMs. Our performance is close to that of an LSVM trained
on the PASCAL VOC 2007 dataset [53]. This validates the high quality of our
automatically labeled data.

We also note that the performance of an LSVM trained on the ground truth
boxes (VIRAT-LSVM) (5000 boxes from ∼1 million ground truth boxes using the
same k-means as above) achieves twice the performance. The fact that all LSVMs
(except the ones from PASCAL) are trained with the same domain-independent
negatives, indicates that the lack of domain-negatives is not the major cause of
this limitation. This suggests that automatic labeling has limitations compared to
human annotations. On further scrutiny of the LSVM trained on our automatically
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Figure 9.12: We measure the detection performance of the labeled boxes for our large scale experi-
ments. We test the ESVMs trained at each iteration on the held out test set and compute Average
Purity and Recall. Our method outperforms the baselines by a significant margin. It maintains
purity while substantially increasing recall.
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Figure 9.13: Pose variation in automatic labeling of the KITTI dataset. For each algorithm, we
plot the 3D pose distribution of all the boxes it labels after 30 iterations. The first and last plots
show pose distribution for the initial labeled boxes and all boxes in ground truth respectively. The
distribution of boxes labeled by our method is close to the ground truth distribution.

labeled data, we found that the recall saturates after iteration 30. However, the
precision was within a few points of VIRAT-LSVM. Since we work with only the
confident detections/tracklets in the high precision/low recall regime, this behavior
is not unexpected. This is also important since our algorithm would rather saturate
than label noisy positives.

Large scale experiments

In this section, we evaluate the scalability of our algorithm to millions of frames and
object instances. We also test its generalization on two datasets with widely different
characteristics - VIRAT (static camera, small cars tightly packed) and KITTI (mov-
ing camera, high motion, large cars with perspective effects). We use the Boot and
Ours methods described in Section 9.2.5. As we described in Section 9.2.2, most of
the existing approaches make additional assumptions that are not applicable in our
setting, or do not have publicly available code. To make a fair comparison against
existing methods, we adapt them to our setting.

Baseline - Dense detection and association (Detect + Track): This algo-
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Figure 9.14: We look at the selected positives for each baseline method across iterations for both
KITTI and VIRAT datasets. We notice that the purity of the labeled set drops significantly as
iterations proceed. This indicates that constraints specific to video are needed to learn meaningfully
over iterations.

rithm is inspired by Geiger et al. [89] which has state-of-the-art results on KITTI.
The original algorithm uses per-frame detections, followed by a Kalman filter and
data association. We make two changes - 1) To have a comparable detector across
methods, we do not use a pre-trained DPM on PASCAL VOC 2007. We substitute
it with the ESVMs we have at the current iteration. 2) We do not use a Kalman
filter and use data association over a short term (maximum 300 frames). We select
positives for the ESVMs by k-means on WHO features [184].

Baseline - Eigen Functions: We modify the Eigen functions [80] method which
was originally designed for image classification. This method uses distances over
manifolds to label unlabeled data. We use basic detection and short term tracking
to get a set of bounding boxes and use eigen functions to classify them as positive
or background. The boxes from previous iterations on which we trained ESVMs are
used as positives and random images from Flickr [239] as negative data. We use
color histogram (32× 16× 16 LAB space) and PHOG [22] features as input to eigen
functions.

Datasets: Our input set consists of 312 videos (∼820,000 frames) from VIRAT. We
take a held out test set of 17 videos (∼105,000 frames) which we fully annotated.
As input, all algorithms start with the same sparse labels consisting of 43 randomly
chosen bounding boxes across different videos. For the KITTI dataset we use 30
videos (∼10,000 frames) as our input and 7 videos (∼2000 frames) for testing. All
algorithms start with the same sparse labeled 25 bounding boxes from different
videos.

Qualitative Results: We first present qualitative results in Figure 9.14. We notice
the same trends as we did in the ablation analysis, namely, bounding boxes tend to
get less tight across iterations. For the baseline methods, we notice quick divergence
as an increasing number of background patches are classified as car.

ESVMDetection Performance: Following the approach outlined in Section 9.2.5,
we compute the detection performance of the ESVMs on the held out test set. This
helps us measure the relevance of our labeling to the detection task. Figure 9.12
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shows the results of these experiments. We notice that our method outperforms the
baselines on both the metrics (Average Purity and Recall). This reinforces the fact
that our constraints help arrest semantic drift.

Diversity of labeling: The KITTI dataset provides the 3D pose associated with
each labeled car. We use this 3D pose as a proxy for estimating the diversity of our
labeled set. In this experiment, we compute the pose of the examples labeled by
all methods. Figure 9.13 demonstrates that our labeling procedure covers a diverse
range of poses as opposed to baseline methods. The pose distribution of our labeling
is closer to the ground truth distribution, while that of the baselines prefers the more
“popular” poses, i.e., front/back of cars. Combined with the results of Figure 9.12,
this points towards a diverse, and high quality labeling of the data.
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Chapter 10

EXPLORATORY LEARNING: DISCOVERING RELATED CONCEPTS (PRO-
POSED)

Figure 10.1: Fasle Positives for ‘TV’ class using Fast R-CNN [92]
.

