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Abstract

We propose a novel method for learning convolutional image representations without
manual supervision. We use motion in the form of optical-flow, to supervise represen-
tations of static images. Training a network to predict flow from a single image can
be needlessly difficult due to intrinsic ambiguities in this prediction task. We instead
propose two simpler learning goals: (a) embed pixels such that the similarity between their
embeddings matches that between their optical-flow vectors (CPFS), or (b) segment the
image such that optical-flow within segments constitutes coherent motion (S3-CNN). At
test time, the learned deep network can be used without access to video or flow information
and transferred to various computer vision tasks such as image classification, detection,
and segmentation. Our CPFS model achieves state-of-the-art results in self-supervision
using motion cues, as demonstrated on standard transfer learning benchmarks.

Despite high transfer learning performance, we feel the need to visualize the represen-
tation learned by our self-supervised CPFS model. With that motivation we develop a
suite of visualization methods and study several landmark representations, both shallow
and deep. These visualizations are based on the concept of “natural pre-image”, that
is a natural-looking image whose representation has some notable property. We study
three such visualizations: inversion, in which the aim is to reconstruct an image from its
representation, activation maximization, in which we search for patterns that maximally
stimulate a representation component, and caricaturization, in which the visual patterns
that a representation detects in an image are exaggerated. We formulate these into
a regularized energy-minimization framework and demonstrate its effectiveness. We
show that our method can invert HOG features more accurately than recent alternatives
while being applicable to CNNs too. We apply these visualization techniques to our
self-supervised CPFS model and contrast it with visualizations of a fully supervised
AlexNet and a randomly initialized one.
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1
Introduction

Convolutional Neural Network (CNN) based models have advanced the state-of-the-art

on a wide variety of computer vision tasks such as image classification [58], object

detection [112], semantic image segmentation [46], semantic instance segmentation [55],

etc. Part of this success is attributed to the model: (a) Convolutions and cross-correlations

share parameters across the spatial receptive field effectively treating different locations

in the image as data points, (b) Deep Convolutional Neural Networks (Deep CNNs) have

the added advantage that deep models can parametrize an exponentially large hypothesis

space with a polynomial number of hidden units [8]. However, there is more to the story:

Learning such models end-to-end on pixels still requires a large amount of data. Most

successful CNN models have been trained on millions of manually annotated images

contributing to their success. This thesis views it as a short-coming. Manual annotations

are expensive to obtain and will be a bottleneck in the adoption and wide-spread use of

large deep CNNs. Furthermore, domains such as medical image analysis and ecosystem

studies require experts to annotate data. This further increases the costs, making it very

difficult to train or transfer large models into such applications [49].

Self-supervised learning has emerged as a promising approach to address the above

problem. The idea is to learn a deep CNN on a proxy task where manual annotations are

not required. This model can then be transfered to a target domain / application where only

a small number of annotations are available. To take a concrete example, consider the case

1



2 1.1. Motion Based Self-Supervision

of semantic image segmentation. This application requires per-pixel class labels which

are expensive to obtain and thus most datasets contain only tens of thousands of annotated

images. Training a model on these alone obtains a mere 19.8% mean intersection over

union (%mIoU)1. To boost performance further, one can pre-train the model using a

million image level category labels (ImageNet - ILSVRC2012 [117]) and then fine-tune

it for semantic image segmentation. This achieves 48% mIoU establishing that the set of

semantic segmentation labels was too small to begin with. In this transfer learning context,

the aim for self-supervised learning is to surpass the ImageNet pre-trained model, by pre-

training on an appropriate proxy task that does not require any manual annotations. While

this has not been achieved yet, considerable progress has been made in the last few years.

1.1 Motion Based Self-Supervision

This thesis contributes two proxy tasks for self-supervised learning of generic static

image representations in Chapter 3 (CPFS-CE) and Chapter 4 (S3-CNN). These generic

features can then be fine-tuned for various target applications such as image classifica-

tion, object detection, semantic image segmentation etc. Both proxy tasks use motion

information as the supervisory signal. To get an intuition for why motion could be useful

as a supervisory signal, consider a deep CNN model that is trained to predict, given a

single video frame, how the image could change over time. Since predicted changes can

be verified automatically by looking at the actual video stream, this approach can be used

for self-supervision. Furthermore, learning to predict motion may induce a deep network

to learn about objects in images. The reason is that objects are a major cause of motion

regularity and hence predictability: pixels that belong to the same object are more likely

to “move together” than pixels that do not. This is inspired by the Gestalt principle of

common fate [132] - Things that move together get grouped together.

Besides giving cues about objects, motion has another appealing characteristic

compared to other signals for self-supervision. Many other methods are, in fact, based

on destroying information in images (e.g. by removing color, scrambling parts) and then

tasking a network with undoing such changes. This has the disadvantage of learning the

1Details of experiment in section 3.3.5



1. Introduction 3

representation on distorted images (e.g. gray scale). On the other hand, extracting a single

frame from a video can be thought of as removing information only along the temporal

dimension and allows one to learn the network on undistorted images.

There is, however, a key challenge in using motion for self-supervision: ambiguity.

Even if the deep network can correctly identify all objects in an image, this is still not

enough to predict the specific direction and intensity of the objects’ motion in the video,

given just a single frame2. This ambiguity makes the direct prediction of the appearance

of future frames particularly challenging, and overall an overkill if the goal is to learn

a general-purpose image representation for image analysis. Instead, the previous most

effective method for self-supervision using motion cues [106] is based on first extracting

motion tubes from videos (using off-the-shelf optical-flow and motion tube segmentation

algorithms) and then training the deep network to predict the resulting per-frame segments

rather than motion. Thus they map a complex self-supervision task into one of classic

foreground-background segmentation.

While the approach of [106] sidesteps the difficult problem of motion prediction

ambiguity, it comes at the cost of pre-processing videos using a complex handcrafted

motion segmentation pipeline, which includes many heuristics and tunable parameters.

In this thesis, we instead propose two new methods that can ingest cues from motion

directly. In both cases, motion is represented as optical-flow. Pixel relationships based

on optical-flow guide network features to learn about movable objects in the scene.

In chapter 4, these relationships are explicitly modeled as a per-pixel non-semantic

segmentation. On the other hand, in chapter 3, pixel relationships are implicit in a

high dimensional embedding. The latter is more scalable with better transfer learning

performance but is much less interpretable.

1.2 Visualizing Convolutional Neural Networks

While the embedding based self-supervised model (CPFS-CE) performs well on transfer

learning tasks, it is difficult to get an intuition for why it works and what it is lacking.

Models such as these consist of millions of parameters learned from data and their design

2Our goal is to learn a static image representation hence only a single frame is used.
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Figure 1.1: Four reconstructions of the bottom-right image obtained from the 1,000 dimensional
code extracted from the last fully connected layer of the VGG-M CNN [13]. This figure is best
viewed in color.

is eminently empirical. Such is the case not just for deep CNNs but also for shallower

hand-crafted representations such as HOG [17] and SIFT [88].

With the aim of obtaining a better understanding of representations, we develop

a suite of visualization methods to investigate CNNs and other image features. Our

methods build on the notion of pre-images, which are images whose representations are

notable in some useful sense. For example, their representations may match a target

or maximize the activation of a representation component etc. We note that not all

pre-images are equally interesting; instead, more meaningful results can be obtained by

restricting pre-images to the set of natural images. We call these as “natural pre-images”.

This is particularly true in the study of discriminative models such as CNNs that are

essentially “unspecified” outside the domain of natural images that were used to train

them. While capturing the concept of natural images in an algorithm is difficult in practice,

we propose to use simple natural image priors as a proxy. We formulate this approach

as a regularized energy minimization framework.

All our visualization methods are based on the common idea of seeking natural pre-

images whose representations are notable in some useful sense. We propose a unified

formulation and algorithm to compute them (section 5.2). Within this framework, we
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explore three particular types of visualizations. In the first type, called inversion, we

compute the “inverse” of a representation (fig. 1.1). We do so by modeling it as a

function Φ0 � Φpx0q of the image x0. Then, we attempt to recover the image from

the information contained only in the code Φ0. Notably, most representations Φ are not

invertible functions; for example, a representation that is invariant to nuisance factors

such as viewpoint and illumination removes this information from the image. Our aim

is to characterize this loss of information by studying the equivalence class of images

x� that share the same representation Φpx�q � Φ0.

In activation maximization, the second visualization type, we look for an image x�

that maximally excites a certain component rΦpxqsi of the representation. The resulting

image is representative of the visual stimuli that are selected by that component and helps

understand its “meaning” or function. This type of visualization is sometimes referred

to as “deep dream” [93] as it can be interpreted as the result of the representation

“imagining” a concept.

In our third and last visualization type, which we refer to as caricaturization, we

modify an initial image x0 to exaggerate any pattern that excites the representation

Φpx0q. Differently from activation maximization, this visualization method emphasizes

the meaning of combinations of representation components that are active together.

Chapter 6 applies this suite of visualization methods to the motion based self-

supervised model (CPFS-CE) of chapter 3. It reveals structure contrasting against

the structureless pre-images obtained from a randomly initialized network. We also

observe a “human face neuron” in the activation maximization output. These experiments

also highlight a semantic gap in the representation when compared to the ILSVRC-

2012 pretrained AlexNet model [76]. We quantify this semantic gap in terms of the

number of interpretable neurons using the Network Dissection method [7]. We also

considered using gradient based visualization methods - Network Saliency [121], Guided

Backprop [126] and DeConvNets [156], and found that they are not suitable for visualizing

individual neurons. Chapter 7 therefore presents a critique and analysis of these methods.

It observes that (a) all three methods do not visualize individual neurons in deeper

layers, (b) Network Saliency and Guided Backprop are selective of foreground objects
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and (c) Guided Backprop and DeConvNets show structure in the visualization output.

Teasing apart the operations that constitute these methods, we find a notion of fourier

phase information in the network which largely influences the visualization of deeper

neurons when using these methods.

1.3 Contributions

The core contributions of this thesis are:

• Two methods (CPFS-CE and S3-CNN) for self-supervised learning of generic static

image representations using motion as the supervisory signal.

• A suite of visualization methods based on the use of natural image priors - inversion,

neuron maximization and caricaturization. We use this suite to visualize standard

feedforward CNNs - AlexNet, VGG-M, VGG-VD-16, and a couple of classical

computer vision features - HOG, DSIFT.

• Visualizations of our motion based self-supervised model (CPFS-CE). Contrasting

between the pre-images of our model, those of a fully-supervised one, and a

randomly initialized one reveals more interesting properties about these models

and the visualizations themselves.

• A critique and analysis of gradient based network visualization methods - Network

Saliency, Guided Backprop and DeConvNets.

1.4 Publications Related to This Thesis

Several chapters are based on the following publications/conference proceedings:

Chapter 3 Aravindh Mahendran, James Thewlis, and Andrea Vedaldi. Cross Pixel

Optical-Flow Similarity for Self-Supervised Learning. In Proceedings of the Asian

Conference on Computer Vision, 2018 (To appear)
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Chapter 4 Aravindh Mahendran, James Thewlis, and Andrea Vedaldi. Self-Supervised

Segmentation by Grouping Optical-Flow. In Proceedings of the European Confer-

ence on Computer Vision Workshop, 2018 (To appear)

Chapter 5 Aravindh Mahendran and Andrea Vedaldi. Understanding deep image repre-

sentations by inverting them. In Proceedings of the IEEE Conference on Computer

Vision and Pattern Recognition, pp 5188-5196, 2015.

Aravindh Mahendran and Andrea Vedaldi. Visualizing deep convolutional neural

networks using natural pre-images. International Journal of Computer Vision,

December 2016, Volume 120, Issue 3, pp 233–255, 2016.

Chapter 7 Aravindh Mahendran and Andrea Vedaldi. Salient Deconvolutional Networks.

In Proceedings of the European Conference on Computer Vision, pp 120-135, 2016.
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2
Literature Survey

In this chapter we review various prior works that relate to the general topics of this thesis.

Past publications specific to individual chapters are discussed within them.

2.1 Self-Supervised Learning

This thesis contributes two methods for self-supervised learning of generic static image

representations. We discuss related methods for training generic features for image under-

standing, as opposed to methods with specific goals such as learning object keypoints.

We group these methods according to the supervision cues they use.

Video/Motion Based: Long-term short-term memory based recurrent neural networks

can be trained to predict future frames in a video [127]. This requires the network to

understand image dynamics and extrapolate those dynamics into the future. However,

since several frames are observed simultaneously, these methods may learn something

akin to a tracker, with limited abstraction. On the other hand, we learn to predict properties

of optical-flow from a single input image, thus learning a static image representation

rather than a dynamic one. Recently video colorization was used to learn unsupervised

tracking [138]. Closely related to our work is the use of video segmentation by [106].

They use an off-the-shelf video segmentation method [34] to construct a foreground-

background segmentation dataset in an unsupervised manner. A CNN trained on this

9
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proxy task transfers well when fine-tuned for object recognition and detection. We

differ from them in that we do not require a sophisticated pre-existing pipeline to extract

video segments, but use optical-flow directly. Also closely related to us is the work

of [2]. They train a Siamese style CNN to predict the transformation between two

images. The individual base networks in their Siamese architecture share weights and

can be used as feature extractors for single images at test time. This late fusion strategy

forces the learning of abstractions, but our no-fusion approach pushes the model even

further to learn better features. The polar opposite of this work, is to do early fusion by

concatenating two frames as in FlowNet [27]. This was used as a pre-training strategy

by [39] to learn representations for pairs of frames. This is different from our objective

as we aim to learn a static image representation. This difference becomes clearer when

looking at the evaluation. While we evaluate on image classification, detection, and

segmentation; [39] evaluate on dynamic scene and action recognition. [22] use predictive

coding for self-supervised disentanglement of pose and content. They encourage content

features to be time invariant. Pose features are adversarially learned to not encode content.

Temporal context is a powerful signal. [92, 147, 80] learn to predict the correct

ordering of frames. [36] learn features to pick-out the video with incorrect ordering

of frames. [62] exploit both temporal and spatial co-occurrence statistics to learn

visual groups. [64] extend slow feature analysis using higher order temporal coherence.

[144] track patches in a video to supervise their embedding via a triplet loss while [40]

do the same but for spatio-temporally matched region proposals. Temporal context is

applied in the imitation learning setting by Time Contrastive Networks [120].

Videos contain more than just temporal information. Some methods exploit audio

channels by predicting audio from video frames [20, 105]. [3] train a two stream archi-

tecture to classify whether an image and sound clip correspond. Temporal information

is coupled with ego-motion in [65, 63]. [145] use videos along with spatial context

pre-training [23] to construct an image graph. Transitivity in the graph is exploited to

learn representations with suitable invariances.
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Colorization: [77, 78, 161] predict colour information given greyscale input and show

competitive pre-training performance. A generalization to arbitrary pairs of modalities

was proposed in [162].

Spatial Context: [107] solve the in-painting problem, where a network is tasked with

filling-in partially deleted parts of an image. [23] predict the relative position of two

patches extracted from an image. In a similar spirit, [98, 100] solve a jigsaw puzzle

problem. The latest iteration on context prediction by [94] obtains state-of-the-art

results on several benchmarks.

Adversarial/Generative/Unsupervised: A Bi-directional Generative Adversarial Net-

work (BiGAN) based pretrained model [25] showed competitive transfer learning perfor-

mance on various recognition benchmarks. [67] adversarially learn to generate and spot

defects. Their model trains a discriminator that distinguishes between real and corrupt

images. Features from this discriminator can be transfered to various target applications.

[113] obtain self-supervision from synthetic data and adapt their model to the domain

of real images by training against a discriminator. [10] predict noise-as-targets via an

assignment matrix which is optimized on-line. Their approach is domain agnostic. More

generally, generative unsupervised layer-wise pre-training was extensively used in deep

learning before AlexNet [76]. A review of these and more recent unsupervised generative

models is beyond the scope of this thesis.

Transformations/Geometry: [28] create surrogate classes by applying a set of trans-

formations to each image and learn to become invariant to them. [44] do the opposite

and try to estimate the transformation (just one of four rotations in their case) given the

transformed image. Crop and concatenate transformations are implicit in the ‘learning

by counting’ method of [99]. [101] use correspondences obtained from synthetic warps

to learn a dense image representation. Lastly, our optical-flow classification baseline is

based on the work of [6]. They learn a sparse hypercolumn model to predict surface

normals from a single image and use this as a pretraining strategy. Our baseline flow

classification model is the same but with AlexNet for discretized optical-flow.
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Others: A combination of self-supervision approaches was explored by [24]. They

report that a combination of proxy tasks yields features with better transfer learning

performance than each task individually. [159] propose a mix-and-match tuning strategy

as a precursor to fine-tuning on the target domain. Their approach can be applied to

any pre-trained model and achieves impressive results for PASCAL VOC 2012 semantic

segmentation. Another widely-applicable trick that helps in transfer learning is the re-

balancing method of [74]. They compute network activations on a set of images which

are used to re-scale filter weights. This step is usually done post pre-training and before

fine-tuning. [100] cluster features from a pre-trained network to generate pseudo labels,

which allows for knowledge distillation from larger networks into smaller ones.

2.2 Visualizing Convolutional Neural Networks

This thesis contributes a suite of visualization methods which are based on “natural

pre-images”. Here pre-image is an image that is notable in some sense with respect to a

representation. It could be an image that matches a target representation or maximizes its

components etc. Natural pre-images are pre-images which look natural.

Natural pre-images: Naturalness is achieved in our context using simple regulariz-

ers. Our most important regularizer is the quadratic norm of the reconstructed image

(section 5.2.2). The visual quality of pre-images can be further improved by introducing

complementary regularization methods. Google’s “inceptionism” [93], for example,

contributed the idea of regularization through jittering: they shift the pre-image randomly

during optimization, resulting in sharper and more vivid reconstructions. The work of

Yosinksi et al. [154] used yet another regularizer: they applied Gaussian blurring and

clipped pixels that have small values or that have a small effect on activating components

in a CNN representation, to zero. Although the idea of visualizing representations using

pre-images has been investigated in connection with neural networks since the work

of Linden et al. [83], we are the first to use natural image priors in the analysis of

modern deep CNNs.
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Methods for finding pre-images: Simonyan et al. [121] optimized pre-images, start-

ing from random noise and by means of back-propagation and gradient descent, to

maximize the response of individual filters in the last layer of a deep CNN. We also use

backpropagation for our methods but with a variant of gradient descent based on Ada-

grad [29]. Related energy-minimization frameworks were later adopted by [93, 154]. Prior

to that, very similar methods were applied to early neural networks in [150, 83, 81, 89],

using gradient descent or optimization strategies based on sampling.

Several pre-image methods alternative to energy minimization have been explored as

well. Nguyen et al. [96] used genetic programming to generate images that maximize

the response of selected neurons in the very last layer of a modern CNN, corresponding

to an image classifier. Vondrick et al. [137] learned a paired dictionary that, given

a HOG-encoded [17] image patch, inverts it to produce a pre-image. Weinzaepfel et

al. [148] reconstructed an image from SIFT [88] features using a large vocabulary of

patches to invert individual detections and blended the results using Laplace (harmonic)

interpolation. Earlier works [68, 134] focussed on inverting networks in the context

of dynamical systems.

The DeConvNet method of Zeiler and Fergus [156] “transposes” CNNs to find which

image patches are responsible for certain neural activations. While this transposition

operation applied to CNNs is somewhat heuristic, Simonyan et al. [121] suggested that it

approximates the derivative of the CNN and that, thereby, DeConvNet is analogous to

one step of the backpropagation algorithm used in their energy minimization framework.

A significant difference from our work is that in DeConvNet the authors transfer the

pattern of activations of max-pooling layers from the direct CNN evaluation to the

transposed one, therefore copying rather than inferring this geometric information during

reconstruction. We observe that this geometry dominates the output which no longer

visualizes the input neuron for deep layers.