In all previous Chapters of this part of the thesis, we started with a list of
concepts, either just names or a few labeled instances, or both. In this proposed
Chapter, we propose to leverage the trained models (detectors and classifiers) to
discover new object categories. But is this even feasible? Now starting from a ‘car’
detector, it is unlikely that we can discover a ‘fork’ detector. But starting from a
‘TV’ detector, it might be possible to learn about ‘paintings’ and ‘windows’; and the
key reason for that is graceful degradation of current visual recognition frameworks.
For example, consider the false-positives of a Fast R-CNN ‘TV’ detector shown in
Figure 10.1. Interestingly, in the top-128 false-positives shown here, there is not a
single random background patch. But more importantly, all examples belong to only
a few concepts, which are easily identifiable (i.e., ‘window’, ‘painting’, ‘laptop’,
‘trashbin’). All these concepts share the property that, according to the model, they
are visually similar to the original concept. So in this Chapter, we propose to
leverage these visual models to discover related concepts in an unlabeled corpus.
This is referred to has Exploratory Learning [55], which according to [13] is:

Exploratory learning can be defined as an approach to teaching and
learning that encourages learners to examine and investigate new mate-
rial with the purpose of discovering relationships between existing back-
ground knowledge and unfamiliar content and concepts.

The key challenge is deciding whether a discovered concept, from the unlabeled
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concept, corresponds to a known class or represents a new class. We propose to
leverage related known concepts (e.g ., ‘sheep’, ‘cow’, ’dog’, ‘horse’ etc.) to find re-
curring patterns in the unlabeled corpus (e.g ., all models classifying the same image
as positive, but not with high confidence). Such image patches are contenders for
new object classes (e.g ., ‘bear’). We plan to explore multiple strategies to find
these recurring patterns: 1) learning a classifier to predict whether two examples
comes from the same class (e.g ., ‘sheep’) or different related classes (e.g ., ‘sheep’
and ‘cow’); 2) using statistical models (e.g ., gaussian processes) on the class prob-
abilities of related concepts to discover outlier samples, or to discover clusters of
images which represent the same concept. These clusters can either be novel views
of known concepts or new related concepts altogether; 3) leveraging recent work in
Exploratory Learning [55] in text domain, where they propose an “exploratory” ex-
tension of expectation-maximization (EM) that explores different number of classes
while learning. Their SSL framework assumes that the number of concepts is un-
known, and therefore there will be concepts without any labeled examples present.
We believe that exploratory learning complements standard SSL, and would help
provide additional constraints for learning.
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[154] L’ubor Ladickỳ, Paul Sturgess, Karteek Alahari, Chris Russell, and Philip HS
Torr. What, where and how many? combining object detectors and crfs. In
ECCV, 2010. 6.2

[155] Kevin Lai, Liefeng Bo, Xiaofeng Ren, and Dieter Fox. A scalable tree-based
approach for joint object and pose recognition. In AAAI, 2011. 4.2

[156] Kevin Lai, Liefeng Bo, Xiaofeng Ren, and Dieter Fox. Sparse distance learning
for object recognition combining RGB and depth information. In ICRA, 2011.
4.2

[157] Victor AF Lamme and Pieter R Roelfsema. The distinct modes of vision offered
by feedforward and recurrent processing. Trends in neurosciences, 2000. 6.2,
7

[158] Christoph H. Lampert, Hannes Nickisch, and Stefan Harmeling. Learning to
detect unseen object classes by between-class attribute transfer. In CVPR,
2009. 5.2, 8.1, 8.2, 8.3, 8.3.2, 9.1.1

[159] Maksim Lapin, Bernt Schiele, and Matthias Hein. Scalable multitask repre-
sentation learning for scene classification. In CVPR, 2014. 5.6.1

[160] Svetlana Lazebnik, Cordelia Schmid, and Jean Ponce. Spatial pyramid match-
ing. In Object Categorization: Computer and Human Vision Perspectives.
Cambridge University Press, 2009. 2.1.1, 2.2.4, 2.3, 2.3.1

[161] Yann LeCun, Bernhard Boser, John S Denker, Donnie Henderson, Richard E
Howard, Wayne Hubbard, and Lawrence D Jackel. Backpropagation applied
to handwritten zip code recognition. Neural computation, 1989. 3.1, 3.2

[162] Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner. Gradient-
based learning applied to document recognition. IEEE, 1998. 6.2

[163] Y. J. Lee, J. Ghosh, and K. Grauman. Discovering important people and
objects for egocentric video summarization. In CVPR, 2012. 9.2.2

[164] Yong Jae Lee and Kristen Grauman. Collect-cut: Segmentation with top-down
cues discovered in multi-object images. In CVPR, 2010. A3

157



[165] Ke Li, Bharath Hariharan, and Jitendra Malik. Iterative instance segmenta-
tion. arXiv preprint arXiv:1511.08498, 2015. 6.2, 6.4.3, 6.5.4

[166] Li-Jia Li, Gang Wang, and Li Fei-Fei. OPTIMOL: Automatic object picture
collection via incremental model learning. In CVPR, 2007. 9.1.1

[167] Xiaodan Liang, Si Liu, Yunchao Wei, Luoqi Liu, Liang Lin, and Shuicheng
Yan. Computational baby learning. arXiv preprint, 2014. 9.2.2

[168] J. Lim, R. Salakhutdinov, and A. Torralba. Transfer learning by borrowing
examples for multiclass object detection. In NIPS, 2011. 4.2

[169] Guosheng Lin, Chunhua Shen, Ian Reid, et al. Efficient piecewise train-
ing of deep structured models for semantic segmentation. arXiv preprint
arXiv:1504.01013, 2015. 6.2, 6.4.1

[170] Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva
Ramanan, Piotr Dollár, and C Lawrence Zitnick. Microsoft coco: Common
objects in context. In ECCV, 2014. 3.6, 3.6, 3.6.2, 3.7.2, 6.6, 6.6, 9.2.1

[171] D. Liu, Gang Hua, and Tsuhan Chen. A hierarchical visual model for video
object summarization. PAMI, 2010. 9.2.2

[172] Wei Liu, Andrew Rabinovich, and Alexander C Berg. Parsenet: Looking wider
to see better. arXiv preprint arXiv:1506.04579, 2015. 6.4.1, 6.4.1, 6.4.2, 6.5.1,
6.1, 6.5.2, 7

[173] Xiaodong Liu, Jianfeng Gao, Xiaodong He, Li Deng, Kevin Duh, and Ye-
Yi Wang. Representation learning using multi-task deep neural networks for
semantic classification and information retrieval. NAACL, 2015. 5.2

[174] Jonathan Long, Evan Shelhamer, and Trevor Darrell. Fully convolutional net-
works for semantic segmentation. In CVPR, 2015. 5.5, 6.2, 6.4.1, 6.4.1, 6.5.2

[175] Ilya Loshchilov and Frank Hutter. Online batch selection for faster training of
neural networks. arXiv preprint arXiv:1511.06343, 2015. 3.2

[176] D. Lowe. Three-dimensional object recognition from single two-dimensional
images. Artificial Intelligence, 1987. 4.2

[177] David Lowe. Distinctive image features from scale-invariant keypoints. IJCV,
2004. 2.1, 2.1.1, 2.3, 9.1.2

[178] Tomasz Malisiewicz and Alexei A. Efros. Beyond categories: The visual memex
model for reasoning about object relationships. In NIPS, 2009. 2.4, A2, 9.1.1

158



[179] Tomasz Malisiewicz, Abhinav Gupta, and Alexei A. Efros. Ensemble of
exemplar-svms for object detection and beyond. In ICCV, 2011. 2.1.1, 2.2.1,
2.2.2, 3.2, 9.9, 9.2.4, 9.2.5

[180] D. Marr and H. Nishihara. Representation and recognition of the spatial or-
ganization of three-dimensional shapes. Proc. Roy. Soc., 1978. 4.2

[181] Marcin Marszałek, Ivan Laptev, and Cordelia Schmid. Actions in context. In
CVPR, 2009. 9.2.1

[182] D. Martin, C. Fowlkes, and J. Malik. Learning to detect natural image bound-
aries using local brightness, color, and texture cues. PAMI, 2004. 9.1.2

[183] Yingfang Meng, Xiaohong Ye, and Brian D Gonsalves. Neural processing of
recollection, familiarity and priming at encoding: Evidence from a forced-
choice recognition paradigm. Brain research, 2014. 6.1, 6.2

[184] Ishan Misra, Abhinav Shrivastava, and Martial Hebert. Data-driven exemplar
model selection. In IEEE Winter Conference on Applications of Computer
Vision (WACV), 2014. A3.1, 9.2.4, 9.2.5, 9.2.5

[185] Ishan Misra, Abhinav Shrivastava, and Martial Hebert. Watch and learn:
Semi-supervised learning of object detectors from videos. In CVPR, 2015. 1.1,
9

[186] Ishan Misra, Abhinav Shrivastava, Abhinav Gupta, and Martial Hebert. Cross-
stitch Networks for Multi-task Learning. In CVPR, 2016. 6.4.1, 6.5.3

[187] Volodymyr Mnih, Nicolas Heess, Alex Graves, et al. Recurrent models of visual
attention. In NIPS, 2014. 6.2

[188] Mohammadreza Mostajabi, Payman Yadollahpour, and Gregory
Shakhnarovich. Feedforward semantic segmentation with zoom-out fea-
tures. In CVPR, 2015. 6.2