A related line of work [26, 9] is to learn a second neural network to act as the

inverse of the original one. This is difficult because the inverse is usually not unique.

Therefore, these methods may regress an “average pre-image” conditioned on the target

representation, which may not be as effective as sampling the pre-image if the goal is
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to characterize representation ambiguities. One advantage of these methods is that they

can be significantly faster than energy minimization.

Finally, the vast family of auto-encoder architectures [56] train networks together

with their inverses as a form of auto-supervision. We are, however, interested in

visualizing discriminatively trained CNNs and self-supervised models based on feed-

forward architectures.

Types of visualizations using pre-images: Pre-images can be used to generate a

large variety of complementary visualizations, many of which have been applied to a

variety of representations in prior work.

The idea of inverting representations in order to recover an image from its encoding

was used to study SIFT in the work of [148], Local Binary Descriptors by d’Angelo et

al. [18, 19], HOG in [137] and bag of visual words descriptors in [72]. We also address

the inversion problem for HOG, SIFT, and recent CNNs; our method differs significantly

from the ones above as it addresses many different representations using the same energy

minimization framework and optimization algorithm. In comparison to existing inversion

techniques for dense shallow representations such as HOG [137], it is also shown to

achieve superior results, both quantitatively and qualitatively.

The first to apply activation maximization to recent CNNs such as AlexNet [76]

was the work of Simonyan et al. [121], where this technique was used to maximize the

response of neural activations in the last layer of a deep CNN. Since these responses

are learned to correspond to specific object classes, this produces versions of the object

as conceptualized by the CNN, sometimes called “deep dreams” [93]. Recently, [93]

has generated similar visualizations for their inception network and Yosinksi et al. [154]

have applied activation maximization to visualize not only the last layers of a CNN,

but also intermediate representation components. Related extensive component-specific

visualizations were conducted in [156], by searching over a database of patches to find

one that maximally excites a neuron. The idea of neuron maximization dates back to at

least [30], which introduced activation maximization to visualize deep networks learned

from the MNIST digit dataset. It was applied to a large scale multi-layer perceptron
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in [79] where they visualized a face-like neuron in their unsupervised network. We also

observe a face neuron in our self-supervised model (CPFS-CE).

The first version of caricaturization was explored in [121] to maximize image

features corresponding to a particular object class, although this was ultimately used to

generate saliency maps rather than an image. The authors of [93] extensively explored

caricaturization in their “inceptionism” research with two remarkable results. The first

was to show which visual structures are captured at different levels in a deep CNN. The

second was to show that CNNs can be used to generate aesthetically pleasing images.

In addition to these three broad visualization categories, there are several others

which are more specific. In DeConvNet [156] for example, visualizations are obtained

by activation maximization. They search in a large dataset for an image that causes a

given representation component to activate maximally. The network is then evaluated

feed-forward and the location of the max-pooling activations is recorded. Combined

with the transposed “deconvolutional network”, this information is used to generate crisp

visualizations of the excited neural paths. However, this differs from both inversion

and activation maximization in that it uses information beyond that contained in the

representation output itself.

Fooling pre-images, style transfer and texture synthesis works discussed below are

other types of visualizations that do not fit into the three buckets mentioned above. Some

of these are used more as image synthesis methods rather than visualization techniques.

Activation statistics: Representations can be used to compute statistics that describe

a class of images. This idea is rooted in the seminal work of Julesz [71] that used

the statistics of simple filters to describe visual textures. Julesz’ ideas were framed

probabilistically by Zhu and Mumford [167] and their generation-by-sampling framework

was later approximated by Portilla and Simoncelli [110] as a pre-image problem which

can be seen as a special case of the inversion method discussed in this thesis. More

recently, Gatys et al. [41] showed that the results of Portilla and Simoncelli [110] can

be dramatically improved by replacing their wavelet-based statistics with the empirical

correlation between deep feature channels in the convolutional layers of CNNs.
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Gatys et al. further extended their work in [42] with the idea of style transfer. Here

a pre-image is found that simultaneously (1) reproduces the deep features of a reference

“content image” (just like the inversion technique explored by us) while at the same time

(2) reproducing the correlation statistics of shallower features of a second reference “style

image”, treated as a source of texture information. This can be interpreted naturally in our

framework as a ‘visualization by inversion’ where the natural image prior is implemented

by “copying” the style of a visual texture. For understanding representations, such a

technique can be used to encourage the generation of very different images that share a

common deep feature representation, and that therefore may reveal interesting invariance

properties of the representation.

Finally, another difference between the work of Gatys et al. [41, 42] and the analysis in

this thesis is that they transfer information from several layers of the CNN simultaneously,

whereas we focus on individual layers, or even single feature components. Thus the two

approaches are complementary. In their case, there is no need to add an explicit natural

image prior as we do, as this information is incorporated in the low-level CNN statistics

that they import in style/texture transfer. As shown in our experiments, a naturalness

prior is however important when the goal is to visualize deep features without biasing

the reconstructions using this shallower information.

Fooling representations: A line of research related to visualization by pre-images is

that of “fooling representations”. Here the goal is to generate images, that a representation

assigns to a particular category despite having distinctly incompatible semantics. Some

of these methods look for adversarial perturbations of a source image. For instance,

Tatu et al. [129] show that it is possible to make any two images look nearly identical in

SIFT space up to the injection of adversarial noise in the data. The complementary effect

was demonstrated for CNNs by Szegedy et al. [128], where an imperceptible amount of

adversarial noise was shown to change the predicted class of an image to any desired

class. The latter observation was confirmed and extended by [96]. The instability of

representations appear in contradiction with our results from chapter 5 and [148, 137].

These show that HOG, SIFT, and early layers of CNNs are largely invertible. This

apparent inconsistency may be resolved by noting that [129, 128, 96] require the injection
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of adversarial noise which is very unlikely to occur in natural images. It is not unlikely

that enforcing representations to be sufficiently regular would avoid the issue.

The work by [96] proposes a second method to generate images that fool representa-

tions. They use genetic programming to create, using a sequence of editing operations,

an image that is classified as any desired class by the CNN, while not looking like an

instance of any class. The CNN does not have a background class that could be used

to reject such images; nonetheless the result is remarkable.
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3
Cross Pixel Optical-Flow Similarity for

Self-Supervised Learning

3.1 Introduction

This thesis contributes two self-supervised methods for learning static image repre-

sentations using motion cues. The first of these, discussed in this chapter and illus-

trated in fig. 3.1, is based on a new cross pixel flow similarity (CPFS) framework.

This model is inspired by a line of research on predicting the future from a single

frame [140, 141, 139, 151, 142, 152]. As discussed in chapter 1, the key challenge

with this self-supervision proxy task is that specific details about the motion, such as

its direction and velocity, are usually difficult if not impossible to predict from a single

frame. This difficulty is, however, essential to the learning of useful image abstractions

as it forces the model to use objects rather than pixel tracks as a cue to predict the future.

We address this ambiguity in two ways, forming the core of our technical contributions

here. First, we learn to embed pixels into vectors that cluster together when the model

believes that the corresponding pixels are likely to move together. This is obtained

by encouraging the inner product of the learned pixel embeddings to correlate with the

similarity between their corresponding optical-flow vectors. This does not require the

model to explicitly estimate specific motion directions or velocities. However, this is

still not sufficient to address the ambiguity completely; in fact, while different objects

19
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Figure 3.1: We propose a novel method to exploit motion information represented as optical-
flow, to supervise the learning of deep CNNs. We learn a network that predicts per-pixel
embeddings φpIq such that the kernel computed over these embeddings (Kφ) is similar to that
over corresponding optical-flow vectors (Kf ). This allows the network to learn from motion cues
while avoiding the inherent ambiguity of motion prediction from a single frame.

may be able to move independently, they may not do so all the time. For example,

objects are often stationary so their velocities are all zero. Then they are all grouped

together in optical-flow space. We tackle this second challenge by exploring alternative

loss functions within the CPFS framework. Our hope is that some of these loss functions

may be more robust than simply using naïve correlation.

Other than ambiguity in motion prediction given a single image, motion as a signal

for self-supervision has two issues. (A) Texture less regions in the image cannot be

unambiguously matched across two video frames. Thus optical-flow or for that matter

any motion signal cannot be estimated in these parts of the image. A simple way to

overcome this issue is to only consider regions which can be matched unambiguously.

We do not use this trick and rely entirely on smoothness priors used by flow estimation

methods to fill-in for texture less regions. (B) Several parts of the image do not move.

Thus a notion of objectness relying entirely on the independent motion of objects in

the scene can be biased to conclude that there are no distinct objects in the scene. Our

method overcomes this because it, roughly speaking, matches against the expectation

over possible optical-flows conditioned on the single input frame. So given enough video

data all movable objects might be captured in this average.

In section 3.3 we extensively validate our model against other self-supervised learning

approaches. First, we show that our approach works as well or better than [106],

establishing a new state-of-the-art method for self-supervision using motion cues. Second,
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to put this into context, we also compare our results to all recent approaches for self-

supervision that use cues other than motion. In this case, we show that our approach, via

transfer learning, achieves state-of-the-art performance in semantic image segmentation 1.

We lag behind in classification and detection benchmarks. We also observe that our

alternative loss function performs about the same as naïve kernel alignment, suggesting

that there is room for improvement on that front.

The overall conclusion (section 3.4) is that our method significantly simplifies

leveraging motion cues for self-supervision and does so better than existing alternatives

for this modality; it is also competitive with self-supervision methods that use other

cues, for the task of semantic image segmentation, making motion a sensible choice for

self-supervision by itself or in combination with other cues [24].

3.2 Method

In this section, we describe our novel method, illustrated in fig. 3.1, for self-training

deep neural networks via direct ingestion of optical-flow. Once learned, the resulting

image representation can be used for classification, detection, segmentation and other

tasks with minimal supervision.

Our goal is to learn the parameters of a neural network that maps a single image

or frame to a field of pixel embeddings, one for each pixel. Let Ω � R2 be the set of

pixels, then I : Ω Ñ R3 is an image. Our CNN is the per-pixel mapping φpI, p|Θq P RD

producing D dimensional embeddings corresponding to pixel p P Ω.

In order to learn this CNN, we require the similarity between pairs of embedding

vectors to align with the similarity between the corresponding flow vectors. This is

sufficient to capture the idea that things that move together should be grouped together,

popularly known as the Gestalt principle of common fate [132].

Formally, let p, q P Ω be an arbitrary pair of pixels. Their CNN embedding vectors are

φpI, p|Θq, φpI, q|Θq P RD. Their corresponding optical-flow vectors are fp, fq P R2.

1At the time this work was submitted to ACCV-2018
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Figure 3.2: Visualization of flow and embedding kernels, in the second and third rows respectively.
For three pixels p, we plot the row K�pp, �q reshaped into an image, showing which pixels go
together from the kernel’s perspective. Note the localized nature of the flow kernel which is
obtained by setting a low bandwidth for the RBF kernel. σ2 � 0.0036 in this example. In the first
column, optical-flow and embeddings (after a random 16D Ñ 3D projection) are visualized as
color images.

We match their kernels:

@p, q P Ω : Kφ

�
φpI, p|Θq, φpI, q|Θq

	
u Kf pfp, fqq (3.1)

where Kφ : RD � RD Ñ R, Kf : R2 � R2 Ñ R are kernels that measure the similarity

of the CNN embeddings and flow vectors, respectively.

In this formulation, in addition to the choice of CNN architecture φ, the key design

decisions are the choice of kernels Kφ, Kf and how to translate constraint eq. (3.1) into

a loss function. The rest of the section discusses these choices.

3.2.1 Kernels

In order to compare CNN embedding vectors and flow vectors, we choose the (scaled)

cosine similarity kernel and the Gaussian/RBF kernel respectively. Using the shorthand

notation φp � φpI, p|Θq for readability, these are:

Kφpφp, φqq :� 1
4

φTp φq

}φp}2}φq}2
, Kf pfp, fqq :� exp

�
�}fp � fq}2

2
2σ2



. (3.2)

Note that these kernels, when restricted to the set of pixels Ω, are matrices of size |Ω|�|Ω|.
Each row or column of this matrix can be thought of as a heatmap capturing the similarity
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of a given pixel with respect to all other pixels and thus can be visualized as an image.

We present such visualizations for both of our kernels in fig. 3.2.

We use the Gaussian kernel for the flow vectors as this is consistent with the Euclidean

interpretation of optical-flow as a displacement. Reducing kernel bandwidth pσq would

result in a localized kernel that pushes our embeddings to distinguish between different

movable objects. In some experiments, the value of σ is learned along with the weights

of the CNN in the optimization. This localized kernel, with learned σ2 � 0.0036, is

shown in the second row of fig. 3.2.

We use the cosine kernel for the learned embedding as the CNN effectively computes

a kernel feature map, so that in principle it can approximate any kernel via the inner

product. However, note that the expression normalizes vectors in L2 norm, so that this

inner product is the cosine of the angle between embedding vectors. This normalization

is key as it guarantees that KΦ is maximum when the embeddings being compared are

identical (the Gaussian kernel does so automatically).

3.2.2 Cross Pixel Optical-Flow Similarity Loss Function

The constraint in eq. (3.1) requires kernels Kφ and Kf to be similar. We experiment

with three loss functions for this task - kernel target alignment, cross-entropy, and

cross-entropy reversed.

Kernel Target Alignment (KTA): KTA [15] is a conventional metric to measure the

similarity between kernels. KTA for two kernel matricesK P RD�D, K 1 P RD�D, is given

by

LKTA pK,K 1q �
¸
pq

KpqK
1
pq{
c¸

pq

K2
pq

¸
pq

K 1
pq

2 (3.3)

Cross-Entropy (CE): Our second loss function treats pixels as classes and kernel

values as logits of a distribution over pixels. The cross entropy of these two distributions

measures the distance between them. We compute this loss in two steps. First, we

re-normalize each column K�p�, qq of each kernel matrix into a probability distribution

S�p�, qq 2. Sf p�, qq describes which image pixels p are likely to belong to the same

2K� denotes both Kf and Kφ, S� denotes both Sf and Sφ
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segment as pixel q, according to optical-flow. Sφp�, qq describes the same but from the

CNN embedding’s perspective. These distributions, arising from CNN and optical-flow

kernels, are compared by using cross entropy, summed over columns:

LCEpΘq � �
¸
q

¸
p

Sf pp, qq logSφpp, qq. (3.4)

Normalization uses the softmax operator. We reduce the contribution of diagonal terms

in the kernel matrix before this normalization because each pixel is trivially similar to

itself and would skew the softmax. Formally, for optical-flow we have:

Sf pp, qq �
$&
%

1{
�°

q1�p exppKf pp, q1qq � 1
	
, if p � q,

exppKf pp, qqq{
�°

q1�p exppKf pp, q1qq � 1
	
, if p � q.

(3.5)

Similarly, for the CNN embedding we have:

Sφpp, qq �
$&
%

1{
�°

q1�p exppKφpp, q1qq � 1
	
, if p � q,

exppKφpp, qqq{
�°

q1�p exppKφpp, q1qq � 1
	
, if p � q.

(3.6)

Cross-Entropy Reversed (CE-rev): Note that the particular ordering of distributions

inside the cross entropy loss of eq. (3.4) treats the distribution induced by the optical-flow

kernel (Sf ) as ground truth. The embedding is tasked with inducing a kernel such that

its corresponding distribution Sφ matches Sf . As an ablation study we also experiment

with the order of distributions reversed. In other words we use,

LCE�revpΘq � �
¸
q

¸
p

Sφpp, qq logSf pp, qq. (3.7)

The intuition here is as follows: For a given pixel p, the distribution Sφp�, qq must be

a delta distribution around q1 � argmax Sf p�, qq. This is the natural effect of a flipped

cross entropy loss. This delta distribution can be best approximated by aligning the

two embeddings φp u φq1 and making all others anti-correlated φp u �φq @ q � q1.

Note however that this degenerate solution forces all φq, φq2 such that q, q2 � q1 to align

as well. This coincidental alignment would, in general, significantly increase the loss

function. Thus the embedding is forced to induce a non degenerate distribution Sφ. We

consider it interesting to experiment with this loss.

Thus we have three cross pixel flow similarity losses - Kernel Target Alignment

(CPFS-KTA), Cross Entropy (CPFS-CE) and Cross Entropy reversed (CPFS-CE-rev).



3. Cross Pixel Optical-Flow Similarity for Self-Supervised Learning 25

3.2.3 CNN Embedding Function

Lastly, we discuss the architecture of the CNN function φ itself. It maps the image to a

per-pixel embedding. Recall that @ p P Ω, φpI, p|Θq P RD. We design the embedding

CNN as a hypercolumn head [53] over a conventional CNN backbone such as AlexNet.

The hypercolumn concatenates features from multiple depths so that our embedding can

exploit high resolution details normally lost due to max-pooling layers. For training, we

use the sparsification trick of [77, 78] and restrict prediction and loss computation to

a few randomly sampled pixels in every iteration. This reduces memory consumption

and improves training convergence as pixels in the same image are highly correlated and

redundant; via sampling we can reduce this correlation and train more efficiently [6].

In more detail, the backbone is a CNN with activations at several layers:

tφc1pI|Θq, � � � , φcnpI|Θqu P RH1�W1�D1 � � � � � RHn�Wn�Dn . We follow [78] and

interpolate values for a given pixel location and concatenate them to form a hypercolumn

φHpI, p|Θq P RD1�����Dn . The hypercolumn is then projected non-linearly to the desired

embedding φpI, p|Θq P RD using a multi-layer perceptron (MLP). Details of the model

architecture are discussed in section 3.3.1.

3.3 Experiments

We extensively assess our approach by demonstrating its effectiveness in learning features

that we show as useful for several tasks. In order to make our results comparable to most

of the related papers in the literature, we consider an AlexNet [76] backbone and four

tasks: classification in ImageNet [117] and classification, detection, and segmentation

in PASCAL VOC [32, 33].

3.3.1 Backbone Details

We adapt the AlexNet version used by Pathak et al. [106]. The modifications are minor

(mostly related to padding) and to make it suitable to attach a hypercolumn head. Sparse

hypercolumns are built from the conv1, pool1, conv3, pool5 and fc7 AlexNet activations.

Embeddings are generated using a multi-layer perceptron (MLP) with a single hidden
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Figure 3.3: Image and optical-flow training pairs post scale-crop-flip data augmentation. The
noisy nature of both images and optical-flows illustrate the challenges in using motion as a
self-supervision signal. Optical-flow is visualized as a colour image using the toolbox of [11].

layer and are L2-normalized. The embeddings are D � 16 dimensional (this number

could be improved via cross validation, although this is expensive). The exact model

specification, in the caffe text protocol buffer format (.prototxt), is included in appendix A.

3.3.2 Dataset

We train the above AlexNet model on a dataset of RGB-optical-flow image pairs. Inspired

by the work of Pathak et al. [106], we built a dataset from � 204k videos in the

YFCC100m dataset [131]. The latter consists of Flickr videos made publicly-available

under the creative commons license. We extract 8 random frames from each video and

compute optical-flow between those at times t and t � 5 using the same (handcrafted)

optical-flow method of [106, 84]. Overall, we obtain 1.6M image-flow pairs.3 Example

training sample crops along with optical-flow fields are shown in fig. 3.3. The noisy nature

of both the images and optical-flow in such large-scale non-curated video collections

makes it all the more challenging for self-supervision.

Optical-flow vectors pfx, fyq are normalized logarithmically to lie between r�1, 1s
during training, so that occasional large flows do not dominate learning. More precisely,

3The dataset occupies more than 1TB of space and does not easily fit in fast memory such as an SSD
for training. We addressed this problem by using a fixed point 16bit representation of optical-flow similar
to KITTI [43] and storing it as PNG images, with dramatic compression and negligible residual error. The
compressed data occupies 431GB.
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the normalization is given by:

f 1 �

�
���

signpfxqmin
�

1, logp|fx|�1q
logpM�1q

	

signpfyqmin
�

1, logp|fy |�1q
logpM�1q

	
�
��� (3.8)

where M is a loose upper bound on the flow-magnitude set to 56.0 in our experiments.