[189] Roozbeh Mottaghi, Xianjie Chen, Xiaobai Liu, Nam-Gyu Cho, Seong-Whan
Lee, Sanja Fidler, Raquel Urtasun, and Alan Yuille. The role of context for
object detection and semantic segmentation in the wild. In CVPR, 2014. 6.2

[190] Kevin Murphy, Antonio Torralba, William Freeman, et al. Using the forest to
see the trees: a graphical model relating features, objects and scenes. NIPS,
2003. 6.2

[191] Pushmeet Kohli Nathan Silberman, Derek Hoiem and Rob Fergus. Indoor
segmentation and support inference from RGBD images. In ECCV, 2012. 4.3,
4.5

159



[192] Guillaume Obozinski, Ben Taskar, and Michael Jordan. Multi-task feature
selection. Statistics Department, UC Berkeley, Tech. Rep, 2006. 5.2

[193] Guillaume Obozinski, Ben Taskar, and Michael I Jordan. Joint covariate selec-
tion and joint subspace selection for multiple classification problems. Statistics
and Computing, 20, 2010. 5.2

[194] Sangmin Oh, A. Hoogs, A. Perera, N. Cuntoor, Chia-Chih Chen, Jong Taek
Lee, S. Mukherjee, J. K. Aggarwal, Hyungtae Lee, L. Davis, E. Swears, Xioyang
Wang, Qiang Ji, K. Reddy, M. Shah, C. Vondrick, H. Pirsiavash, D. Ramanan,
J. Yuen, A. Torralba, Bi Song, A. Fong, A. Roy-Chowdhury, and M. Desai. A
large-scale benchmark dataset for event recognition in surveillance video. In
CVPR, 2011. 9.2.1, 9.2.1, 9.2.5, 9.2.5

[195] Aude Oliva and Antonio Torralba. Building the gist of a scene: the role of
global image features in recognition. Progress in Brain Research, 2006. 2.1,
2.1.1, 2.3, 8.4.1, 9.1.2

[196] Aude Oliva and Antonio Torralba. The role of context in object recognition.
Trends in cognitive sciences, 2007. 6.2

[197] Stephen E Palmer. The effects of contextual scenes on the identification of
objects. Memory & Cognition, 1975. 6.2

[198] Sinno Jialin Pan and Qiang Yang. A survey on transfer learning. Knowledge
and Data Engineering, IEEE Transactions on, 22(10):1345–1359, 2010. 5.2

[199] Yu Pang and Haibin Ling. Finding the best from the second bests - inhibiting
subjective bias in evaluation of visual tracking algorithms. In ICCV, 2013.
9.2.2

[200] Devi Parikh and Kristen Grauman. Relative attributes. In ICCV, November
2011. 8.1, 8.2, 9.1.1

[201] Genevieve Patterson and James Hays. SUN attribute database: Discovering,
annotating, and recognizing scene attributes. In CVPR, 2012. 9.1.1

[202] B. Pepik, M. Stark, P. Gehler, and B. Schiele. Teaching 3D geometry to
deformable part models. In CVPR, 2012. 4.2

[203] P. Perona. Visions of a Visipedia. Proceedings of IEEE, 2010. 9.1, 9.1.1

[204] Pedro O Pinheiro, Ronan Collobert, and Piotr Dollár. Learning to segment
object candidates. In NIPS, 2015. 6.2

[205] Pedro O. Pinheiro, Tsung-Yi Lin, Ronan Collobert, and Piotr Dollár. Learning
to refine object segments. In ECCV, 2016. 7

160



[206] H. Pirsiavash, D. Ramanan, and C. C. Fowlkes. Globally-optimal greedy algo-
rithms for tracking a variable number of objects. In CVPR, 2011. 9.2.2, 9.2.3,
9.2.4

[207] Amar Prakash and Devi Parikh. Attributes for classifier feedback. In ECCV,
2012. 8.1, 8.2

[208] A. Prest, C. Leistner, J. Civera, C. Schmid, and V. Ferrari. Learning object
class detectors from weakly annotated video. In CVPR, 2012. 9.2.2, 9.2.3

[209] Guo-Jun Qi, Xian-Sheng Hua, Yong Rui, Jinhui Tang, and Hong-Jiang Zhang.
Two-dimensional active learning for image classification. In CVPR, 2008. 8.2

[210] Ariadna Quattoni, Michael Collins, and Trevor Darrell. Transfer learning for
image classification with sparse prototype representations. In CVPR, 2008. 5.2

[211] Andrew Rabinovich, Andrea Vedaldi, Carolina Galleguillos, Eric Wiewiora,
and Serge Belongie. Objects in context. In ICCV, 2007. 6.2, 9.1.1

[212] Mohammad Rastegari, Ali Farhadi, and David Forsyth. Attribute discovery
via predictable discriminative binary codes. In ECCV, 2012. 8.1, 9.1.1

[213] Ali S Razavian, Hossein Azizpour, Josephine Sullivan, and Stefan Carlsson.
CNN features off-the-shelf: an astounding baseline for recognition. In CVPR
Workshop, 2014. 5.2