Despite the large size of this data and aggressive data augmentation during training,

AlexNet overfits on our self-supervision task. We use early stopping to reduce over-fitting

by monitoring the loss on a validation set. The validation set consists of 5000 image-flow

pairs computed from the YouTube objects dataset [111]. Epic-Flow [114], with initial

matches from Deep-Matching [149], was used to compute optical-flow for these frames.

3.3.3 Learning Details

We use the Adam optimizer [73] with β1 � 0.9, β2 � 0.999, ε � 10�8 and initial learning

rate set to 10�4. No weight decay is used because it resulted in our model reaching a

worse local minima before overfitting started. Pixels are sampled uniformly at random for

the sparse hypercolumns. Sampling more pixels gives more information per image but

also consumes more memory and is computationally expensive, making each iteration

slower. We use 512 pixels per image to balance this trade-off. This reduces memory

consumption and allows for a large batch size of 96 frames. Scale, horizontal flip and crop

augmentation are applied during training. Color augmentation: shifting the hue by up to

0.1, random contrast between 0.2 and 1.8, random brightness by up to 0.12 (based on 0�1

normalised colours); is also applied. The network is trained on crops of size 224� 224.

Parameter-free batch-normalization [60] is used throughout the network; the moving

average mean and variance are absorbed into convolution kernels after self-supervised

training, so that, for evaluation, AlexNet does not contain batch normalization layers. The

full implementation using TensorFlow [1] will be publicly available on GitHub.

3.3.4 Qualitative Results

While our learned pixel embeddings are not meant to be used directly (instead their

purpose is to pre-train a neural network parametrization that can be transferred to other
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Figure 3.4: Per-pixel embeddings are visualized by randomly projecting them to RGB colors. We
show example embeddings generated by our model on frames from the YouTube objects dataset.
From top to bottom: The original validation images, RGB-mapped embeddings, and optical-flow
fields. Best viewed in color on screen.

tasks), nevertheless it is informative to visualize them. Since embeddings are 16D, we first

project them to 3D vectors via random projections and then map the resulting coordinates

to RGB space. We visualize embeddings generated by our model, pre-trained using

the CPFS-CE loss (Equation (3.4)), on frames from the YouTube objects validation set

in fig. 3.4. Note that pixels on a salient foreground object tend to cluster together in

the embedding (see, for example, the aircraft in column 4, the motor cyclist in column

3 and the cat in column 6).

3.3.5 Quantitative Results

We follow standard practice in the self-supervised learning community and fine-tune

the learned representation on various recognition benchmarks. We evaluate our features

by transfer learning on PASCAL VOC 2007 detection and classification [32], PASCAL

VOC 2012 segmentation [33], and ILSVRC12 linear probing [161] (in the latter case, the

representation is frozen). We provide details on the evaluation protocol next and compare

against other self-supervised models with results reported for AlexNet-like-architectures

in tables 3.1 and 3.2. Different from other approaches, we did not benefit from the

re-balancing trick of [74] and hence we report results without it. This is possibly due

to the use of batch normalization layers.
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Baseline: Our main hypothesis is that the cross pixel flow similarity matching method,

rather than the direct prediction of optical-flow, is more appropriate for exploiting

optical-flow as a self-supervisory signal. We validate this hypothesis by comparing

against a direct optical-flow prediction baseline, using the same CNN architecture as

our method but a different loss function: while we use flow-similarity matching losses,

this baseline does a standard per-pixel softmax cross entropy across 16 discrete optical-

flow classes, once for each spatial dimension — x and y. To this end, since the flow is

normalized in r�1, 1s (eq. (3.8)), this interval is discretized uniformly. Note that direct

L2 regression of flow vectors is also possible, but did not work as well in preliminary

experiments. This may be because continuous regression is usually harder for deep

networks compared to classification, especially for ambiguous tasks. It was beneficial

to use a faster initial learning rate of 0.01.

VOC2007-detection: We finetune our AlexNet backbone end-to-end using the Fast-

RCNN model [45] using code from [112] to obtain results for PASCAL VOC 2007

detection [32]. Finetuning is performed for 150k iterations, were the learning rate

drops by a 10th every 50k iterations. The initial learning rate is 0.002, weight decay

is 5 � 10�4, train-set is VOC2007-train+val, test-set is VOC2007-test. Following the

guidelines of [74], we use multi-scale training and single scale testing. We report mean

average precision (mAP) in table 3.1 (col. 5) along with results of other self-supervised

learning methods. We achieve the state-of-the-art among methods that use temporal

information in videos for self-supervision.

VOC2007 classification: We finetune our pretrained AlexNet to minimize the softmax

cross-entropy loss over the PASCAL VOC 2007 trainval set for image classification

across 20 Pascal classes. The initial learning rate is 10�3 and drops by a factor of 2 every

10k iterations for a total of 80k iterations and predictions are averaged over 10 random

crops at test time in keeping with [74]. We use the code provided by [78] and report

mean average precision (mAP) on VOC2007-test in the fourth column of table 3.1. We

achieve state-of-the-art among methods that derive self-supervision from motion cues;

in particular, we outperform [106] by a large margin.
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Method Supervision [Ref] Cls. Detection Seg.

Krizhevsky et al. [76] Class Labels [161] 79.9 56.8 48.0
Random - [107] 53.3 43.4 19.8

Agrawal et al. [2] Egomotion [25] 63.1 43.9 -
Jayaraman et al. [63] Egomotion [63] - 41.7 -
Lee et al. [80] Time-order [80] 63.8 46.9 -
Misra et al. [92] Time-order [92] - 42.4 -
Pathak et al. [106] Video-seg [106],Self 61.0 50.2 -
Wang et al. [144] Track + Rank [74, 144] 63.1 47.5 -

CPFS-CE Optical-flow Self 64.2 50.8 41.4
CPFS-CE-rev Optical-flow Self 63.6 49.9 39.5
CPFS-KTA Optical-flow Self 65.3 50.5 41.5

M
ot

io
n

cu
es

Ours direct cls. Optical-flow Self 63.2 46.1 38.8

O
th

er
cu

es

Bojanowski et al. [10] - [10] 65.3 49.4 -
Doersch et al. [23] Context [25] 65.3 51.1 -
Donahue et al. [25] - [25] 60.3 46.9 35.2
Gidaris et al. [44] Rotation [44] 73.0 54.4 39.1
Krahenbuhl et al. [74] - [74, 25] 56.6 45.6 32.6
Larssons et al. [78] Colorization [78] 65.9 - 38.4
Mundhenk et al. [94] Context [94] 69.3 55.2 40.6
Noroozi et al. [98] Jigsaw [98] 67.6 53.2 37.6
Noroozi et al. [99] Counting [99] 67.7 51.4 36.6
Noroozi et al. [100] Jigsaw++ [100] 69.8 55.5 38.1
Noroozi et al. [100] CC+Jigsaw++ [100] 69.9 55.0 40.0
Owens et al. [105] Sound [162, 105] 61.3 44.1 -
Pathak et al. [107] In-painting [107] 56.5 44.5 29.7
Jenni et al. [67] - [67] 69.8 52.5 38.1
Zhang et al. [161] Colorization [161] 65.9 46.9 35.6
Zhang et al. [162] Split-Brain [162] 67.1 46.7 36.0

Zhan et al. [159]: Colorization [159] - - 42.8
Zhan et al. [159]: Puzzle [159] - - 44.5

Table 3.1: Pascal VOC Comparison for three benchmarks: VOC2007-classification (column
4) %mAP, VOC2007-Detection (Column 5) %mAP and VOC2012-Segmentation (Column 6)
%mIoU. The rows are grouped into four blocks (1) The limits of no-supervision and human
supervision, (2) motion/video based self-supervision, (3) Our models and the baseline, (4) other
self-supervision cues. The third column “[ref]” indicates which publication the reported numbers
are borrowed from. Zhan et al. (marked :) contribute a different mix-and-match tuning strategy
which transfers better to the target domain compared to finetuning. This is orthogonal to the efforts
of finding a self-supervision method and is therefore not counted when marking the state-of-the-art
in bold.
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Method Supervision [ref] C1 C2 C3 C4 C5

Krizhevsky et al. [76] Class Labels [162] 19.3 36.3 44.2 48.3 50.5
Random - [162] 11.6 17.1 16.9 16.3 14.1
Random-rescaled [74] - [74] 17.5 23.0 24.5 23.2 20.6

Pathak et al. [106] Video-seg Self 15.8 23.2 29.0 29.5 25.4
CPFS-CE Optical-Flow Self 14.9 25.0 29.5 30.1 29.1
CPFS-CE-rev Optical-Flow Self 15.3 24.8 27.7 27.8 26.3
CPFS-KTA Optical-Flow Self 14.8 24.6 29.2 29.5 28.1

M
ot

io
n

Ours direct cls. Optical-Flow Self 14.0 23.0 26.4 26.7 24.8

O
th

er
cu

es

Doersch et al. [23] Context [162] 16.2 23.3 30.2 31.7 29.6
Gidaris et al. [44] Rotation [44] 18.8 31.7 38.7 38.2 36.5
Jenni et al. [67] - [67] 19.5 33.3 37.9 38.9 34.9
Donahue et al. [25] - [162] 17.7 24.5 31.0 29.9 28.0
Mundhenk et al. [94] Context [94] 19.6 31.4 37.0 37.8 33.3
Noroozi et al. [98] Jigsaw [99] 18.2 28.8 34.0 33.9 27.1
Noroozi et al. [99] Counting [99] 18.0 30.6 34.3 32.5 25.7
Noroozi et al. [100] Jigsaw++ [100] 18.2 28.7 34.1 33.2 28.0
Noroozi et al. [100] CC+Jigsaw++ [100] 18.9 30.5 35.7 35.4 32.2
Pathak et al. [107] In-Painting [162] 14.1 20.7 21.0 19.8 15.5
Zhang et al. [161] Colorization [162] 13.1 24.8 31.0 32.6 31.8
Zhang et al. [162] Split-Brain [162] 17.7 29.3 35.4 35.2 32.8

Table 3.2: ImageNet LSVRC-12 linear probing evaluation. A linear classifier is trained on the
(downsampled) activations of each layer in the pretrained model. Top-1 accuracy is reported on
ILSVRC-12 validation set. The column “[ref]” indicates which publication the reported numbers
are borrowed from. We finetune Pathak et al.’s [106] model along with ours as they do not report
this benchmark in their paper. C1: Conv1, C2: Conv2, C3: Conv3, C4: Conv4, C5: Conv5
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ILSVRC12 linear probing: We follow the protocol and code of [162] to train a linear

classifier on activations of our pre-trained network. The activation tensors produced by

various convolutional layers (after ReLU) are down-sampled using bilinear interpolation

to have roughly 9,000-10,000 elements before being fed into a linear classifier. The CNN

parameters are frozen and only the linear classifier weights are trained on the ILSVRC-12

training set. Top-1 classification accuracy is reported on the ILSVRC-12 validation

set (table 3.2). We achieve the state-of-the-art among motion based self-supervision

methods, except for “conv1” features.

VOC2012 segmentation: We use the two staged fine-tuning approach of [78] who

finetune their AlexNet for semantic segmentation using a sparse hypercolumn head

instead of the conventional FCN-32s head. We do so because it is a better fit for our

sparse hypercolumn pre-training, although the hypercolumn itself is built using different

layers (conv1 to conv5 and fc6 to fc7). Thus the MLP predicting the embedding φ from hy-

percolumn features is replaced with a new one before fine-tuning for segmentation. Also,

our model has a fully convolutional structure but is pre-trained on a non-convolutional

proxy task. We obtain a mere 31.3 %mIoU using FCN-32s.

[78]’s two staged fine-tuning approach involves training the model twice: First train

on 90% of the training data while monitoring the per pixel accuracy on the remaining 10%.

If the accuracy drops or plateaus, drop the learning rate by a factor of 10 and continue.

Next, freeze the learning rate scheme obtained by the first pass and train on the entire

training set again. The training data consists of the PASCAL VOC 2012 [33] training set

augmented with additional annotations from [52]. Thus the training-validation split has

10582 training images and 1449 validation images respectively. Test results are reported

as mean intersection-over-union (mIoU) scores on the PASCAL VOC 2012 validation

set (Column 6 of table 3.1). We achieve the state of the art on this benchmark among

all self-supervised learning methods, even ones that use other supervisory signals than

motion (at the time of submission of this work to ACCV-2018).
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Other Architectures: We experimented with a VGG-16 [123] backbone4 and followed

the protocol of [78] to evaluated on VOC2007-classification and VOC12-segmentation.

Our CPFS-CE model achieved 76.4% mAP for VOC2007 classification comparable

to Larsson et al.’s 77.2% [78]; and 51.7% mIoU for VOC2012-segmentation which

fell short of [78]’s 56.0%. VGG-16 has many more parameters than AlexNet. We

argue that it may benefit from the extra 2.1M images used by [78] which might explain

this performance gap.

3.3.6 Discussion

We can take home several messages from these experiments. First, in all cases our

approach outperforms the baseline of predicting optical-flow directly. This is true for all

three cross pixel flow similarity loss functions. This supports our hypothesis that direct

single-frame optical-flow prediction is either too difficult due to its intrinsic ambiguity

or a distraction from the goal of learning a powerful representation. It also supports our

claim that predicting pairwise flow similarities partially addresses this ambiguity and

allows us to learn useful CNN representations from optical-flow.

Second, the cross entropy loss is comparable in performance to kernel target alignment

(KTA). We know that KTA aligns kernels uniformly and doing so is still highly ambiguous.

Thus there is more room for improvement in the loss function design. Perhaps a

probabilistic treatment of kernel matrices may be useful in the future. Also, surprisingly,

reversed cross entropy performs well although not as well as the other two loss functions.

Third, our method is the state of the art for self-supervision using motion cues. This

is notable as our approach is significantly simpler than the previous state of the art

represented by [106]. By ingesting optical-flow information directly, it does not require

data pre-processing via a video segmentation algorithm.

Finally, we also observe that all video/motion based methods for self-supervised

learning are generally not as effective as methods that use other cues; particularly in

image classification benchmarks. However, our approach still sets the overall state of the

art for semantic image segmentation suggesting that the learned representation may be

4Full model: ‘pool 1-5’, and ‘fc7’ (projected to 256 channels using a 1 � 1 convolution for faster
training) constitute the hypercolumn head for pre-training on the dataset (Section 3.3.2).
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more suitable for per-pixel applications. Therefore further progress in this area of motion

based self-supervision may be possible and is worth seeking. At the same time, authors

of [24] find that combinations of different cues may result in the best performance;

in this sense, our approach, by significantly simplifying the use of motion cues, can

make it much easier to design multi-task networks that can leverage motion together

with other complementary methods.

3.4 Summary

We have presented a novel method for self-supervision using motion cues based on

cross-pixel optical-flow similarity loss functions. We trained an AlexNet model using

this scheme on a large unannotated video data-set.

We established the effectiveness of the resulting representation by transfer learning for

several recognition benchmarks. Compared to the previous state of the art motion based

method [106], our method works just as well and in some cases noticeably better despite

a significant algorithmic simplification. We also outperform all other self-supervision

strategies in semantic image segmentation (VOC12). This is reasonable as we train

on a per-pixel proxy task on undistorted RGB images and use a hypercolumn model

for fine-tuning.

3.5 Statement of Authorship

This chapter is based on joint work with James Thewlis (CDT, Department of Engineering

Science, University of Oxford). His individual contributions are detailed below:

1. Prepared a smaller version of YFCC100m-1600k dataset (section 3.3.2) called

YFCC100m-150k. The latter is also used in chapter 4.

2. Formulated and implemented the cross entropy based cross pixel flow similarity

loss (CPFS-CE) (eq. (3.4)).

3. Developed and engineered the first form of the flow normalization method. Equa-

tion (4.10) of chapter 4.



4
Self-Supervised Segmentation by

Grouping Things That Flow Together

4.1 Introduction

This chapter presents our second model for self-supervised learning of static image

representations using motion cues. It is a variant of the model discussed in chapter 3.

The core insight is that, instead of an implicit grouping by a similarity over embeddings

as in chapter 3, one can learn a model that segments the image into regions. Then

the proxy task for self-supervision is to predict segments that have coherent motion

within them. The key advantage of this approach, over the model in chapter 3, is that it

enables the use of more sophisticated measures of coherent motion, such as fitting an

affine transformation, or a fundamental matrix. Such transformations capture groupings

in optical-flow space that cannot be expressed as pairwise stationary kernels. Another

benefit is that explicit segmentation is a more interpretable output.

The proposed model does not observe motion in its input. It is observed only by the

loss function. The model is tasked with predicting, by looking at a single image alone,

which groups of pixels are likely to move together. These often turn out to belong to

individual rigid objects/parts. To see this, consider for instance an object translating in

the image. It can be segmented in one of two ways: (a) The object is segmented by itself,

(b) The object and background are merged together. In the former case, motion within

35
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Figure 4.1: S3-CNN framework. We propose to learn a neural network operating on images
using temporal information contained in videos as supervision. The self-supervision proxy task is
to predict regions that are likely to have “coherent” optical-flow. Flow can be observed by the
loss, but not by the neural network. “Coherent” in this context could mean to have affine or rigid
motion etc., encouraging the network to learn about object-part-like regions in images.

the segment will be coherent. In the latter case it will be less so. Thus encouraging the

segments to have coherent motion is likely to encourage the grouping of objects/object-

parts. We call the resulting objective self-supervised segmentation (S3; fig. 4.1) and

the models trained using it S3-CNN.

It is interesting to contrast this method with the obvious alternative of learning to

estimate the conditional distribution ppy|xq of the optical-flow y from a single image x.

Such a formulation is often used in proxy tasks such as colorization, where y could be the

color channels of a grayscale image x. In such cases, the conditional distribution may be

sufficiently simple to afford direct modeling, for example under the i.i.d. approximation.

However, if y is the optical-flow, since it is usually impossible to uniquely predict the

direction of motion given a single frame x, one may be forced to estimate a complex,

multi-modal posterior ppy|xq. This was attempted by the flow classification baseline

in section 3.3.5 of the previous chapter. In that chapter our CPFS models sidestepped

predicting complex posteriors by matching similarity between flows instead of predicting

flows directly. In this chapter we predict segments over which the flow is likely to be

coherent in some sense, also without predicting the direction or intensity of the flow.

The main strength of this method is that we can now use sophisticated measures of

coherent motion that cannot be captured using pairwise stationary kernels. We learn

S3-CNN networks using three coherency measures - affine model fit, rigid model fit and

low entropy flow histograms (section 4.3). The affine and rigid models work well for
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synthetic data with ground truth optical-flow. The low-entropy-flow-histogram model

works well on real world video data with computed optical-flow. In all cases we visualize

segments predicted by our networks. We also show quantitative results by transferring

the learned model for recognition tasks (section 4.4), where we come close to matching

the performance of colorization networks on VOC-2007 classification. Unfortunately

this model does not scale well and the learning dynamics are extremely brittle. Transfer

learning performance on the task of semantic segmentation is lacking.

4.2 Related Work

A detailed review of self-supervised methods was already presented in section 2.1. Here

we discuss classical prior work that used motion for segmenting image regions albeit

outside the context of self-supervision.

Our method is based on using various motion cues to evaluate image regions. Related

to this [61, 21] propose energy based methods to group regions with experiments using

temporal geometry cues. [124] develop an algorithm to group motion tracks to represent

an object. [146] perform binocular segmentation of independently moving objects. They

compute scene flow using optical-flow and disparity, then perform graph cuts on an energy

based on motion likelihoods. [34] ’s non-local consensus method (NLC) was used as a

black-box video segmentation tool in the self-supervision pipeline of [106].