[214] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster R-CNN: To-
wards real-time object detection with region proposal networks. arXiv preprint
arXiv:1506.01497, 2015. 3.1, 3.2, 6.1, 6.2, 6.3, 6.3, 6.4.1, 6.5.1, 6.2, 6.5.2, 6.5,
6.6

[215] Ellen Riloff and Rosie Jones. Learning dictionaries for information extraction
by multi-level bootstrapping. In AAAI, 1999. 8.2

[216] Bernardino Romera-Paredes, Andreas Argyriou, Nadia Berthouze, and Massi-
miliano Pontil. Exploiting unrelated tasks in multi-task learning. In ICAIS,
2012. 5.2

[217] C. Rosenberg, M. Hebert, and H. Schneiderman. Semi-supervised self-training
of object detection models. In WACV, 2005. 9.2.3

[218] Stephane Ross, Daniel Munoz, Martial Hebert, and J Andrew Bagnell. Learn-
ing message-passing inference machines for structured prediction. In CVPR,
2011. 6.2

[219] C. Rother, T. Minka, A. Blake, and V. Kolmogorov. Cosegmentation of image
pairs by histogram matching - incorporating a global constraint into MRFs.
In CVPR, 2006. A3

161



[220] Henry Rowley, Shumeet Baluja, and Takeo Kanade. Neural network-based face
detection. IEEE PAMI, 1998. 3.1, 3.2, 3.2

[221] Michael Rubinstein, Armand Joulin, Johannes Kopf, and Ce Liu. Unsupervised
joint object discovery and segmentation in internet images. In CVPR, 2013.
A3, 2.2, 2.3, 2.4, A3.1, A3.2, A3.2

[222] Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh,
Sean Ma, Zhiheng Huang, Andrej Karpathy, Aditya Khosla, Michael Bernstein,
Alexander C. Berg, and Li Fei-Fei. ImageNet Large Scale Visual Recognition
Challenge. IJCV, 115, 2015. 5.5.3

[223] B.C. Russell, W.T. Freeman, A.A. Efros, J. Sivic, and A. Zisserman. Using
multiple segmentations to discover objects and their extent in image collec-
tions. In CVPR, 2006. 8.2

[224] Bryan C. Russell, Antonio Torralba, Kevin P. Murphy, and William T. Free-
man. Labelme: A database and web-based tool for image annotation. IJCV,
2009. 8.1, 8.2

[225] Bryan C. Russell, Josef Sivic, Jean Ponce, and Helene Dessales. Automatic
alignment of paintings and photographs depicting a 3d scene. In 3D Represen-
tation and Recognition (3dRR), 2011. 2.1.1

[226] Amir Saffari, Christian Leistner, Martin Godec, and Horst Bischof. Robust
multi-view boosting with priors. In ECCV, 2010. 9.2.2

[227] S. Savarese and L. Fei-Fei. 3D generic object categorization, localization and
pose estimation. In ICCV, 2007. 4.2

[228] Henry Schneiderman and Takeo Kanade. Object detection using the statistics
of parts. IJCV, 56, 2004. 5.2

[229] Arno Schodl, Richard Szeliski, David H. Salesin, and Irfan Essa. Video tex-
tures. In SIGGRAPH, 2000. 2.1

[230] F. Schroff, A. Criminisi, and A. Zisserman. Harvesting image databases from
the web. In ICCV, 2007. 9.1.1

[231] Alexander G Schwing and Raquel Urtasun. Fully connected deep structured
networks. arXiv preprint arXiv:1503.02351, 2015. 6.2

[232] Pierre Sermanet, David Eigen, Xiang Zhang, Michaël Mathieu, Rob Fergus,
and Yann LeCun. Overfeat: Integrated recognition, localization and detection
using convolutional networks. In ICLR, 2015. 3.2, 6.2

162



[233] F. Shahbaz Khan, R.M. Anwer, J. van de Weijer, A.D. Bagdanov, M. Vanrell,
and A.M. Lopez. Color attributes for object detection. In CVPR, 2012. A3.1,
9.1.2

[234] Viktoriia Sharmanska, Novi Quadrianto, and Christoph H. Lampert. Aug-
mented attribute representations. In ECCV, 2012. 9.1.1

[235] Eli Shechtman and Michal Irani. Matching local self-similarities across images
and videos. In CVPR, June 2007. 2.1.1

[236] Jianbo Shi and Jitendra Malik. Normalized cuts and image segmentation.
TPAMI, 22, 2000. 5.2

[237] Jamie Shotton, John Winn, Carsten Rother, and Antonio Criminisi. Texton-
boost: Joint appearance, shape and context modeling for multi-class object
recognition and segmentation. In ECCV, 2006. 5.2

[238] Abhianv Shrivastava, Saurabh Singh, and Abhinav Gupta. Constrained semi-
supervised learning using attributes and comparative attributes. In ECCV,
2012. 9.1.1, 9.2.1, 9.2.2