Our S3-CNN approach differs from these methods in its problem definition. We

are interested in learning a model of static images, using cues such as geometry only

to provide supervision. On the contrary, all methods listed above exploit these cues at

inference time, and they require motion information at test time. Thus a detailed review

of related video segmentation methods is beyond the scope of this thesis.

4.3 Method

We propose a method to pre-train a neural network Φpxq operating on individual video

frames x P RH�W�3 given corresponding estimates of the optical-flow f P RH�W�2.
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Figure 4.2: Affine optical-flow based self-supervision loss. Optical-flow within each region
is approximated using an affine transformation (A1, � � � , AM ). These transformations are
recombined to give a reconstructed flow which is compared against the ground truth.

Given example pairs px1, f1q, . . . , pxN , fNq of frames and flows, the model Φ is learned

by minimizing the energy

min
Φ

1
N

Ņ

i�1
Lpfi|Φpxiqq (4.1)

where L is a suitable loss function. If the network Φpxq is configured to estimate the

posterior density ppf |Φpxqq of the flow f given image x, then a suitable loss is the

negative log-likelihood Lpf |Φpxqq � � log ppf |Φpxqq. Furthermore, if the posterior

is unimodal and peaky, it can be modeled as Gaussians � log ppf |Φpxqq9}f � Φpxq}2,

essentially reducing eq. (4.1) to regression. However, observing a single video frame

x leaves significant uncertainty about the flow f , so that the posterior is complex in

practice and the unimodal approximation is poor.

Rather than trying to estimate a complex posterior density directly, our idea is to

let the network predict a segmentation Φ : x ÞÑ m P t1, . . . , LuH�W of the image.

L P N is the fixed number of segments. This segmentation does not fully determine the

posterior, but constrains and simplifies it. In particular, we assume that pixels within

each region are independent and identically distributed (IID) with respect to a simple

parametric distribution. Let u P r1, . . . , Hs � r1, . . . ,W s denote pixels and let l index

the L segments, then ppfu|θlq is the simple parametric distribution that determines pixel
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flows. Marginalizing the region parameters θl results in the model:

ppf |mq �
L¹
l�1

» � ¹
u:mu�l

ppfu|θlq
�
ppθlq dθl. (4.2)

Crucially, due to the marginalization, network Φ is not tasked with predicting the flow

parameters θ, but only the regions m.

As a simpler alternative to marginalizing by integration, in the rest of this chapter

we marginalize the model parameters by maximization and drop the prior over them.

Thus the probability density for a region is written as:

ppf |mq �
L¹
l�1

max
θl

¹
u:mu�l

ppfu|θlq. (4.3)

As a concrete example, if fu P R is the magnitude of flow at pixel u and regions have

approximately constant flow magnitude, they can be modeled by Gaussian densities

log ppfu|θlq9 � pfu � θlq2, resulting in the loss:

Lpf |mq �
Ļ

l�1
min
θl

¸
u:mu�l

pfu � θlq2 �
Ļ

l�1
variancetfu, : mu � lu.

Thus, we have replaced the problem of predicting the magnitude of optical-flow with a

much simpler one of finding segments with constant flow magnitude.

The above derivation gives us some insights into the nature of our framework. How-

ever, in the rest of this chapter we side step probabilities entirely and present loss functions

Lpf |mq that make intuitive sense. Furthermore, to enable backpropagation [116] we use

soft-segmentation ml P r0, 1sH�W @ l P t1, . . . , Lu. In general, our loss functions assess

regions by measuring how well simple models can fit them, capturing various forms of

region-wide regularity. The parameters of these models are not estimated by the network

from image x, but rather during loss evaluation when the optical-flow f is also available;

which is much simpler. Several concrete examples of this idea are given in section 4.3.1

and details about the S3-CNN network are given in section 4.3.2.

4.3.1 Self-Supervised Segmentation Losses

This section introduces three losses Lpf |mq for self-supervised segmentation. Each

loss captures a different type of “coherent” motion: affine, rigid, and low-entropy. All
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losses admit a sub-gradient with respect to the mask m and are therefore suitable for

training a deep network using back-propagation [116]. An illustration of the affine

motion loss is given in fig. 4.2.

Affine motion loss: For this model, an affine transformation is fitted to the optical-flow

within each segment and a robust fitting error is used as loss. In more detail, let px, yq be

the coordinates of a pixel. Each pixel is assigned to a region l in a soft manner, based on its

mask weight mlpx, yq P r0, 1s. The number of segments L P N is a fixed hyper-parameter,

l P t1, . . . , Lu. Flow vectors of pixels that belong to region l are approximated by a certain

region-specific affine transformation1 θl P R6. This yields a reconstructed flow field:

f̂px, y; θlq �
�
x y 1 0 0 0
0 0 0 x y 1

�
θl

The optimal parameters tθ�l u are found by minimizing the reconstruction residual:

min
θ1,...,θL

M̧

l�1
mlpx, yq||f̂px, y; θlq � fpx, yq||2.

This is a weighted least squares problem, whose solution is given by

θ�l � pXJMlXq�1XTMlF where

X �

�
������

x1 y1 1 0 0 0
0 0 0 x1 y1 1
...

...
...

...
...

...
xHW yHW 1 0 0 0

0 0 0 xHW yHW 1

�
������ , F �

�
�� fpx1, y1q

...
fpxHW , yHW q

�
�� ,

and Ml � diagpmlpx1, y1q,mlpx1, y1q, . . . ,mlpxHW , yHW q,mlpxHW , yHW qq is the diag-

onal matrix of mask values.

To define our loss function, we compute the net reconstructed flow by combining

per segment affine flows (Figure 4.2):

f̂px, y; tθ�l uq �
Ļ

l�1
mlpx, yqf̂px, y; θ�l q

1Normally for an affine transformation A, px2, y2q � Arx1; y1; 1s but, since the flow is given by

pfx, fyq � px2 � x1, y2 � y1q, we have θl � reshape
�
A�

�
1 0 0
0 1 0

�
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For added stability, the loss is then a robust function of the residual between this

reconstruction and the ground truth.

Lpf |mq � Rpf̂ � fq (4.4)

where R is the smooth-L1 function [45]. Intuitively, if the projected motion inside

each region is affine, then the reconstructed flow will match the ground truth and the

loss will be 0. As a special case, this occurs if all predicted regions contain planar

objects under orthographic projection.

Computing eq. (4.4) involves basic arithmetic and algebraic operations (such as matrix-

vector multiplication and matrix inverse). All of these operations are differentiable [109]

and implemented in TensorFlow [1].

Rigid motion: Our second loss function is suitable for arbitrary 3D motions of rigid

objects imaged by a perspective camera. We require that the motion field within

each segment satisfy an epipolar constraint. To this end, we use the eight-point

algorithm [86, 54] to estimate the fundamental matrix Fl for each region using dense

correspondences induced by the optical-flow vectors. The resulting algebraic residual

is our loss. Detailed derivation follows.

Let q :� px, yq be pixel coordinates of a rigid object moving with optical-flow�
fx
fy

� � fpx, yq P R2. This induces correspondences:

q Ñ px� fx, y � fyq

Define q1 :� px1, y1q :� px � fx, y � fyq. This satisfies the epipolar constraint:

�
q1T1

�
F
�
q
1

�
� 0 (4.5)

where F P R3�3 is the fundamental matrix. The 8-point algorithm [86, 54], reformulates

this as a minimum norm problem. We review its derivation first before discussing

our loss function.

Let:

F :�
�
�f11 f12 f13
f21 f23 f23
f31 f32 f33

�
�
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and β :�
�
f11
...
f33

�
P R9 is the serialized version of F . Using these, the epipolar constraint

can be rewritten, jointly for all correspondences, as Aβ � 0 where

A �

�
�� x11x1 x11y1 x11 y11x1 y11y1 y11 x1 y1 1

...
...

...
...

...
...

...
...

...
x1NxN x1NyN x1N y1NxN y1NyN y1N xN yN 1

�
��

The 8-point algorithm computes β� as the minimizer:

β� � min
β
||Aβ||22 such that ||β||2 � 1 (4.6)

Note that, ||Aβ||22 � βTATAβ. Solving eq. (4.6) by using the Rayleigh-Quotient

theorem gives, β� as the eigen vector corresponding to the smallest eigen value of ATA.

Equivalently, β� is the singular vector corresponding to the smallest singular value of A.

We adapt this derivation for our loss to use a per-pixel soft-mask mpx, yq P r0, 1s
by estimating β as

β� � min
β
||M1{2Aβ||22 such that ||β||2 � 1 (4.7)

where M � diagpmpx1, y1q, . . . ,mpxHW , yHW qq is the diagonal matrix of mask values.

Similar to the 8-point algorithm, ||M1{2Aβ||22 � βTATMAβ. Since M is a diagonal ma-

trix, ATMA is symmetric and the Rayleigh-Quotient theorem can be applied. Therefore,

β� is the eigen vector corresponding to the smallest eigen value of ATMA.

Our loss function is based on the algebraic residual with respect to β�. Let Fpβ�q P
R3�3 be the fundamental matrix corresponding to parameters in β�. Then,

Lpf |mq � R

��
q1T1

�
Fpβ�q

�
q
1

�

(4.8)

where R is the smooth-L1 function [45].

Epipolar geometry also requires that the determinant of F be zero, detpFq � 0.

This is typically imposed using a singular value decomposition (SVD), by setting the

smallest singular value to 0. We did not impose this constraint to avoid the complexity

of back-propagating through the SVD. Furthermore, the 8-point algorithm normalizes

correspondences before computing A and its singular value decomposition. This is

required for numerical stability. We found that normalization hinders convergence when
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training the S3-CNN and do not normalize correspondences. We use double precision

arithmetic for computing Q :� ATMA and its eigen decomposition. Numerical error

can lead to Q being non-symmetric. We compensate for this by symmetrizing it after

the fact as Q Ð �
Q�QT

� { 2. Backpropagation through this loss function requires

differentiating an eigen-decomposition, which is also implemented in TensorFlow.

Low entropy motion: Instead of fitting parametric models to regions, histograms

offer a general non-parametric alternative. To use them, we discretize optical-flow into

B bins; fu P t1, . . . , Bu. Our loss function computes the weighted entropy of the

empirical flow distribution over regions. We first write the equations for hard assignment

segmentation m P t1, . . . LuH�W :

Lpf |mq �
Ļ

l�1
wlHpp̂lq, wl �

¸
u:mu�l

1 (4.9)

where Hpp̂lq � �°B
b�1 p̂lpbq log p̂lpbq is the entropy of the histogram obtained by

normalizing the flow counts for region l.

p̂lpbq9
¸

u:mu�l
δpfu � bq @ b P t1, . . . , Bu

This easily extends to the case of soft mask weights ml
u P r0, 1s using, wl �

°
u ml

u

and p̂lpbq 9
°
u ml

u δpfu � bq. In our experiments, we use this model with flow

magnitudes |fu| P R instead of 2D optical-flow vectors. In order for the quantization of

flow magnitude to capture both subtle and large motions, we normalize it logarithmically

before binning, using

f̃u � minp1, logp|fu| � 1q{ logpM � 1qq (4.10)

where M � 50 pixels is a cut-off value. The loss function then becomes,

Lpf |mq �
Ļ

l�1
wlHpp̂lq, wl �

¸
uPΩ

ml
u, p̂lpbq 9

¸
u

ml
u δpf̃u � bq (4.11)

The above derivations may confuse the reader about the method itself. It is very

simple in practice as summarized below.
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Summary

1. Compute m � φpxq

2. Estimate θl parameters of the motion model as an affine-transform / fundamental

matrix / histogram using inputs m and f .

3. Compute loss using either of equations (4.4), (4.8), (4.11).

4.3.2 CNN Architecture for Segmentation

There are a variety of CNN architectures suitable for image segmentation, and thus for im-

plementing the learn-able function Φpxq in eq. (4.1). We opt for a relatively simple Fully

Convolutional Network (FCN) [85], and specifically the FCN-8s model on VGG-16 [122].

The FCN architecture is well suited for our experiments because it does not change the

core classification network except for making the fully connected layers into convolutions.

This allows us to directly compare our features against existing self-supervised learning

methods and the corresponding ImageNet ILSVRC [117] trained model.

FCN scores are mapped to soft segmentation masks as in [37]. We first apply a

non-linearity to map values into r�1, 1s. Given pixel scores su, these are computed as

mu � 2σpsuq � 1

where σ is the sigmoid function. This is followed by a per-pixel softmax with temperature

β. We use β � 30 or β � 10 in all our experiments. This non-conventional segmentation

head is necessary to make the model converge even on toy data, possibly indicating badly

behaved gradients in such network architectures.

4.4 Experiments

We demonstrate qualitative results of our framework on learning image segmentation

using optical-flow cues in section 4.4.2. We assess its capability to pre-train for image

recognition in section 4.4.3.
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4.4.1 Dataset Details

Single-cube: This synthetic toy dataset consists of a single translating and rotating

3D textured cube (fig. 4.3a); paired with the corresponding optical-flow field. Cubes are

imaged under an orthographic camera. This is a small dataset of just five sequences with

99 frames each. It is so small that all of the frames had to be used for training. Example

images can be seen in fig. 4.3a. This dataset was rendered using Panda3D [48]. Ground

truth optical-flow is computed using the code of [130].

Multi-cube: This is a synthetic toy dataset consisting of multiple cubes under per-

spective projection. The cubes are rigid. We generated 40 sequences of 198 frames each

for training and held out 5 sequences of 198 frames each for testing. Example frames

can be seen in fig. 4.3b. This dataset was rendered using Panda3D [48]. Ground truth

optical-flow is computed using the code of [130].

Sintel: The Sintel dataset [11] is based on a blender open movie https://durian.

blender.org/. It contains 23 sequences of which we use 20 for training2 and 3 for

testing3, and has ground-truth optical-flow computed by Blender™ itself. This dataset

is synthetic as well although it is much more diverse than the moving cube data above.

Objects in the scene are typically non-rigid, including people, dragons and background.

This dataset consists of two sets of images - “clean” and “final”. The latter contains

effects such as smoke and motion blur to make it look realistic. The former does not.

We used Sintel “clean” in our experiments, but we do not expect a significant change

when switching to Sintel “final”.

YFCC100m-150k: The YFCC100m [131] dataset consists of around 800k real-world,

in-the-wild videos. We derive a dataset of optical-flow-RGB frame pairs from it. To

this end, we sample the first and fifth frame from around 150k videos and compute

2Training sequences: alley_1, alley_2, ambush_2, ambush_4, ambush_5, ambush_6, ambush_7, bam-
boo_1, bamboo_2, bandage_1, bandage_2, cave_2, cave_4, market_2, market_5, market_6, mountain_1,
shaman_2, shaman_3, sleeping_1

3Testing sequences: sleeping_2, temple_2, temple_3

https://durian.blender.org/
https://durian.blender.org/
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optical-flow between them using the EpicFlow algorithm [114]4, with initial matches

obtained using FlowFields [5]. This dataset is used for training only.

Youtube objects: The Youtube Objects dataset [111] consists of Youtube videos. We

extract 5k frames and compute optical-flow using [114, 115]. This is the same as the

dataset in section 3.3.2 and is used as a validation set only.

Data augmentation: We pretrain VGG-16 FCN-8s with crops of size 224�224. These

crops are obtained by first randomly resizing the image to 1.01x - 1.5x the crop-size. This

is followed by a random crop and a random left-right flip. For the YFCC100m-150k

dataset, we also do colour augmentation: shifting the hue by up to 0.1, random contrast

between 0.2 and 1.8, random brightness by up to 0.12 (based on 0�1 normalised colours).

4.4.2 Qualitative Results

Moving cubes: First, we demonstrate our method on the toy single-cube and multi-

cube datasets. In the single-cube case, projections of individual cube faces are undergoing

affine transformations as they are imaged under orthographic projection. We therefore

apply the affine motion model of section 4.3.1 and learn a model, without manual

supervision, that segments individual cube faces as shown in fig. 4.3a. In the multi-cube

case, the epipolar constraint discussed in section 4.3.1 is applicable. Our network is

able to learn to segment individual independently moving cubes in many cases even

under severe occlusion (fig. 4.3b).

Sintel: The Sintel dataset is much more challenging. An affine approximation is poor

for the motion of non-rigid objects under perspective projection. We still apply the affine

motion model to it because when given a limited number of segments it is forced to

group together complex motion patters. We observe that these groupings turn out to be

very reasonable objects/object-parts. The results obtained are shown in fig. 4.4a, where

several such objects and parts are highlighted. Notice in particular that even bodies and

heads are picked up despite their complex motion.

4Epic flow uses structured edge detection to obtain an edge map. This is trained using manually
annotated data. We assume that the influence of this supervision is weak and does not affect our main
results
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Segmentation Input Frames Segmentation Input Frames

(a) Orthographic projection: Segmenting cube faces (train set).

Segmentation Input Frames Segmentation Input Frames

(b) Perspective projection: Segmenting entire cubes (validation set)

Figure 4.3: Moving cubes: These 2 � 4 grids of images show example input frames and their
predicted segmentation masks. The segmentation masks are visualized as a colour map to the left
of each input frame. Two rows of examples are shown for each dataset, 4 input frames per dataset
in total. View in colour.

YFCC100m-150k: In the case of real world data, there is large systematic noise in

automatically computed optical-flow. We find that the histogram entropy loss applied

on flow magnitudes works best in these cases. The affine and rigid models failed in

preliminary experiments but could be reconsidered when unsupervised optical-flow

methods improve. We trained our flow magnitude histogram entropy model on the

YFCC100m-150k dataset and visualized predicted segments on the Youtube Objects

dataset in fig. 4.4b. The cat boundaries align well with segments in the first column. Note



48 4.4. Experiments

Sintel - 5 regions

Youtube Objects - 10 regions - Trained on YFCC100m-150k

Figure 4.4: S3-CNN output for different datasets on validation sets, except first column for Sintel.
For each dataset, the top row shows input frames and the bottom row overlays the segmentation
masks, visualized as colour maps, over the input frames. View in colour.

a bird in the middle is segmented out and so is a cat in the second column suggesting

that the model has a liking for object like regions. Also each segment caters to one

spatial region. The teal coloured region is always on the middle left whereas the light

green region is always on the top right corner. This shows that the model has learned

to be non-convolutional despite a fully-convolutional architecture. We believe that this

is because of the instance specific nature of our proxy-task where individual instances

of the same category may move independently. In-fact motion patterns may not contain

instance agnostic semantic information. Another reason is that the model is unaware of

which segments are free and which are occupied by other objects in the scene. Given

two independently movable objects it needs to arbitrarily decide a mapping from objects

to segment numbers. The loss itself is invariant to this assignment.



4. Self-Supervised Segmentation by Grouping Things That Flow Together 49

4.4.3 Self-Supervision for Object Recognition

The S3 framework can also be used as a proxy to pre-train a generic feature extractor.

We pre-train a VGG-16 FCN-8s model on the YFCC100m-150k dataset using the flow

magnitude histogram entropy minimization loss. The Youtube objects dataset is used to

monitor validation error to control over-fitting. Features from this pre-trained network

are then fine-tuned for recognition tasks: Pascal VOC 2007 classification and VOC 2012

segmentation. These self-supervision benchmarks are identical to those in section 3.3.5.

The VOC-2007 classification task is a multi-class image classification problem with

20 classes. Mean average precision is reported on the Pascal VOC 2007 test set. We

follow the protocol of [74] except that we double the number of iterations to 160k and

therefore double the learning rate steps as well - 20k, 40k, 60k, 80k, 100k, 120k, 140k.

The VOC-2012 semantic segmentation task requires performing pixel-level segmenta-

tion of the 20 VOC classes and a background class. For fair comparison with [78], we use

their sparse hypercolumn model [77, 6] with large field of view (FoV) by adding two sets

of conv-pool modules at the end of our VGG-16 pre-trained network. Note that this large

FoV trick was not used in our AlexNet experiments of chapter 3. We use the standard

augmented 2012 segmentation data [52] and training-validation splits with 10582 training

images and 1449 validation images respectively. We train on the training split and report

mean intersection over union (mIoU) on the validation split. The learning rate schedule is

adapted as in [78], detailed in section 3.3.5. Parameter free batch normalization [60] is

used after every convolutional and fully connected layer in the pre-training stage. Batch

normalization moments are absorbed into convolution filters and biases before fine-tuning.

Table 4.1 compares against other methods that report results on VOC-07 classification

and VOC-12 segmentation using a VGG-16 based model. We observe that our S3-

CNN-YFCC100m-150k6 model performs better than a non pretrained VGG-16. We are

performing competitive to state-of-the-art models for VOC-2007 classification. We get

6S3-CNN-YFCC100m-150k was initially trained on lower resolution images (128x128) without batch
normalisation in the fully connected layers (fc6-7). We trained for 4M iterations on the YFCC100m-150k
dataset using ADAM [73] with initial learning rate of 10�4, with a drop to 10�5 at 3.25M iterations. We
then re-initialized the fully connected layers (fc6-7) and added batch normalization to them. This model
was further trained on higher resolution (224x224) YFCC100m-150k images for 640k iterations using
ADAM with initial learning rate 10�5.
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Method Architecture VOC07 VOC12
%mAP %mIoU

ImageNet VGG-16 (+FoV) 86.9 69.5

Random (� [78]5) VGG-16 (+FoV) 59.9 33.6
k-means [74] VGG-16 56.5 -
Colorization [77] VGG-16 - 50.2
Surface Normals [6] VGG-16 - 52.4

Colorization [78] AlexNet 65.9 38.4
Colorization [78] VGG-16 (+FoV) 77.2 56.0

S3-CNN-YFCC100m-150k VGG-16 (+FoV) 76.4 45.5

Table 4.1: VOC Comparison: We fine-tune our model for VOC2007 classification (results on
test split) and VOC2012 Segmentation (results on validation split). (+FoV) means that two extra
conv-pool layers were added after the VGG-16 fc7 layer before computing the hyper column for
segmentation. It does not influence the classification results.

76.35% mAP compared to 77.2%mAP of [78] despite using only 150k pre-training pairs

compared to their pre-training dataset of 3.7M images. We lag behind on VOC-2012

segmentation. This might possibly be because, in our case, the pre-trained model is

a non-semantic instance segmentation network whereas the finetuned model needs to

be an instance agnostic semantic segmentation network. Furthermore our model uses

image boundaries as an anchor for assigning regions to segments. The top left region,

for instance, is always assigned to segment 1, say. Unlearning these traits and retaining

visual concepts might be challenging for the network and might explain the weaker

semantic segmentation results. Lastly, we trained an AlexNet model akin to that of [106]

by constructing an AlexNet FCN32s S3-CNN. We compare with [106] on VOC-07

classification and obtain 57.37% mAP versus their reported result of 61% mAP. While

we directly use optical-flow, Pathak et al. [106] use the heavy machinery of uNLC [34]

on top of it and pre-train using 1.6M images. Our AlexNet architectures are identical

to theirs except that when finetuning we retain the 100 pixel padding in conv-1 and do

a global average pool after fc7. This is to comply with the boundary sensitivity of our

pre-trained network. Note that 57.37% is significantly less than 65.3% obtained by the

CPFS-KTA model of chapter 3. This is partially due to the difference in pre-training

dataset sizes. Unfortunately S3-CNNs take several months to train and we could not
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perform a large scale experiment. The poor performance may also be attributed to poor

convergence properties of S3-CNN training and the nature of our flow consistency loss.

4.5 Discussion

We have presented the S3 framework, that allows supervising neural network architectures

using more sophisticated consistency measures such as affine and rigid motion. We

observe that this worked well when optical-flow is perfect as in synthetic data. We adapted

our model to use flow magnitude histograms which worked for real-world computed

optical-flow. Transfer learning for recognition tasks shows promising results for VOC-

2007 classification but poor mean intersection over union scores for VOC-2012 semantic

image segmentation. We observe that S3-CNN training is slow and therefore useable only

in specific small scale applications where certain transformation classes are relevant.

4.6 Statement of Authorship

This chapter is based on joint work with James Thewlis (CDT, Department of Engineering

Science, University of Oxford). Although all work was done collaboratively as a joint

effort, his individual contributions are detailed below:

1. Prepared and computed the YFCC100m-150k dataset (See section 4.4.1).

2. Formulated and implemented the low entropy flow magnitude histogram loss (See

section 4.3.1).

3. Pre-trained S3-CNN on YFCC100m-150k dataset.

4. Designed and rendered dataset for moving cubes using panda 3D (See section 4.4.1).

5. Developed and engineered the flow normalization method (eq. (4.10)).
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5
Visualizing Deep CNNs Using Natural

Pre-Images

In this thesis, we have so far presented two methods for self-supervised learning using

motion cues. The first of these, CPFS-CE, performed well when transferring the pre-

trained model for recognition tasks. We, however, lack an intuitive understanding of

the neurons themselves prior to the transfer. This is particularly concerning given that

the ILSVRC-12 linear probing experiments (table 3.2), which freeze the underlying

representation, failed to yield competitive results. In this chapter we take a detour to

develop a suite of visualization techniques which will be used to visualize the CPFS-

CE model in chapter 6.

5.1 Introduction

Most image understanding and computer vision methods do not operate directly on

images, but on suitable image representations. Notable examples of representations

include textons [82], histogram of oriented gradients (SIFT [88] and HOG [17]), bag of

visual words [16, 125], sparse [153] and local coding [143], super vector coding [165],

VLAD [66], Fisher Vectors [108], and, lately, deep neural networks, particularly of the

convolutional variety [76, 156, 119]. While the performance of representations has been

improving in the past few years, their design remains eminently empirical. This is true for

53
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shallower hand-crafted features such as HOG and SIFT and even more so for the latest

generation of deep representations, such as deep Convolutional Neural Networks (CNNs),

where millions of parameters are learned from data. A consequence of this complexity is

that our understanding of such representations is limited. In this chapter, with the aim of

obtaining a better understanding of representations, we develop a family of methods to

investigate CNNs and other image features by means of visualizations. All these methods

are based on the common idea of seeking natural-looking images whose representations

are notable in some useful sense. We call these constructions natural pre-images and

propose a unified formulation and algorithm to compute them (section 5.2).

The suite of visualization methods explored in this chapter are the following:

Inversion: This method computes the “inverse” of a representation. This is done by

modeling the representation as a function Φ0 � Φpx0q of the image x0, and

attempting to recover the image from the information contained only in the code

Φ0.

Activation maximization: This method optimizes a randomly initialized pre-image x

so that it maximizes the response of a certain neuron rΦpxqsi in the representation.

The resulting image visualizes the input stimuli that strongly activate a neuron. It

helps understand the neuron’s “meaning” or function.

Caricaturization: Here the initial image x0 is updated to exaggerate any visual patterns

that positively activate neurons in the representation Φpx0q. Differently from

activation maximization, this visualization method emphasizes the meaning of

combinations of neurons that are active together.

In the rest of this chapter, neuron, component and unit are used interchangeably to

mean the same thing. Also, positive activation, activation and excitation of a neuron

all mean that the neuron’s output is positive. In this context negative activations are

referred to as ‘inhibition’.

Our first contribution is the idea of a natural pre-image, i.e. to restrict pre-images

to the set of natural images. While this is difficult to achieve in practice, we explore
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different regularization methods (section 5.2.2) that can work as a proxy, including

regularizers using the Total Variation (TV) norm of the image. We also explore an indirect

regularization method, namely the application of random jitter to the reconstruction as

suggested by Mordvintsev et al. [93].

Our second contribution is the inversion of neural networks using these regularization

based natural image priors. We are the first to visualize modern deep feedforward CNNs

using such priors (section 5.4.2).

Our third contribution is to consolidate different visualization types, including inver-

sion, activation maximization, and caricaturization, in a common framework (section 5.2).

We propose a single algorithm applicable to a large variety of representations, from

SIFT to very deep CNNs, using essentially a single set of parameters. The algorithm is

based on optimizing an energy function using gradient descent and back-propagation

through the representation architecture.

Our fourth contribution is to apply these three visualization types to the study of

several different representations. First, we show that, despite its simplicity and generality,

our method recovers significantly better reconstructions for shallow representations such

as HOG compared to recent alternatives [137] (section 5.4.1). In order to do so, we

also rebuild the HOG and DSIFT representations as equivalent CNNs, simplifying the

computation of their derivatives as required by our algorithm (section 5.3.1). Second, we

apply inversion (section 5.4.2), activation maximization (section 5.5), and caricaturization

(section 5.6) to the study of CNNs, treating each layer of a CNN as a different represen-

tation, and studying different state-of-the-art architectures, namely AlexNet, VGG-M,

and VGG Very Deep (VGG-VD-16 section 5.3.2). As we do so, we emphasize a number

of general properties of such representations, as well as differences between them. In

particular, we study the effect of depth on representations, showing that CNNs gradually

build increasing levels of invariance and complexity, layer after layer.

Our findings are summarized in section 5.7. The code for the experiments in

this chapter and extended visualizations are available at http://www.robots.ox.

ac.uk/~vgg/research/invrep/index.html. This code uses the open-source

http://www.robots.ox.ac.uk/~vgg/research/invrep/index.html
http://www.robots.ox.ac.uk/~vgg/research/invrep/index.html
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MatConvNet toolbox [136] and publicly available copies of the models to allow for

easy reproduction of results.

5.2 Pre-Image Method

This section introduces our method to find pre-images of an image representation. This

method will then be applied to the inversion, activation maximization, and caricaturization

problems. Our method is a regularized energy minimization where the goal is to find

a natural-looking image whose representation has a desired property [150]. Formally,

given a representation function Φ : RH�W�D Ñ Rd and a reference code Φ0 P Rd, we

seek the image1 x P RH�W�D that minimizes the objective function:

x� � argmin
xPRH�W�D

Rαpxq �RTV βpxq � C `pΦpxq,Φ0q (5.1)

The loss ` compares the image representation Φpxq with the target value Φ0, the two

regularizer terms Rα � RTV β : RH�W�D Ñ R� capture a natural image prior, and

the constant C trades off loss and regularizers.

The meaning of minimizing the objective function eq. (5.1) depends on the choice

of the loss and of the regularizer terms, as discussed below. While these terms contain

several parameters, they are designed such that, in practice, all the parameters except C

can be automatically set for all visualization and representation types.

5.2.1 Loss Functions

Choosing different loss functions ` in eq. (5.7) results in different visualizations. In

inversion, ` is set to the Euclidean distance:

`pΦpxq,Φ0q � }Φpxq � Φ0}2

}Φ0}2 , (5.2)

where Φ0 � Φpx0q is the representation of a probe image. Minimizing eq. (5.1) results

in an image x� that “resembles” x0 from the viewpoint of the representation.

Sometimes it is interesting to restrict the loss to a subset of the representation

components. This could be a subset of the feature channels or a subset of spatial locations.

1In the following, the image x is assumed to have null mean, as required by most CNN implementations.
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Figure 5.1: Input images used in the rest of this chapter are shown above. From left to right:
spoonbill, gong, monkey, building, red fox, abstract art.

This restriction is done by introducing a binary mask M of the same dimension as Φ0

and by modifying eq. (5.2) as follows:

`pΦpxq,Φ0;Mq � }pΦpxq � Φ0q dM}2

}Φ0 dM}2 , (5.3)

In activation maximization and caricaturization, Φ0 P Rd
� is treated instead as a

weight vector selecting which representation components should be maximally activated.

This is obtained by considering the inner product:

`pΦpxq,Φ0q � � 1
Z
xΦpxq,Φ0y. (5.4)

For example, if Φ0 � ei is the indicator vector of the i-th component of the representation,

minimizing eq. (5.4) maximizes the component rΦpxqsi. This is called activation

maximization. Alternatively, if Φ0 is set to maxtΦpx0q, 0u, the minimization of eq. (5.4)

will highlight components that are active in the representation Φpx0q of a reference image

x0, while ignoring the inactive components. This is called caricaturization.

The choice of the normalization constant Z in activation maximization and carica-

turization will be discussed later. Note also that, for the loss eq. (5.4), there is no need

to define a separate mask as this can be pre-multiplied into Φ0.

5.2.2 Regularization

Discriminative representations discard a significant amount of low-level image informa-

tion that is irrelevant to the target task (e.g. image classification). As this information

is nonetheless useful for visualization, we propose to partially recover it by restricting

the inversion to the subset of natural images X � RH�W�D. This is motivated by the

fact that, since representations are applied to natural images, there is comparatively little
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C � 100 C � 20 C � 1 β � 1 β � 1.5 β � 2

Figure 5.2: Left: Effect of the data term strength C in inverting a deep representation (the relu3
layer in AlexNet). Selecting a small value of C results in more regularized reconstructions. This
is essential to obtain more interpretable results. Right: Effect of the TV regularizer β exponent;
note the spikes for β � 1. The input image in this case is the “spoonbill” image shown in fig. 5.1.

no jitter jitter

Figure 5.3: Effect of the jitter regularizer in activation maximization for the “tree frog” neuron in
the fc8 layer in AlexNet. Jitter helps recover larger and crisper image structures.

interest in understanding their behavior outside of this set. However, modeling the set

of natural images is a significant challenge in its own right. As a proxy, we propose to

regularize the reconstruction by using simple image priors implemented as regularizers

in eq. (5.1). We experiment in particular with three such regularizers, discussed next.

Bounded range: The first regularizer encourages the intensity of pixels to stay

bounded. This is important for networks that include normalization layers, as in this

case arbitrarily rescaling the image range has no effect on the network output. In

activation maximization, it is even more important for networks that do not include

normalization layers, as in this case increasing the image range may increase neural

activations by the same amount.

For color images we make the term isotropic in RGB space by considering the norm

Nαpxq � 1
HWBα

Ḩ

v�1

W̧

u�1

�
Ḑ

k�1
xpv, u, kq2

�α
2

(5.5)

where v indexes the image rows, u the image columns, and k the color channels. The

term is normalized by the image area HW and by the scalar B. This scalar is set to the
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typical L2 norm of the pixel RGB vector, such that Nαpxq � 1. The soft constraint Nαpxq
is combined with a hard constraint to limit the pixel intensity to be at most B�:

Rαpxq �
#
Nαpxq, @v, u :

a°
k xpv, u, kq2 ¤ B�

�8, otherwise.
(5.6)

While the hard constraint may seem sufficient, in practice it was observed that without

soft constraints, pixels tend to saturate in the reconstructions.

Bounded variation: The second regularizer is the total variation (TV) RTV βpxq of

the image, encouraging reconstructions to consist of piece-wise constant patches. For a

discrete image x, the TV norm is approximated using finite differences as follows:

RTV βpxq �
1

HWV β

¸
uvk

�
pxpv, u� 1, kq � xpv, u, kqq2

� pxpv � 1, u, kq � xpv, u, kqqq2
	β

2

where β � 1. Here the constant V in the normalization coefficient is the typical value

of the norm of the gradient in the image.

The standard TV regularizer, obtained for β � 1, was observed to introduce unwanted

“spikes” in the reconstruction, as illustrated in fig. 5.2 (right), when inverting a layer of a

CNN. This is a known problem in TV-based image interpolation (see e.g. Figure 3 in [14]).

In image interpolation, “spikes” occur at the locations of the samples because: (1) the TV

norm along any path between two samples depends only on the overall amount of intensity

change (not on the rate of change) and (2) integrated on the 2D image, it is optimal to

concentrate changes around a boundary with a small perimeter. Hyper-Laplacian priors

with β   1 are often used as a better match of the gradient statistics of natural images [75],

but they only exacerbate this issue. Instead, we trade off the sharpness of the image with

the removal of such artifacts by choosing β ¡ 1 which, by penalizing large gradients,

distributes changes across regions rather than concentrating them at a point or a curve.

We refer to this as the TV β regularizer. As seen in fig. 5.2 (right), the spikes are removed

for β � 1.5, 2 but the image is blurrier than for β � 1. At the same time, fig. 5.2 (left)

illustrates the importance of using the TV β regularizer in obtaining clean reconstructions.

For β � 2 this is equal to the quadratic image prior.
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Jitter: The last regularizer, which is adapted from [93], has an implicit form and

consists of randomly shifting the input image before feeding it to the representation. In

more detail, we consider the optimization problem

x� � argmin
xPRH�W�D

Rαpxq �RTV βpxq � C Eτ r`pΦpjitterpx; τqq,Φ0qs (5.7)

where Er�s denotes expectation and τ � pτ1, τ2q is a discrete random variable uniformly

distributed in the set t0, . . . , T � 1u2, expressing a random horizontal and vertical

translation of at most T �1 pixels. The jitterp�q operator translates and crops x as follows:

rjitterpx; τqspv, uq � xpv � τ2, u� τ1q

where 1 ¤ v ¤ H � T � 1 and 1 ¤ u ¤ W � T � 1. The expectation over τ is not

computed explicitly; instead each iteration of SGD samples a new value of τ . Jittering

counterbalances the very significant down-sampling performed by the earlier layers of

deep CNNs, interpolating between pixels in back-propagation. This generally results in

pre-images with more content and less noise, particularly in the activation maximization

problem (Example in fig. 5.3).

Texture and style regularizers: For completeness, we note that eq. (5.1) can also

implement the texture synthesis and style transfer visualizations of [41, 42]. Their

texture/style term can be incorporated into our formulation as an additional regular-

izer of the form

Rtexpxq �
Ļ

l�1
wl||ψ � Φlpxq � ψ � Φlpxtexqq||2fro (5.8)

where xtex is a reference image defining a texture or “visual style”, Ψl, l � 1, . . . , L

are increasingly deep layers in a CNN, wl ¥ 0 weights, and ψ is the cross-channel

correlation operator

rψ � Φlpxqscc1 �
¸
uv

rΦlpxqsuvcrΦlpxqsuvc1

where rΦlpxqsuvc denotes the c-th feature channel activation at location pu, vq.
The term Rtexpxq can be used as an objective function in its own right, yielding

texture generation, or as a regularizer in the inversion problem, yielding style transfer.
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Algorithm 1 Stochastic gradient descent for pre-image

Require: Given the objective function Ep�q and the learning rate η0
1: G0 Ð 0, µ0 Ð 0
2: Initialize x1 to random noise
3: for t � 1 to T do
4: gt Ð ∇Epxtq (using backprop)
5: Gt Ð ρGt�1 � g2

t (component-wise)

6: ηt Ð 1
1
η0
�?

Gt

(component-wise)

7: µt Ð ρµt�1 � ηtgt
8: xt�1 Ð ΠB� pxt � µtq
9: end for

Balancing the loss and the regularizers Note that all the regularizers above have been

carefully normalized to balance the different terms. Given reasonable reconstruction

x, all R�pxq above will have comparable values around unity. This normalization,

though simple, makes a very significant difference. Without it we need to carefully tune

parameters across different representation types. On the contrary in all our experiments

we use one set of values: C � 1, α � 6, β � 2, B � 80, B� � 2B, and V �
B{6.5, unless otherwise noted.

5.2.3 Optimization

Finding a minimizer of the objective eq. (5.1) may seem difficult as most representations

Φ are non-convex; in particular, deep representations are a composition of several non-

linear layers. Nevertheless, simple gradient descent (GD) procedures have been shown to

be very effective in learning such models from data, which is arguably an even harder

task. In practice, a variant of GD was found to result in low error.