[239] Abhinav Shrivastava, Tomasz Malisiewicz, Abhinav Gupta, and A. A. Efros.
Data-driven visual similarity for cross-domain image matching. ACM Trans.
on Graphics, 2011. 9.2.3, 9.2.4, 9.2.5, 9.2.5, 9.2.5

[240] Abhinav Shrivastava, Abhinav Gupta, and Ross Girshick. Training region-
based object detectors with online hard example mining. In CVPR, 2016.
6.3

[241] Behjat Siddiquie and Abhinav Gupta. Beyond active noun tagging: Modeling
contextual interactions for multi-class active learning. In CVPR, 2010. 8.2,
9.1.1

[242] Nathan Silberman, Derek Hoiem, Pushmeet Kohli, and Rob Fergus. Indoor
segmentation and support inference from rgbd images. In ECCV, 2012. 5.1.1,
5.2, 5.5, 5.6, 5.5, 5.6.2

[243] Edgar Simo-Serra, Eduard Trulls, Luis Ferraz, Iasonas Kokkinos, and Francesc
Moreno-Noguer. Fracking deep convolutional image descriptors. arXiv preprint
arXiv:1412.6537, 2014. 3.2

[244] Karen Simonyan and Andrew Zisserman. Very deep convolutional networks
for large-scale image recognition. In ICLR, 2015. 3.5.1, 6.1, 6.2, 6.3, 6.4.2

[245] Vikas Sindhwani and Partha Niyogi. A co-regularized approach to semi-
supervised learning with multiple views. In ICML Workshop, 2005. 9.2.3

163



[246] S. Singh, A. Gupta, and A. Efros. Unsupervised discovery of mid-level dis-
criminative patches. In ECCV, 2012. 3.2, 4.2

[247] J. Sivic and A. Zisserman. Video google: A text retrieval approach to object
matching in videos. In ICCV, 2003. 2.1.1, 2.1.1, 2.3

[248] Noah Snavely, Rahul Garg, Steven M. Seitz, and Richard Szeliski. Finding
paths through the world’s photos. ACM Transactions on Graphics, 2008. A2

[249] M. Stark, M. Goesele, and B. Schiele. Back to the future: Learning shape
models from 3D CAD data. In BMVC, 2010. 4.2

[250] Charles Stein et al. Inadmissibility of the usual estimator for the mean of a
multivariate normal distribution. In Proceedings of the Third Berkeley sympo-
sium on mathematical statistics and probability, volume 1, 1956. 5.2

[251] Marijn F Stollenga, Jonathan Masci, Faustino Gomez, and Jürgen Schmidhu-
ber. Deep networks with internal selective attention through feedback connec-
tions. In NIPS, 2014. 6.2

[252] Chi Su et al. Multi-task learning with low rank attribute embedding for person
re-identification. In ICCV, 2015. 5.6.1

[253] E. Sudderth, A. Torralba, W. T. Freeman, and A. Wilsky. Learning hierarchical
models of scenes, objects, and parts. In ICCV, 2005. 9.1.1

[254] Kah-Kay Sung and Tomaso Poggio. Learning and Example Selection for Object
and Pattern Detection. In MIT A.I. Memo No. 1521, 1994. 3.1, 3.2

[255] James Steven Supancic III and Deva Ramanan. Self-paced learning for long-
term tracking. In CVPR, 2013. 9.2.2

[256] Christian Szegedy, Alexander Toshev, and Dumitru Erhan. Deep neural net-
works for object detection. In NIPS, 2013. 6.2

[257] Martin Takáč, Avleen Bijral, Peter Richtárik, and Nathan Srebro. Mini-batch
primal and dual methods for svms. arXiv preprint arXiv:1303.2314, 2013. 3.5.3

[258] K. Tang, R. Sukthankar, J. Yagnik, and L. Fei-Fei. Discriminative segment
annotation in weakly labeled video. In CVPR, 2013. 9.2.2

[259] Alex Teichman and Sebastian Thrun. Tracking-based semi-supervised learning.
In RSS, 2011. 9.2.2

[260] Piotr Teterwak and Lorenzo Torresani. Shared Roots: Regularizing Deep
Neural Networks through Multitask Learning. Technical Report TR2014-762,
Dartmouth College, Computer Science, 2014. 5.2, 5.6.3

164



[261] Kinh Tieu and Paul Viola. Boosting image retrieval. IJCV, 2004. 2.1.1

[262] Joseph Tighe and Svetlana Lazebnik. Understanding scenes on many levels.
In ICCV, 2011. 8.4

[263] A. Torralba, R. Fergus, and W. T. Freeman. 80 million tiny images: a large
database for non-parametric object and scene recognition. IEEE PAMI, 2008.
2.1, 2.3, A1.1, 8.1, 8.4.1

[264] Antonio Torralba. Contextual priming for object detection. IJCV, 2003. 6.2

[265] Antonio Torralba and Pradeep Sinha. Statistical context priming for object
detection. In ICCV, 2001. 6.2