Algorithm. The algorithm, whose pseudocode is given in Algorithm 1, is a variant of

AdaGrad [29]. Like in AdaGrad, our algorithm automatically adapts the learning rate of

individual components of the vector xt by scaling it by the inverse of the accumulated

squared gradient Gt. Similarly to AdaDelta [155], however, it accumulates gradients

only in a short temporal window, using the momentum coefficient ρ � 0.9. The gradient,

scaled by the adaptive learning rate ηtgt, is accumulated into a momentum vector µt with
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the same factor ρ. The momentum is then summed to the current reconstruction xt and

the result is projected back onto the feasible region r�B�, B�s.
Recently, Gatys et al. [42, 41] have used the L-BFGS-B algorithm [166] to op-

timize their texture/style loss eq. (5.8). We found that L-BFGS-B is indeed better

than (S)GD for their problem of texture generation, probably due to the particular

nature of the term eq. (5.8). However, preliminary experiments using L-BFGS-B for

inversion did not show a significant benefit, so for simplicity we consider (S)GD-based

algorithms in this chapter.

The only parameters of Algorithm 1 are the initial learning rate η0 and the number

of iterations T . These are discussed next.

Initial learning rate η0. We set the initial learning rate heuristically by considering

only Rαpxq. To get some intuition, let x be a monochrome grayscale image with pixel

intensity B (B was defined in eq. (5.5)). One update of gradient descent on a single pixel

assigns it to B � η0α{B. To minimize Rαpxq in this one step, we require

0 � B � η0α{B ùñ η0 � B2{α

Using this intuition we set,

η0 � 0.01B
2

α

Number of iterations T . Algorithm 1 is run for T � 300 iterations. When jittering is

used as a regularizer, we found it beneficial to eventually disable it and run the algorithm

for a further 50 iterations, T � 350 in total, after reducing the learning rate tenfold. This

fine tuning does not change the results qualitatively, but for inversion it slightly improves

the squared L2 error; thus it is not applied in caricaturization and activation maximization.

The cost of running Algorithm 1 is dominated by the cost of computing the derivative

of the representation function, usually by back-propagation in a deep neural network.

By comparison, the cost of computing the derivative of the regularizers and the cost of

the gradient update are negligible. This also means that the algorithm runs faster for

shallower representations and slower for deeper ones; on a CPU, it may in practice take

only a few seconds to visualize shallow layers in a deep network and a few minutes
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for deep ones. GPUs can accelerate the algorithm by an order of magnitude or more.

Another simple speedup is to stop the algorithm earlier; here using 300-350 iterations is a

conservative choice that works for all representation types and visualizations we tested.

5.3 Representations

In this section, the image representations studied in the chapter - dense SIFT, HOG, and

several reference deep CNNs, are described. It is also shown how DSIFT and HOG can

be implemented in a standard CNN framework, which simplifies the computation of their

derivatives as required by the algorithm of section 5.2.3.

5.3.1 Classical Representations

The histograms of oriented gradients are one of the best known family of “classical”

computer vision features popularized by Lowe in [87] with the SIFT descriptor. Here

we consider two densely-sampled versions [102], namely DSIFT (Dense SIFT) and

HOG [17]. In the remainder of this section these two representations are reformulated as

CNNs. This clarifies the relationship between SIFT, HOG, and CNNs in general and helps

implement them in standard CNN toolboxes for experimentation. The DSIFT and HOG

implementations in the VLFeat library [135] are used as numerical references. These

are equivalent to Lowe’s [87] SIFT and the DPMv5 HOG [35, 47].

SIFT and HOG involve: computing and binning image gradients, pooling binned

gradients into cell histograms, grouping cells into blocks, and normalizing the blocks.

Let us denote by g the image gradient at a given pixel and consider binning this into

one of K orientations (where K � 8 for SIFT and K � 18 for HOG). This can be

obtained in two steps: directional filtering and non-linear activation. The kth directional

filter is Gk � u1kGx � u2kGy where

uk �
�

cos 2πk
K

sin 2πk
K

�
, Gx �

�
� 0 0 0
�1 0 1
0 0 0

�
� , Gy � GJ

x .

The output of a directional filter is the projection xg,uky of the gradient along direction uk.

This is combined with a non-linear activation function to assign gradients to histogram
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AlexNet VGG-M VGG-VD-16

Name Size Stride Name Size Stride Name Size Stride

conv1 11 4 conv1 7 2 conv1_1 3 1
relu1 11 4 relu1 7 2 relu1_1 3 1

conv1_2 5 1
relu1_2 5 1

norm1 11 4 norm1 7 2
pool1 19 8 pool1 11 4 pool1 6 2

conv2 51 8 conv2 27 8 conv2_1 10 2
relu2 51 8 relu2 27 8 relu2_1 10 2

conv2_2 14 2
relu2_2 14 2

norm2 51 8 norm2 27 8
pool2 67 16 pool2 43 16 pool2 16 4

conv3 99 16 conv3 75 16 conv3_1 24 4
relu3 99 16 relu3 75 16 relu3_1 24 4

conv3_2 32 4
relu3_2 32 4
conv3_3 40 4
relu3_3 40 4
pool3 44 8

conv4 131 16 conv4 107 16 conv4_1 60 8
relu4 131 16 relu4 107 16 relu4_1 60 8

conv4_2 76 8
relu4_2 76 8
conv4_3 92 8
relu4_3 92 8
pool4 100 16

conv5 163 16 conv5 139 16 conv5_1 132 16
relu5 163 16 relu5 139 16 relu5_1 132 16

conv5_2 164 16
relu5_2 164 16
conv5_3 196 16
relu5_3 196 16

pool5 195 32 pool5 171 32 pool5 212 32

fc6 355 32 fc6 331 32 fc6 404 32
relu6 355 32 relu6 331 32 relu6 404 32
fc7 355 32 fc7 331 32 fc7 404 32
relu7 355 32 relu7 331 32 relu7 404 32
fc8 355 32 fc8 331 32 fc8 404 32
prob 355 32 prob 331 32 prob 404 32

Table 5.1: CNN architectures. Structure of the AlexNet, VGG-M, VGG-VD-16 CNNs giving
‘Size’: Receptive field sizes, ‘Stride’: strides between feature samples, both in pixels.
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elements hk. DSIFT uses bilinear orientation assignment, given by

hk � }g}max
"

0, 1� K

2π cos�1 xg,uky
}g}

*
,

whereas HOG (in the DPMv5 variant) uses hard assignment.

hk � }g}1 rxg,uky ¡ }g} cos π{Ks

Filtering is a standard CNN operation but these activation functions are not. While their

implementation is simple, an interesting alternative is to approximate bilinear orientation

assignment by using the activation function:

hk � }g}max
"

0, 1
1� a

xg,uky
}g} � a

1� a

*
9max t0, xg,uky � a}g}u , a � cos 2π{K.

This activation function is the standard ReLU operator modified to account for the norm-

dependent offset a}g}. While the latter term is still non-standard, this indicates that a

close approximation of binning can be achieved in standard CNN architectures.

The next step is to pool the binned gradients into cell histograms using bilinear

spatial pooling, followed by extracting blocks of 2 � 2 (HOG) or 4 � 4 (SIFT) cells.

Both operations can be implemented by banks of linear filters. Cell blocks are then l2

normalized, which is a special case of the standard local response normalization layer.

For HOG, blocks are further decomposed back into cells, which requires another filter

bank. Finally, the descriptor values are clamped from above by applying y � mintx, 0.2u
to each component, which can be reduced to a combination of linear and ReLU layers.

The conclusion is that approximations to DSIFT and HOG can be implemented

with conventional CNN components plus the non-conventional gradient norm offset.

However, all the filters involved are much sparser and simpler than the generic 3D filters

in learned CNNs. The above analysis was meant to gain some intuition about DSIFT,

HOG and CNNs. In the rest of the chapter, we will use exact CNN equivalents of

DSIFT and HOG, using modified or additional CNN components as needed.2 These

CNNs are numerically indistinguishable from the VLFeat reference implementations,
2This requires addressing a few more subtleties. Please see files dsift_net.m and hog_net.m in

the public source code for details. https://github.com/aravindhm/nnpreimage/

https://github.com/aravindhm/nnpreimage/
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but, true to their CNN nature, allow computing the feature derivatives as required by

the algorithm of section 5.2.3.

5.3.2 Deep Convolutional Neural Networks

The first CNN model considered in this chapter is AlexNet. Due to its popularity, we use

the implementation that ships with the Caffe framework [70], which closely reproduces

the original network by Krizhevsky et al. [76]. Occasionally, we also consider the

CaffeRef, a network similar to AlexNet that also comes with Caffe. This and many

other similar networks alternate the following computational building blocks: linear

convolution, ReLU, spatial max-pooling, and local response normalization. Each such

block takes as input a d-dimensional image and produces as output a k-dimensional

one. Blocks can additionally pad the image (with zeros for the convolutional blocks and

with �8 for max pooling) or subsample the data. The last several layers are deemed

“fully connected” as the support of the linear filters coincides with the size of the image;

however, they are equivalent to filtering layers in all other respects. Table 5.1 (left)

details the structure of AlexNet.

The second network is the VGG-M model from [13]. The structure of VGG-M

(table 5.1 – middle) is very similar to AlexNet, with the following differences: it includes

a significantly larger number of filters in the different layers, filters at the beginning of the

network are smaller, and filter strides (sub-sampling) are reduced. While the network is

slower than AlexNet, it also performs much better on the ImageNet ILSVRC 2012 data.

The last network is the VGG-VD-16 model from [121]. VGG-VD-16 is also similar

to AlexNet, but with more substantial changes compared to VGG-M (table 5.1 – right).

Filters are very narrow (3 � 3) and very densely sampled. There are no normalization

layers. Most importantly, the network contains many more intermediate convolutional

layers. The resulting model is very slow, but very powerful.

All pre-trained models are implemented in the MatConvNet framework [136] and are

publicly available at http://www.vlfeat.org/matconvnet/pretrained.

http://www.vlfeat.org/matconvnet/pretrained
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(a) Original (b) HOG (c) HOGgle (d) HOG�1 (e) HOGb�1 (f) DSIFT�1

Figure 5.4: Reconstruction quality of different representation inversion methods, applied to HOG
and DSIFT. HOGb denotes HOG with bilinear orientation assignments. From left to right: (a)
The original probe image, (b) HOG-glyph, (c) HOGgle [137] inversion, (d-f) Inversions using our
method. This image is best viewed on screen.

5.4 Visualization by Inversion

The experiments in this section apply the visualization by inversion method to both

classical (section 5.4.1) and CNN (section 5.4.2) representations. As detailed in sec-

tion 5.2.1, for inversion, the objective function eq. (5.1) is set up to minimize the L2

distance eq. (5.2) between the representation Φpxq of the reconstructed image x and the

representation Φ0 � Φpx0q of a reference image x0.

Importantly, the optimization starts by initializing the reconstructed image to random

independent and identically distributed (IID) noise such that the only information avail-

able to the algorithm is the code Φ0. When started from different random initializations,

the algorithm is expected to produce different reconstructions. This is partly due to the

local nature of the optimization, but more fundamentally to the fact that representations

are designed to be invariant to nuisance factors. Hence, images with irrelevant differences

should have the same representation and should be considered equally valid reconstruction

targets. In fact, it is by observing the differences between such reconstructions that we

can obtain insights into the nature of the representation’s invariances.

Due to their intuitive nature, it is not immediately obvious how visualizations should

be assessed quantitatively. Here we do so from multiple angles. The first is to test
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Descriptor-Method HOG-HOGle HOG-our HOGb-our DSIFT-our

Error (%) 60.1� 2.3 36.6� 3.4 11.6� 0.9 9.4� 1.7

Table 5.2: Average reconstruction error of different representation inversion methods, applied to
HOG and DSIFT. HOGb denotes HOG with bilinear orientation assignments. The error bars show
the 95% confidence interval for the mean.

whether the algorithm successfully attains its goal of reconstructing an image x that has

the desired representation Φpxq � Φ0. In section 5.4.1 and section 5.4.2 this is tested

in terms of the relative reconstruction error of eq. (5.2). Furthermore, in section 5.4.2

it is also verified for CNNs whether the reconstructed and original representations have

the same “meaning”, in the sense that they are mapped to the same class label. Note that

such tests assess the reconstruction quality in feature space rather than in image space.

This is an important point: as noted above, we are not interested in recovering an image

x which is perceptually similar to the reference image x0; rather, in order to study the

invariances of the representation Φ, we would like to recover an image x that differs

from x0 but has the same representation. Measuring the difference in feature space is

therefore appropriate. Finally, the effect of regularization is assessed empirically, via

user assessment (section 5.4.2.2), to check whether the proposed notion of naturalness

does in fact improve the interpretability of the visualizations.

5.4.1 Inverting Classical Representations: SIFT and HOG

In this section the visualization by inversion method is applied to the HOG and DSIFT

representations.

Implementation details: The parameter C in eq. (5.1), trading off regularization

and feature reconstruction fidelity, is set to 100 unless noted otherwise. Jitter is not

used and the other parameters are set as stated in section 5.2.2. HOG and DSIFT

cell sizes are set to 8 pixels.

Reconstruction quality: Based on the discussion above, the reconstruction quality

is assessed by reporting the normalized reconstruction error (eq. (5.2)), averaged over

the first 100 images in the ILSVRC 2012 validation set [117]. The closest alternative
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to our inversion method is HOGgle, a technique introduced by Vondrick et al. [137]

for visualizing HOG features. The HOGgle code is publicly available from the authors’

website and is used throughout these experiments. HOGgle is pre-trained to invert the

UoCTTI variant of HOG, which is numerically equivalent to the CNN-HOG network

of section 5.3, which allows us to compare algorithms directly.

Compared to our method, HOGgle is faster (2-3s vs. 60s on the same CPU) but

not as accurate, as is apparent qualitatively (fig. 5.4.c vs. d) and quantitatively (60.1%

vs. 36.6% reconstruction error, see table 5.2). Vondrick et al. did propose a direct

optimization baseline similar to eq. (5.1), but found that it did not perform better than

HOGgle. This demonstrates the importance of the choice of regularizer and of the

ability to compute the derivative of the representation analytically in order to implement

optimization effectively. In terms of speed, an advantage of optimizing eq. (5.1) is that it

can be switched to use GPU code immediately given the underlying CNN framework;

doing so results in a ten-fold speed-up.

Representation comparison: Different representations are easier or harder to invert.

For example, modifying HOG to use bilinear gradient orientation assignments as in

SIFT (section 5.3) significantly reduces the reconstruction error (from 36.6% down to

11.5%) and improves the reconstruction quality (fig. 5.4.e). More remarkable are the

reconstructions obtained by inverting DSIFT: they are quantitatively similar to HOG with

bilinear orientation assignment, but produce significantly more detailed images (fig. 5.4.f).

Since HOG uses a finer quantization of the gradient compared to SIFT but otherwise the

same cell size and sampling, this result can be imputed to the stronger normalization in

HOG that evidently discards more visual information than in SIFT.

5.4.2 Inverting CNNs

In this section the visualization by inversion method is applied to representative CNNs:

AlexNet, VGG-M, and VGG-VD-16.
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5.4.2.1 Implementation Details

The jitter amount T is set to the integer closest to a quarter of the stride of the repre-

sentation; the stride is the step in the receptive field of representation components when

stepping through spatial locations. Its value is given in table 5.1. The other parameters

are set as stated in section 5.2.2.

The parameter C in eq. (5.1) is set to one of 1, 20, 100 or 300. Based on the analysis

below, unless otherwise specified, visualizations use the following values: For AlexNet

and VGG-M, we choose C � 300 up to relu3, C � 100 up to relu4, C � 20 up to relu5,

and C � 1 for the remaining layers. For VGG-VD we use C � 300 up to conv4_3,

C � 100 for conv5_1, C � 20 up to conv5_3, and C � 1 onwards.

5.4.2.2 Reconstruction Quality

The reconstruction accuracy is assessed in three ways: reconstruction error, consistency

with respect to different random initializations, and classification consistency.

Reconstruction error: Similar to section 5.4.1, the reconstruction error eq. (5.2) is

averaged over the first 100 images in the ILSVRC 2012 validation set [117] (these images

were not used to train the CNNs). The experiment is repeated for all the layers of AlexNet

and for different values of the parameter C to assess its effect. The resulting average

errors are reported in fig. 5.5 (top-left panel).

CNNs such as AlexNet are significantly larger and deeper than the CNN implemen-

tations of HOG and DSIFT. Therefore, it seems that the inversion problem should be

considerably harder for them. Instead, comparing the results in fig. 5.5 to the ones

in table 5.2 indicates that CNNs are, in fact, not much more difficult to invert than HOG.

In particular, for a sufficiently large value of C, the reconstruction error can be maintained

in the range 10–20%, including for the deepest layers. Therefore, the non-linearities

in the CNN seem to be rather benign, which could explain why SGD can learn these

models successfully. Using a stronger regularization (small C) significantly deteriorates

the quality of the reconstructions from earlier layers of the network. At the same time,

it has little to no effect on the reconstruction quality of deeper layers. Since, as verified
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Figure 5.5: Quality of CNN inversions. The plots report three reconstruction quality indices for
the CNN inversion method applied to different layers of AlexNet and for different reconstruction
fidelity strengths C. The top-left plot shows the average reconstruction error averaged using 100
ILSVRC validation images as reference images (the error bars show the 95% confidence interval
for the mean). The top-right plot reports the standard deviation of the reconstruction error obtained
from 24 different random initializations per reference image, and then averaged over 24 such
images. The bottom plot reports classification consistency: The fraction of reconstructions that
are associated by the CNN to the same class as their reference image.

below, a strong regularization significantly improves the interpretability of resulting

pre-images, it should be used for these layers.

Consistency of multiple pre-images: As explained earlier, different random initializa-

tions are expected to result in different reconstructions. However, this diversity should

reflect genuine representation ambiguities and invariances rather than the inability of the

local optimization method to escape bad local optima. To verify that this is the case, the

standard deviation of the reconstruction error eq. (5.2) is computed from 24 different

reconstructions obtained from the same reference image and 24 different initializations.
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The experiment is repeated using, as reference, the first 24 images in the ILSVRC 2012

validation dataset and the average standard deviation of the reconstruction errors is

reported in fig. 5.5 (top-right panel). This figure shows that, for the values of C except

C � 1, all pre-images have very similar reconstruction errors, with standard deviation

of around 0.02 or less. Thus in all but the very deep layers all pre-images can be treated

as equally useful from the viewpoint of reconstruction error. In the next paragraph, we

show that even for very deep layers, pre-images are substantially equivalent from the

viewpoint of classification consistency.

Classification consistency: One question that may arise is whether a reconstruction

error of 20%, or even 10%, is sufficiently small to validate the visualizations. To

answer this question, fig. 5.5 (bottom panel) reports the classification consistency of

the reconstructions. Here “classification consistency” is the fraction of reconstructed

pre-images x that the CNN associates with the same class label as the reference image

x0. This value, which would be equal to 1 for perfect reconstructions, measures whether

imperfections in the reconstruction process are small enough to not affect the “meaning”

of the image from the viewpoint of the CNN.

As it may be expected, classification consistency results show a trend similar to the

reconstruction error, where better reconstructions are obtained for small amounts of

regularization for the shallower layers, whereas deep layers can afford much stronger

regularization. It is interesting to note that even visually odd inversions of deep layers

such as those shown in fig. 1.1 or fig. 5.8 are classification consistent with their reference

image, demonstrating the high degree of invariance in such layers. Finally, we note that,

by choosing the correct amount of regularization, the classification consistency of the

reconstructions can be kept above 0.8 in most cases, validating the visualizations.

Naturalness: One of our contributions is the idea that imposing even simple naturalness

priors on the reconstructed images improves their interpretability. Since interpretability

is a purely subjective attribute, in this section we conduct a small user study to validate

this idea. Before that, however, we check whether regularization works as expected and

produces images that are statistically closer to natural ones.
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Figure 5.6: Mean histogram intersection similarity between the gradient histogram of the
reference image x0 and gradient histogram of the computed pre-image x; for different layers of
AlexNet and values of the parameter C (only a few such values are reported to reduce clutter).
Error bars show the 95% confidence interval of the mean histogram intersection similarity.

Figure 5.7: Fraction of times a certain regularization parameter value C was found to be more
interpretable than one of the other two. Interpretability was assessed by users looking at pre-images
from the layers of AlexNet.
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Natural images are well known to have certain statistical regularities; for example,

the magnitude of image gradients have an exponential distribution [59]. Here we check

whether regularized pre-images are more “natural” by comparing them to natural images

using such statistics. To do so, we compute the histogram of gradient magnitudes for the

100 ImageNet ILSVRC reference images used above and for their AlexNet inversions, for

different values of the parameter C. Then the original and reconstructed histograms are

compared using histogram intersection and their similarity is reported in fig. 5.6. A small

amount of regularization is clearly preferable for shallow layers, and a stronger amount is

clearly better for intermediate ones. However, the difference is not that significant for the

deepest layers, which are therefore best analyzed in terms of their interpretability.

To test interpretabilty, inversions were obtained using the first 25 ILSVRC 2012

validation images as reference. Inversions were obtained from the mpool1, relu3, mpool5,

and fc8 layers of AlexNet for three regularizations strengths: (a) no regularization

(C � 8), (b) weak regularization (C � 100), and (c) strong regularization (C � 1). Thus

we have three pre-images per layer per reference image. In a user study, each subject

was shown two randomly picked regularization settings for a layer and reference image.

Each subject was asked to select the image that was more interpretable (“whose content

is more easily understood”). We conducted this study with 13 subjects who were not

familiar with this line of research, or not familiar with computer vision at all. The first

five votes from each subject were discarded to allow them to become familiar with the

task. The ordering of images and layers was randomized independently for each subject.

Uniform random sampling between the three regularization strengths ensures that no

regularization strength dominates the screen or even one side of the screen. Figure 5.7

shows the fraction of time a certain regularization strength was found to produce more

interpretable results for a given AlexNet layer. Based on these results, at least a small

amount of regularization is always preferable for interpretability. Furthermore, strong

regularization is highly desirable for very deep layers.
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conv1 relu1 mpool1 norm1 conv2 relu2 mpool2 norm2

conv3 relu3 conv4 relu4 conv5 relu5 fc6 relu6

fc7 relu7 fc8

Figure 5.8: AlexNet inversions (all layers) from the representation of the “red fox” image obtained
from each layer of AlexNet.

conv1 conv2 conv3 conv4 conv5 fc6 fc7 fc8

Figure 5.9: VGG-M inversions (selected layers). This figure is best viewed in color.

conv1_1 conv1_2 conv2_1 conv2_2 conv3_1 conv3_2 conv3_3 conv4_1

conv4_2 conv4_3 conv5_1 conv5_2 conv5_3 fc6 fc7 fc8

Figure 5.10: VGG-VD-16 inversions (selected layers). This figure is best viewed in color.

5.4.2.3 Inversion of Different Layers

Having established the legitimacy of the inversions, next we qualitatively study the

reconstructions obtained from different layers of the three CNNs for a test image (“red

fox”). In particular, fig. 5.8 shows the reconstructions obtained from each layer of

AlexNet and fig. 5.9 and fig. 5.10 do the same for all the linear (convolutional and fully

connected) layers of VGG-M and VGG-VD.

The progression is remarkable. The first few layers of all the networks compute a code

of the image that is nearly exactly invertible. All the layers prior to the fully-connected

ones preserve instance-specific details of the image, although with increasing fuzziness.

The 4,096-dimensional fully connected layers discard more geometric as well as instance-
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specific information as they invert back to a composition of parts, which are similar but

not identical to the ones found in the original image.

Comparing different architectures, VGG-M reconstructions are sharper and more

detailed than the ones obtained from AlexNet, as it may be expected due to the denser and

higher dimensional filters used here (compare for example conv4 in fig. 5.8 and fig. 5.9).

VGG-VD emphasizes these differences more. First, abstractions are achieved much more

gradually in this architecture: conv5_1, conv5_2 and conv5_3 reconstructions resemble

the reconstructions from conv5 in AlexNet and VGG-M, despite the fact that there are

three times more intermediate layers in VGG-VD. Nevertheless, fine details are preserved

more accurately in the deep layers in this architecture (compare for example, the nose

and eyes of the fox in conv5 in VGG-M and conv5_1 – conv5_3 in VGG-VD).

Second, reconstructions from deep VGG-VD layers are often more zoomed in com-

pared to other networks (see for example the “abstract art” and “monkey” reconstructions

from fc7 in fig. 5.11 and, for activation maximization, in fig. 5.18). The preference of

VGG-VD for large, detailed object occurrences may be explained by its ability to better

represent fine-grained object details, such as textures.

5.4.2.4 Reconstruction Ambiguity and Invariances

Figure 5.11 examines the invariances captured by the VGG-VD codes by comparing

multiple reconstructions obtained from several deep layers. A careful examination of

these images reveals that the codes capture progressively larger deformations of the

object. In the “spoonbill” image, for example, conv5_2 reconstructions show slightly

different body poses, evident from the different leg configurations. In the “abstract art”

test image, a close examination of the pre-images reveals that, while the texture statistics

are preserved well, the instance-specific details are in fact completely different in each

image: the location of the vertexes, the number and orientation of the edges, and the

color of the patches are not the same at the same locations in different images. This

case is also remarkable as the training data for VGG-VD, i.e. ImageNet ILSVRC train

set, does not contain such patterns suggesting that these codes are indeed rather generic.

Inversions from fc7 result in multiple copies of the object/parts at different positions
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and scales for the “spoonbill” and “monkey” cases. For the “monkey” and “abstract

art” cases, inversions from fc7 appear to result in slightly magnified versions of the

pattern: for instance, the reconstructed monkey’s eye is about 20% larger than in the

original image; and the reconstructed patches in “abstract art” are about 70% larger than

in the original image. The preference for reconstructing larger object scales seems to

be typical of VGG-VD (see also fig. 5.18).

Note that all these reconstructions and the original images are very similar from the

viewpoint of the CNN representation; we conclude in particular that the deepest layers

find the original images and a number of scrambled parts to be equivalent. This may

be considered as another type of natural confounder for CNNs alternative to those

discussed in [96].

5.4.2.5 Reconstruction Biases

It is interesting to note that some of the inverted images have large green regions (for

example see fig. 5.10 fc6 to fc8). This property is likely to be intrinsic to the networks

and not induced, for example, by the choice of natural image prior, the effect of which

is demonstrated in fig. 5.2 and fig. 5.3. The prior only encourages smoothness as it is

equivalent (for β � 2) to penalizing high-frequency components of the reconstructed

image. Importantly, the prior is applied to all color channels equally. When gradually

removing the prior, random high-frequency components dominate and it is harder to

discern a human-interpretable signal.

5.4.2.6 Inversion from Selected Representation Components

It is also possible to examine reconstructions obtained from subsets of neural responses

in different CNN layers. Figure 5.12 explores the locality of the codes by reconstructing

a central 5 � 5 patch of features in each layer. The regularizer encourages portions

of the image that do not contribute to the neural responses to be switched off. The

locality of the features is obvious in the figure; what is less obvious is that the effective

receptive field of the neurons is in some cases significantly smaller than the theoretical

one shown as a red box in the image.
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conv4_1 conv5_2 fc7

conv4_1 conv5_2 fc7

conv4_1 conv5_2 fc7

Figure 5.11: For three test images, “spoonbill”, “abstract art”, and “monkey”, we generate four
different reconstructions from layers conv4_1, conv5_2, and fc7 in VGG-VD. This figure is best
seen in color.

Finally, fig. 5.13 reconstructs images from two different subsets of feature channels for

CaffeNet. These subsets are induced by the fact that the first several layers (up to norm2)

of the CaffeNet architecture are trained to have blocks of independent filters [76]. We

invert these individually. Notice that one group is tuned towards color information, and

the second one is tuned towards sharper edges and luminance components. Remarkably,

this behavior emerges spontaneously in the learned network.
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conv1 relu1 mpool1 norm1 conv2 relu2 mpool2

norm2 conv3 relu3 conv4 relu4 conv5 relu5

Figure 5.12: Reconstructions of the “monkey” image from a central 5 � 5 window of feature
responses in the convolutional layers of CaffeRef. The red box marks the overall receptive field of
the 5 � 5 window.

conv1-grp1 norm1-grp1 norm2-grp1 conv1-grp2 norm1-grp2 norm2-grp2

Figure 5.13: CNN neural streams. Reconstructions of the “abstract art” test image from either
of the two neural streams in CaffeRef. This figure is best seen in color.

5.5 Visualization by Activation Maximization

In this section the activation maximization method is applied to classical and CNN

representations. Recall that this visualization method optimizes a randomly initialized

pre-image x, so as to maximize the response of a single feature component rΦpxqsi.
We assume that the resulting image characterizes the collection of visual stimuli that

the chosen neuron is selective for. Loosely speaking, while inversion visualizes what

is “captured” by a representations, neuron maximization visualizes what a neuron

would “like to see”.

5.5.1 Classical Representations

We use activation maximization to visualize HOG templates. Let ΦHOGpxq denote the

HOG descriptor of a gray scale image x P RH�W ; a HOG template is a vector w, usually

learned by a SVM, that defines a scoring function Φpxq � xw,ΦHOGpxqy for a particular

object category. The function Φpxq can be interpreted as a CNN consisting of the HOG

CNN ΦHOGpxq followed by a linear projection layer with parameter w. The output of

Φpxq is a scalar, expressing the confidence that the image x contains the target object class.
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Figure 5.14: Visualization of DPMv5 HOG models using activation maximization (top) and
HOGgle (bottom). Each model comprises a “root” filter overlaid with several part filters. From
left to right: Bicycle (Component #2), Bottle (#5), Car (#4), Motorbike (#2), Person (#1), Potted
Plant (#4).

In order to visualize the template w using activation maximization, the loss function

�xΦpxq,Φ0y{Z of eq. (5.4) is plugged into the objective function eq. (5.1). Since in

this case Φpxq is a scalar function, the reference vector Φ0 is also a scalar, which is

set to 1. The normalization constant Z is set to

Z �Mρ2 (5.9)

where ρ � maxtH,W u and M is an estimate of range of Φpxq, obtained as M �
x|w|,ΦHOGpxqy where |w| is the element wise absolute value of w and x is set to a

white noise sample. This method is used to visualize the Deformable Part Models

(DPMv5) [47] trained on the VOC2010 [31] dataset (Figure 5.14).

These visualizations are compared to the ones obtained in the analogous experiment

by Vondrick et al. ([137] Fig. 14) using HOGgle. An important difference is that HOGgle

does not perform activation maximization, but rather uses inversion and returns an

approximate pre-image Φ�1
HOGpw�q, where w� � maxt0,wu is the rectified template.

Strictly speaking, inversion is not applicable here because the template w is not a HOG

descriptor. In particular, w contains negative values which HOG descriptors do not

contain. Even after rectification, there is usually no image such that ΦHOGpxq � w�.

On the other hand, activation maximization is principled because it works on top of

the detector scoring function; in this manner it can correctly reflect the effect of both

positive and negative values in w.
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The visualizations of five DPMs using activation maximization and HOGgle are shown

in fig. 5.14. Note that the DPMs are hierarchical, and consist of a root object template

and several higher-resolution part templates. For simplicity, each part is processed

independently, but activation maximization could be applied to the composition of all

the parts to remove the seams between them.

Compared to HOGgle, activation maximization reconstructs finer details, as can be

noted for parts such as the bicycle wheel and bottle top. On the other hand, HOGgle

reconstructions contain stronger and straighter edges (see for example the car roof). The

latter may be a result of HOGgle using a restricted dictionary computed from natural

images whereas our approach uses a more generic smoothness prior.

conv1 conv2 conv3

conv4 conv5

Figure 5.15: Activation maximization of the first filters of each convolutional layer in VGG-M.
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conv1_1 conv1_2 conv2_1 conv2_2

conv3_2 conv3_3 conv4_2

conv4_3 conv5_2 conv5_3

Figure 5.16: Activation maximization of the first filters for each convolutional layer in VGG-VD-
16.

AlexNet VGG-M VGG-M VGG-VD-16 VGG-VD-16
fc8 #971 conv4 #408 conv4 #392 conv5_2 #263 conv5_2 #26

Figure 5.17: Activation maximization with 4 different initializations.

5.5.2 CNN Representations

Next, the activation maximization method is applied to the study of deep CNNs. As before,

the inner-product loss eq. (5.4) is used in the objective eq. (5.1), but this time the reference
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AlexNet “tree frog” AlexNet “black swan” AlexNet “goose” AlexNet “cheeseburger’

VGG M “frog” VGG M “black swan” VGG M “goose” VGG M “cheeseburger”

VGG VD “frog” VGG VD “black swan” VGG VD “goose” VGG VD “cheeseburger”

Figure 5.18: Activation maximization for the second to last layer of AlexNet, VGG-M, VGG-
VD-16 for the classes “frog”, “black swan”, “goose”, and “vending machine”. The second to last
layer codes directly for different classes, before softmax normalization.

vector Φ0 is set to the one-hot indicator vector of the representation component being

visualized. It was not possible to find an architecture independent normalization constant

Z in eq. (5.4) as different CNNs have very different ranges of neuron output. Instead Z

is calculated in the same way as eq. (5.9), Z � Mρ2, where M is the maximum value

achieved by the representation component in the ImageNet ILSVRC 2012 validation

dataset and ρ the size of the component receptive field, as reported in table 5.1. As

in section 5.4.2 the jitter amount T is set to a fourth of the feature-stride. All other

parameters are set as described in section 5.2.2 (including C � 1).

Figure 5.15 shows the visual patterns obtained by maximally activating neurons in

the convolutional layers of VGG-M. Similarly to [156] and [154], the complexity of the

patterns increases substantially with depth. The first convolutional layer conv1 captures

colored edges and blobs, but the complexity of the patterns generated by conv3, conv4

and conv5 is remarkable. While some of these patterns do evoke objects or object parts,



84 5.5. Visualization by Activation Maximization

it remains difficult to associate with them a clear semantic interpretation. This is not

entirely surprising given that the representation is distributed and activations may need to

be combined to form a meaning. Experiments from AlexNet yielded entirely analogous

if a little blurrier results. These are discussed in chapter 6.

Figure 5.16 shows the patterns obtained from VGG-VD. The complexity of the

patterns build up more gradually than for VGG-M and AlexNet. Qualitatively, the

complexity of the stimuli in conv5 in AlexNet and VGG-M seems to be comparable to

conv4_3 and conv5_1 in VGG-VD. Conv5_2 and conv5_3 do appear to be significantly

more complex, however. A second observation is that the reconstructed colors tend

to be much more saturated, probably due to the lack of normalization layers in the

architecture. Thirdly, we note that reconstructions contain significantly more fine-grained

details, and in particular tiny blob-like structures, which probably activate very strongly

the first very small filters in the network.

Figure 5.18 repeats the experiment from [121], more recently reprised by [154]

and [93], and maximizes components of fc8 that correspond to a given class prediction.

Four classes are considered: two similar animals (“black swan” and “goose”), a different

one (“tree frog”), and an inanimate object (“cheeseburger”). We note that in all cases

it is easy to identify several parts or even instances of the target object class. However,

reconstructions are fragmented and scrambled, indicating that the representations are

highly invariant to occlusions and pose changes. Secondly, reconstructions from VGG-M

are considerably sharper than the ones obtained from AlexNet, as could be expected.

Thirdly, VGG-VD-16 differs significantly from the other two architectures. Colors are

more “washed out”, which we impute to the lack of normalization in the architecture as

for fig. 5.16. Reconstructions tends to focus on much larger objects; for example, the

network clearly captures the feather pattern of the bird as well as the rough skin of the frog.

Finally, fig. 5.17 shows multiple pre-images of a few representation components

obtained by starting activation maximization from different random initializations. This

is analogous to fig. 5.11 and is meant to probe the invariances in the representation.
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The variation across the four pre-images is a mix of geometric and style transforma-

tions. For example, the second neuron appears to represent four different variants

of a wheel of a vehicle.

conv1 relu1 mpool1 norm1 conv2 relu2 mpool2

norm2 conv3 relu3 conv4 relu4 conv5 relu5

pool5 fc6 relu6 fc7 relu7 fc8

Figure 5.19: Caricatures of the “red fox” image obtained from the different layers in VGG-M.

M conv3 M conv4 M conv5 M fc6 M fc8 VD conv5_3 VD fc8

M conv3 M conv4 M conv5 M fc6 M fc8 VD conv5_3 VD fc8

M conv3 M conv4 M conv5 M fc6 M fc8 VD conv5_3 VD fc8

Figure 5.20: Caricatures of a number of test images obtained from the different layers of VGG-M
(conv3, conv4, conv5, fc6, fc8) and VGG-VD (conv5_3 and fc8).

5.6 Visualization by Caricaturization

Our last visualization is inspired by Google’s Inceptionism [93]. It is similar to activation

maximization (section 5.5) and in fact uses the same formulation for eq. (5.1) with
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the inner-product loss eq. (5.4). However, there are two key differences. First, the

target mask is now set to

Φ0 � maxt0,Φpx0qu (5.10)

where x0 is a reference image and the normalization factor Z is set to }Φ0}2. Second,

the optimization is started from the image x0 itself.

The idea of this visualization is to exaggerate any pattern in x0 that activates neurons

in the representation Φpx0q, hence creating a “caricature” of the image according to this

model. Furthermore, differently from activation maximization, this visualization works

with combinations of multiple activations instead of individual ones.

Figure 5.19 shows the caricatures of the “red-fox” image obtained from the different

layers of VGG-M. Applied to the first block of layers, the procedure simply saturates

the color. Conv2 appears to be tuned to long, linear structures, conv4 to round ones,

and conv5 to the head (part) of the fox. The fully connected layers generate mixtures of

fox heads, including hallucinating several in the background, as already noted in [93].

Figure 5.20 shows the caricatures obtained from selected layers of VGG-M and VGG-

VD, with similar results.

5.7 Discussion

We have presented three visualization tools (inversion, activation maximization, and

caricaturization) which were made interpretable using natural image priors. We used

them to probe and compare standard classical representations, and CNNs.

We compared against HOGgle for HOG inversion and obtained better quantitative

results. The most important observations, however, emerged from an analysis of the

visualizations obtained from deep CNNs; some of these are: that photometrically accurate

information is preserved deep down in CNNs, that even very deep layers contain instance-

specific information about objects, that intermediate convolutional layers capture local

invariances to pose and fully connected layers to large variations in the object’s layout, that
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individual CNN components code for complex but, for the most part, not semantically-

obvious patterns, and that different CNN layers appear to capture different types of

structures in images, from lines and curves to parts.

The robustness of our inversion method was established by (a) evaluating the residual

error in representation space, (b) estimating the variance in this error and (c) checking

whether the inversions are classified the same way as the representation being inverted.

We also analyzed the interpretability of inversions across varying objective weights (C)

using a user-study. We found that some amount of regularization always yields a more

interpretable result than no regularization. Under the right choice of objective weight C,

we can achieve low error, high classification consistency and a more interpretable results.

We shall apply these tools to visualize our self-supervised CPFS-CE model in

the next chapter.
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6
Visualizing Representations

Self-Supervised Using Motion

This chapter applies the visualization suite of chapter 5 to the self-supervised CPFS-CE

model trained using YFCC100m-1600k dataset in chapter 3. This model’s architecture

is very similar to a standard AlexNet. We therefore contrast it with visualizations of

an ILSVRC-12 pre-trained AlexNet and a randomly initialized version of the model

itself. We also explore the interpretable neurons in our model using the Network

Dissection method [7].