[266] Antonio Torralba, Kevin P Murphy, William T Freeman, and Mark A Rubin.
Context-based vision system for place and object recognition. In ICCV, 2003.
6.2

[267] Antonio Torralba, Kevin P Murphy, and William T Freeman. Sharing visual
features for multiclass and multiview object detection. PAMI, 29, 2007. 5.2

[268] Zhuowen Tu and Xiang Bai. Auto-context and its application to high-level
vision tasks and 3d brain image segmentation. PAMI, 2010. 6.2

[269] Endel Tulving and Daniel L Schacter. Priming and human memory systems.
Science, 1990. 6.1, 6.2

[270] J.R.R. Uijlings, K.E.A. van de Sande, T. Gevers, and A.W.M. Smeulders.
Selective search for object recognition. IJCV, 2013. 3.1, 3.2, 6.2

[271] K. E. A. van de Sande, J. R. R. Uijlings, T. Gevers, and A. W. M. Smeulders.
Segmentation as selective search for object recognition. IJCV, 2011. 9.2.4,
9.2.5

[272] S. Vicente, C. Rother, and V. Kolmogorov. Object cosegmentation. In CVPR,
2011. A3

[273] Sudheendra Vijayanarasimhan and Kristen Grauman. Large-scale live active
learning: Training object detectors with crawled data and crowds. In CVPR,
2011. 8.2, 9.1.1

[274] Paul Viola and Michael Jones. Robust real-time object detection. IJCV, 2001.
6.1, 6.2

[275] Luis von Ahn and Laura Dabbish. Labeling images with a computer game. In
SIGCHI conference on Human factors in computing systems, 2004. 8.1, 8.2,
9.1.1

165



[276] C. Vondrick, A. Khosla, T. Malisiewicz, and A. Torralba. HOGgles: Visualizing
Object Detection Features. ICCV, 2013. 9.2.3

[277] L. Wang, G. Hua, R. Sukthankar, J. Xue, and N. Zheng. Video object discovery
and co-segmentation with extremely weak supervision. In ECCV, 2014. 9.2.2

[278] X. Wang, David F. Fouhey, and A. Gupta. Designing deep networks for surface
normal estimation. In CVPR, 2015. 5.2, 5.5

[279] Xiaolong Wang and Abhinav Gupta. Unsupervised learning of visual repre-
sentations using videos. In ICCV, 2015. 3.2

[280] Xiaoyu Wang, Ming Yang, Shenghuo Zhu, and Yuanqing Lin. Regionlets for
generic object detection. In ICCV, 2013. 6.1, 6.2

[281] Yu-Xiong Wang and Martial Hebert. Model recommendation: Generating
object detectors from few samples. In CVPR, 2015. 9.2.4

[282] Yonatan Wexler, Eli Shechtman, and Michal Irani. Space-time completion of
video. IEEE PAMI, 2007. 2.1

[283] Oliver Whyte, Josef Sivic, and Andrew Zisserman. Get out of my picture!
internet-based inpainting. In BMVC, 2009. 2.1

[284] Gagan S Wig, Scott T Grafton, Kathryn E Demos, and William M Kelley.
Reductions in neural activity underlie behavioral components of repetition
priming. Nature neuroscience, 2005. 6.1, 6.2

[285] Lior Wolf, Tal Hassner, and Yaniv Taigman. The one-shot similarity kernel.
In ICCV, 2009. 2.1.1

[286] John Wright, Yi Ma, Julien Mairal, Guillermo Sapiro, Thomas S Huang, and
Shuicheng Yan. Sparse representation for computer vision and pattern recog-
nition. Proceedings of the IEEE, 98(6):1031–1044, 2010. 5.2

[287] Dean Wyatte, Tim Curran, and Randall O’Reilly. The limits of feedforward
vision: Recurrent processing promotes robust object recognition when objects
are degraded. Journal of Cognitive Neuroscience, 2012. 6.2, 7

[288] Y. Xiang and S. Savarese. Estimating the aspect layout of object categories.
In CVPR, 2012. 4.2

[289] Jianxiong Xiao, James Hays, Krista Ehinger, Aude Oliva, and Antonio Tor-
ralba. Sun database: Large scale scene recognition from abbey to zoo. In
CVPR, 2010. 4.2, 8.5, 9.1.3

[290] Ya Xue, Xuejun Liao, Lawrence Carin, and Balaji Krishnapuram. Multi-task
learning for classification with dirichlet process priors. JMLR, 8, 2007. 5.2

166



[291] Y. Yang and D. Ramanan. Articulated pose estimation with exible mixtures-
of-parts. In CVPR, 2011. 4.2, 4.4.3, 4.4.3

[292] Yongxin Yang and Timothy M Hospedales. A unified perspective on multi-
domain and multi-task learning. arXiv preprint arXiv:1412.7489, 2014. 5.2

[293] Jian Yao, Sanja Fidler, and Raquel Urtasun. Describing the scene as a whole:
Joint object detection, scene classification and semantic segmentation. In
CVPR, 2012. 6.2

[294] Jason Yosinski, Jeff Clune, Yoshua Bengio, and Hod Lipson. How transferable
are features in deep neural networks? In NIPS, 2014. 5.2

[295] Jenny Yuen, Bryan C. Russell, Ce Liu, and Antonio Torralba. Labelme video:
Building a video database with human annotations. In ICCV, 2009. 9.2.1

[296] Cha Zhang and Zhengyou Zhang. Improving multiview face detection with
multi-task deep convolutional neural networks. In Applications of Computer
Vision (WACV), 2014 IEEE Winter Conference on, pages 1036–1041. IEEE,
2014. 5.2

[297] Tianzhu Zhang, Bernard Ghanem, Si Liu, and Narendra Ahuja. Robust visual
tracking via structured multi-task sparse learning. International journal of
computer vision, 101(2):367–383, 2013. 5.2

[298] Zhanpeng Zhang, Ping Luo, Chen Change Loy, and Xiaoou Tang. Facial
landmark detection by deep multi-task learning. In Computer Vision–ECCV
2014, pages 94–108. Springer, 2014. 5.2

[299] Shuai Zheng, Sadeep Jayasumana, Bernardino Romera-Paredes, Vibhav Vi-
neet, Zhizhong Su, Dalong Du, Chang Huang, and Philip HS Torr. Conditional
random fields as recurrent neural networks. In ICCV, 2015. 6.2, 6.4.1

[300] J. Zhou, J. Chen, and J. Ye. MALSAR: Multi-tAsk Learning via StructurAl
Regularization. ASU, 2011. 5.6.1

[301] Jiayu Zhou, Jun Liu, Vaibhav A Narayan, and Jieping Ye. Modeling disease
progression via fused sparse group lasso. In SIGKDD, 2012. 5.6.1

[302] Qiang Zhou, Gang Wang, Kui Jia, and Qi Zhao. Learning to share latent tasks
for action recognition. In ICCV, 2013. 5.6.1

[303] X. Zhu, C. Vondrick, D. Ramanan, and C. Fowlkes. Do we need more training
data or better models for object detection? In BMVC, 2012. 4.1

[304] Xiaojin Zhu. Semi-supervised learning literature survey. Technical report, CS,
UW-Madison, 2005. 8.2, 8.3.3, 9.1.1

167



[305] Yukun Zhu, Raquel Urtasun, Ruslan Salakhutdinov, and Sanja Fidler.
segdeepm: Exploiting segmentation and context in deep neural networks for
object detection. In CVPR, 2015. 6.2

[306] C. Lawrence Zitnick and Piotr Dollar. Edge boxes: Locating object proposals
from edges. In ECCV, 2014. 3.2, 6.2

168


	Contents
	Introduction
	1 Introduction
	1.1 Organisation
	1.2 Tentative Timeline


	I Training Visual Recognition Models
	2 Data-driven Visual Similarity: Approach and Applications
	2.1 Introduction
	2.2 Approach
	2.3 Experimental Validation on Cross-domain Matching
	2.4 Applications of Data-driven Similarity
	A1 Applications of Improved Image Matching
	A2 Exploring Large, Un-ordered Visual Data
	A3 Object Discovery and Segmentation

	3 Online Hard Example Mining (OHEM)
	3.1 Introduction
	3.2 Related work
	3.3 Overview of Fast R-CNN
	3.4 Our approach
	3.5 Analyzing online hard example mining
	3.6 PASCAL VOC and COCO results
	3.7 Adding bells and whistles

	4 Geometry-constrained Object Detection (G-DPM)
	4.1 Introduction
	4.2 Related Work
	4.3 Overview
	4.4 Technical Approach
	4.5 Experiments

	5 Cross-stitch Networks for Multi-task Learning
	5.1 Introduction
	5.2 Related Work
	5.3 Cross-stitch Networks
	5.4 Design decisions for cross-stitching
	5.5 Ablative analysis
	5.6 Experiments

	6 Contextual Priming & Feedback via Semantic Segmentation
	6.1 Introduction
	6.2 Related Work
	6.3 Preliminaries: Faster R-CNN
	6.4 Our Approach
	6.5 Experiments
	6.6 Results

	7 Up-Down Networks for Object Detection (proposed)

	II Constrained Semi-Supervised Learning (SSL)
	8 Incorporating constraints in SSL: A Case Study
	8.1 Introduction
	8.2 Prior Work
	8.3 Constrained Bootstrapping Framework
	8.4 Mathematical Formulation: Putting it together
	8.5 Experiments

	9 Discovering and employing constraints in the wild
	9.1 Constraints from Weakly-supervised Web-data
	9.2 Constraints from Sparsely-supervised Videos

	10  Exploratory Learning: Discovering Related Concepts (proposed)
	Bibliography