6.1 Neuron Maximization

We use per-neuron activation maximization to visualize individual neurons in the various

convolutional and fully connected layers. Fig. 6.1 and fig. 6.2 present the estimated

optimal stimulus for each the first 25 neurons from the five convolutional layers, made

interpretable using a natural image prior. They do so for all three networks - our motion

pre-trained model, an ILSVRC-12 pre-trained Alexnet and a randomly initialized model.

We observe abstract patterns in both pre-trained models that are not present in a random

network, suggesting that the representation may capture concepts useful for general-

purpose image analysis. The ILSVRC-12 pre-trained neurons vaguely resemble semantic

objects, unlike the motion pre-trained neurons; except for conv5 - row 4, column 4 which

89
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Figure 6.1: Neuron Maximization: Six grids are shown one for each model across two layers
(Conv-4 and Conv-5). Each grid itself consists of 25 images. Each image in the grid corresponds
to the estimated optimal excitatory stimulus for a neuron in the corresponding network. This
visualization is obtained using the regularized neuron maximization method of chapter 5.
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Figure 6.2: Neuron Maximization: Same as fig. 6.1 but for (Conv-1, Conv-2 and Conv-3). Each
grid consists of 25 images, one for each neuron.

resembles a human face (See fig. 6.4(left) for a larger image of this neuron’s visualization

output.). This is not surprising as YFCC100m videos are people centric. This bias is more

evident in fig. 6.3 where all visualized neurons in fc6 and fc7 layers show collections

of people (See fig. 6.4(right) for a larger image).

In fig. 6.5, we visualize neurons pre-trained using another self-supervised learning

method namely Rotation Network (RotNet) [44]. Comparing these visualizations with

those from our motion pre-trained model we see richer features in RotNet. This gives some

intuition for their superior performance on various quantitative benchmarks. However,

we also note that several of these features are horizontal. See for instance, the animal face
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Figure 6.3: Neuron Maximization: Fully Connected Layers (FC-6, FC-7). Each row visualizes
the first three neurons in the corresponding fully connected layer.

Figure 6.4: Neuron maximization for the CPFS-CE motion pretrained model: (Left) Conv5,
neuron 19, Face like neuron, (Right) FC6, Neuron 3, People like neuron.
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Conv-4 Neurons Conv-5 Neurons

Conv-1 Neurons Conv-2 Neurons Conv-3 Neurons

————- FC-6 ————- ————- FC-7 ————-

Figure 6.5: RotNet Neuron Maximization: Same as fig. 6.1, fig. 6.2 and fig. 6.3 but for
RotNet [44]. Each grid consists of 25 images, one for each neuron.
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in row-2-column-4 of the conv4 feature visualization grid. This highlights the effects of

training on distorted natural image data. The RotNet pre-training method involves rotating

the image by 90/180/270 degrees and predicting this global orientation. Thus the network

is trained on images with distorted global orientation leading to unnaturally oriented

filters. On the contrary, our motion based pre-training method only loses information

along the temporal dimension leaving the image-frame intact.

6.2 Inversion

Random Init. Model

conv1 conv3 conv5 fc6 fc7

ILSVRC-12 AlexNet

conv1 conv3 conv5 fc6 fc7

Motion Pre-Trained

conv1 conv3 conv5 fc6 fc7

RotNet Pre-Trained

conv1 conv3 conv5 fc6 fc7

Figure 6.6: Feature Inversion: Multiple inversions of convolutional layers in all four models for
features extracted from the “Monkey” image in fig. 5.1. For each layer-model pair, four pre-images
are computed and shown in a 2 � 2 grid.

While neuron maximization visualizes individual neurons, inversion is useful to know
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what is captured by a representation as a whole. Figure 6.6 inverts several layers of

our motion pre-trained model. These are shown alongside inversions of the same layers

for an ImageNet pre-trained AlexNet, a randomly initialized network and another self-

supervised pre-trained model (RotNet). It is clear, as was in chapter 5, that going deeper

results in a loss of detail. In other words, the network chooses what constitutes irrelevant

detail and discards it. The inverted result is then missing this part of information content

otherwise present in the image. In the case of a randomly initialized network, it is not

selective and visualizations become blurry for deeper layers. On the other hand, both

the ILSVRC-12 pre-trained AlexNet and our motion pre-trained model are selective of

salient regions such as eyes and outer edges of the object. In fact, object parts are retained

in the visualizations of fully connected layers of the ILSVRC-12 pre-trained AlexNet.

This is missing for our motion pre-trained network suggesting that the fully connected

layers can be improved. RotNet appears to emphasize eyes in its fully connected layers.

6.3 Caricaturization

We observed in fig. 5.19 and fig. 5.20 that maximizing the activity of all active neurons

in a neural feature map resulted in the repetition of salient structures in the scene. Here

we repeat this experiment for the three networks under consideration in this chapter,

in fig. 6.7. We observe that this repetition of object parts is (a) lower in AlexNet when

compared to the VGG-M and VGG-VD-16 results discussed in chapter 5, (b) not present

in a randomly initialized AlexNet nor in our motion pre-trained model. Instead the

latter emphasizes lower level structures highlighting the semantic gap in our pre-training

strategy. This gap is particularly evident in the fully connected layers - FC-6 and FC-7.

6.4 Network Dissection

Complementary to the above visualizations, we quantify the number of interpretable

neurons in our model by applying the Network Dissection technique of [7]. This method

evaluates individual neurons as detectors for several diverse concepts ranging from

colors and textures to objects and scenes. A neuron is deemed interpretable if it is
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Figure 6.7: Caricaturization for “Flamingo” and “Red-fox” images from fig. 5.1 for three
networks: “Rand. Init” - randomly initialized network, “ILSVRC-12” - ILSVRC-12 pre-trained
AlexNet, “Motion Init.” - Motion based pretrained model from chapter 3.

able to detect one of these concepts with a mean intersection over union above 0.04.

The authors observed that self-supervised models have fewer interpretable units. This

was later attributed to a more distributed representation by [38]. The extent to which

such a distributed interpretable representation exists in our CPFS-CE model has already

been quantified to some extent in the ImageNet linear probing experiments (Chapter 3,

table 3.2). Here we present a summary of individual interpretable neurons in the conv5
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Head Neuron

Grid Neuron

Wheel Neuron

Banded Neuron

Grid Neuron

Striped Neuron

Neuron 19 - Leg detector with IoU � 0.01

Figure 6.8: Network Dissection: We quantify the number of individual interpretable neurons,
in the conv-5 layer of our CPFS-CE model, using [7]. The histogram at the top enumerates all
concepts recognized by individual neurons in the network. We notice that three of the concept
detectors - head, grid, wheel - may also be detecting - faces, face patches, eyes - respectively.
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layer of our CPFS-CE model in fig. 6.8. We see that most of the concepts are low

level textures. It is interesting to again note the bias towards faces as three of the

concepts - ‘head’, ‘grid’, ‘wheel’ - are potentially face related. Also note that many

neurons are dedicated to textures with repeating geometry such as ‘striped’, ‘banded’,

‘grid’, ‘zigzagged’. This observation concurs with the grid pattern like pre-images

obtained by neuron maximization of conv4 and conv5 neurons in fig. 6.1. We hypothesize

that such patterns help estimate the neuron’s distance from the image boundary. Such

estimates could help the network solve the non-convolutional proxy task of grouping

pixels corresponding to individual object instances. Contrasting the histogram in fig. 6.8

with Figure 12 in [163] we verify a semantic gap between our CPFS-CE model and

the ILSVRC-12 pre-trained one.

The ‘face’ neuron in conv5 is identified as a ‘leg’ detector (IoU � 0.01) by Network

Dissection. We believe this is because Network dissection tests whether a given neuron is

a detector for one of several concepts. This requires that neuron to ‘cover’ most instances

of that concept. Neuron maximization, however, does not demand such coverage. Also

a neuron can detect more than one concept. Network Dissection picks the concept that

a neuron detects best and ignores the remaining.

6.5 Summary

We presented visualizations of our self-supervised CPFS-CE model. This constitutes

a case study of how a new model may be visualized using our methods. While these

visualizations may not convey training specific information by themselves, contrasting

them against a randomly initialized model and the best performing ILSVRC-12 pre-

trained model gave useful insights. We were able to identify room for improvement

and get an intuition for the model’s current performance. The key positive aspect of

our CPFS-CE model is that it is sensitive to structured patterns rather than noise clouds.

The negative aspect is that these structured patterns are not visually resembling semantic

entities except for people and faces. Furthermore a combination of these neurons does

not capture semantic entities as highlighted by the caricaturization results. This semantic

gap was quantitatively verified by using Network Dissection.
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We were interested in further visualizing the CPFS-CE model using gradient based

methods [121, 126, 156], but as we will see in the next chapter, their characterization

of deep layers is confounded by intermediate activations.
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7
Salient deconvolutional networks

This chapter presents an analysis of three recent CNN visualization methods based on

network backpropagation namely, Network Saliency [121], Guided Backprop [126] and

Deconvolutional Networks (DeConvNet) [156]. We also contribute a weakly supervised

foreground segmentation pipeline using these visualization methods as seeds.

7.1 Introduction

Despite the success of modern Convolutional Neural Networks (CNNs), there is a limited

understanding of how these complex models achieve their performance. Methods such

as DeConvNets have been proposed to visualize image patterns that strongly activate

any given neuron in a CNN [156] and therefore shed some light on the CNN structure.

However, the DeConvNet construction is partially heuristic and so are the corresponding

visualizations. Simonyan et al. [121] noted similarities with their Network Saliency

method which explains DeConvNets, but this interpretation is incomplete.

This chapter carries a novel and systematic analysis of DeConvNets and closely

related visualization methods - Network Saliency and Guided Backprop. We first provide

a brief description of all three methods before detailing our contributions. Figure 7.1

contains a schematic for each of them emphasizing their differences by highlighting

them in yellow and blue.

101
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(a) DeConvNet (b) Network Saliency

(c) Guided Backprop

Figure 7.1: Schematics illustrating the three methods analyzed in this chapter. These are based
on the schematic provided in [156]. In each case, the feed-forward CNN is to the right and
the corresponding reversed CNN is to its left. Images/lower layer activations are input to the
feed-forward CNN. Information may be copied from the forward CNN to the reversed CNN using
lateral connections. Differences between Network Saliency and DeConvNet are highlighted in
yellow. Additional differences in Guided Backprop are highlighted in blue.

DeConvNet The DeConvNet construction fig. 7.1a is an architecture reversal strategy

contributed by Zeiler and Fergus [156]. Given a feed-forward CNN that maps

images to neuron activations, their method constructs a reversed CNN mapping

neuron activations back to an image. The reversed CNN is constructed heuristically
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Figure 7.2: From top row to bottom: Original image, DeConvNet, Network Saliency and
Guided backprop visualizations from the fc8 layer of AlexNet (just before the softmax operation).
The maximally active neuron is visualized in each case. Guided Backprop results in crisper
visualizations. It suppresses the background while preserving edge information. Best viewed on
screen.

by following three steps: (a) Replace every convolution layer with a convolu-

tion transpose layer using the same weights and biases, (b) replace every ReLU

(Rectified Linear Unit) layer with a ReLU in the backward direction, and (c)

replace every max-pool layer with an “unpool” layer. The unpool layer is discussed

mathematically in section 7.3.1. The DeConvNet construction is used to visualize

individual neurons by passing a one-hot neuron activation map as input to the

reversed CNN. The output image is then assumed to visualize the selected neuron.

Network Saliency The Network saliency algorithm estimates salient regions in an image

with respect to a chosen neuron. For this purpose, it defines saliency as the

gradient of that neuron’s activation with respect to the input image. As noted by

Simonyan et al. [121] and highlighted in fig. 7.1b, this is identical to the DeConvNet

construction except for a difference in the reversal of ReLU layers. M in the figure

is the rectification mask, that is a binary tensor identifying positive neurons in the

convolutional output. See section 7.3.1 for a formal definition.
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Guided Backprop A combination of DeConvNets and Network Saliency yields guided

backprop. In this method, the reversed ReLU layer first superimposes the rectifi-

cation mask M (as in Network Saliency) and next applies ReLU in the backward

direction (as in DeConvNets). It can be regarded as an improved version of

DeConvNet that is selective of salient regions. See the schematic in fig. 7.1c.

Our first contribution is to extend DeConvNet to a general method for architecture

reversal and visualization. In this construction, the reversed layers use information

extracted by the forward network, which we call bottleneck information (section 7.3).

We show that back-propagation is a special case of this construction which is equivalent

to the Network Saliency method of Simonyan et al. (section 7.3.1). We note that the

only difference between DeConvNet and Network Saliency is a seemingly innocuous

change in the reversal of Rectified Linear Units (ReLU; section 7.3.2). However, this

change has a very significant effect on the results: the Network Saliency response is well

localized but lacks structure, whereas the DeConvNet response accurately reproduces

the image boundaries and object shapes, but is less localized (fig. 7.2). A combination

of the two methods yields Guided Backprop [126]. We show that it simultaneously

obtains structure and localization.

We then move to the important question of whether deconvolutional architectures

are useful for visualizing neurons. Our answer is partially negative, as we find that

the output of reversed architectures is mainly determined by the bottleneck information

rather than by which neuron is selected for visualization (section 7.4.3). In the case of

Network Saliency and Guided Backprop, we confirm that the output is selective of any

recognizable foreground object in the image, but the class of the selected object cannot

be specified by manipulating class-specific neurons.

Having established the dominance of bottleneck information, we draw an analogy

between that and phase information in the Fourier transform (section 7.4.4) and discuss

the importance of polarity information in reversed architectures.

Finally, we quantitatively test the ability of Network Saliency and Guided Back-

prop to identify generic foreground objects in images (section 7.4.6). Combined with

GrabCut [51], we achieve near state-of-the-art segmentation results on the ImageNet
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Figure 7.3: The top row shows a typical CNN obtained by repeating short chains of convolution
(�), max pooling (MP) and ReLU (RU) operators. The middle row shows a generic “deconvo-
lution” architecture, in which information flows backward to the image using the convolution
transpose �BP operator. Different variants are obtained by: (i) choosing a different input (U -
architecture, feature selector, or noise), (ii) choosing a variant of backward ReLU RU: (1, ReLU,
ReLU backpropagation, or hybrid), and (iii) choosing a variant of backward max pooling MP:

(unpool to centre or MP backpropagation). This schema generalizes DeConvNets [156].

segmentation task of [50], while using off-the-shelf CNNs pretrained from a largely

disjoint subset of ImageNet and with only image-level supervision.

7.2 Related Work

DeConvNets were originally proposed as a method for unsupervised feature learning

[157, 158] and later applied to visualization [156]. There are several CNN visualizations

alternative to DeCovnNets including those discussed in chapter 5. Recently, DeConvNets

have also been proposed as a tool for semantic image segmentation; for example,[97, 57]

interpolate and refine the output of a fully-convolutional network [85] using a deconvo-

lutional architecture. In this thesis, inspired by [121], we apply reversed architectures

for foreground object segmentation, although as a by-product of visualization and in a

weakly-supervised setting rather than as a specialized segmentation method.

7.3 Family of Deconvolutional Architectures

Given an image x P X , a deep CNN extracts a feature vector or representation

φ : x ÞÑ φL � � � � � φ1pxq (7.1)
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using a sequence of L linear and non-linear layers φi (fig. 7.3.top). Typical layers include

convolution, ReLU, max pooling, and local response normalization.

The goal is to associate with φ a corresponding architecture φ: that reverses in

some sense the computations and produces an image as output. While such reversed

architectures have several uses, here we focus on the problem of visualizing deep networks:

by looking at the images produced by φ:, we hope to gain some insights about the forward

network φ. This method was popularized by the work of Zeiler and Fergus in [156],

where a particular construction called DeConvNet was shown to produce surprisingly

crisp renderings of neural activations. However, given the heuristic nature of some choices

in DeConvNet, it is difficult to precisely characterize the meaning of these results.

In order to explore this point, we consider here a generalization of the DeConvNet

construction. To this end, each layer φi is associated with a corresponding layer φ:i that

reverses input x and output y (fig. 7.3.middle row). We also allow the reverse layer to be

influenced by auxiliary information r computed by the forward layer. For instance, in

DeConvNet, the reverse max pooling layer requires the “setting of the pooling switches”

computed in the forward pass. Thus a layer φi and its reverse φ:i are maps:

forward φi : x ÞÑ py, rq, reversed φ:i : pŷ, rq ÞÑ x̂. (7.2)

The �̂ symbol emphasizes that, in the backward direction, the tensors x̂ and ŷ have the

same shape as x and y in the forward pass, but different values.

Since the auxiliary information r is a function of the input r � πpxq, one can always

let r � x without loss of generality; however, the interesting case is when the auxiliary

information is limited and r is an information bottleneck. For example, the pooling

switches r in DeConvNet contain much less information than the input data x. In fig. 7.3

these bottlenecks are denoted by dotted arrows.

The question then is how can we build reverse layers φ:? Next, we show that back-

propagation provides a general construction for reverse layers, which in some cases

corresponds to the choice in DeConvNet.
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7.3.1 Network Saliency as a Deconvolutional Architecture

The Network Saliency method of Simonyan et al. [121] characterizes which pixels of

an image are most responsible for the output of a CNN. Given an image x0 and a

network φpx0q, saliency is computed as the derivative of the (projected) CNN output

Spφ,x0,pq with respect to the image:

Spφ,x0,pq � B
Bx
xp, φpxqy

���
x�x0

. (7.3)

Since the CNN output φpxq is in general a vector or tensor, the latter is transformed into

a scalar by linear projection onto a constant tensor p before the derivative is computed.

In practice, p is usually a one-hot tensor that selects an individual neuron in the output.

In this case, the value of a pixel in the saliency map Spφ,x0,pq answers the question:

“how much would the neuron response xp, φpx0qy change by slightly perturbing the

value of that pixel in the image x0?”

Given network φ with L layers, saliency is computed from eq. (7.1) and eq. (7.3)

using the chain rule:

vecSpφ,x0,pq � vec pJ � B vecφL
B vec xJ

L�1
� � � � � B vecφ1

B vec xJ
0
. (7.4)

where xl are activations of the lth layer. Here the vec operator stacks tensors into vectors

and allows us to use a simple matrix notation for the derivatives.

The Back Propagation (BP) algorithm [116] is the same as computing the prod-

ucts eq. (7.4) from left to right; this reduces to a chain of derivatives in the form of eq. (7.3),

one for each layer, where p is replaced with the derivative ŷ obtained from the layer

above. In this manner, BP provides a general way to define a reverse of any layer φi:

φi : x ÞÑ y BP-reversed becomes φBP
i : px, ŷq ÞÑ B

Bx
xŷ, φipxqy. (7.5)

We denote the BP-reversed of a layer with the symbol φBP
i . Any CNN toolbox can

compute BP-reversed for any layer as it contains code for back-propagation. Note also

that the BP-reversed layer is a linear map in the argument ŷ, even if the forward layer

is non-linear in x. In this manner, one can compute backpropagation, and therefore the
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saliency map Spφ,x0,pq of [121]. This computation in principle uses a “deconvolutional”

architecture of the type of fig. 7.3, where layers are reversed using the BP equation (7.5).

The BP-reversed layer φBP
i takes as input both x and ŷ, whereas from our discussion

above we would like to replace x with a bottleneck r. Formally we rewrite the BP-

reversed layer φBP
i px, ŷq as φ:i pŷ, rq where r � πpxq projects the data x onto the smallest

possible bottleneck. Note that this does not change the meaning of a BP-reversed layer,

but it does characterize how much auxiliary information it requires. The latter is easy

to find in an abstract sense,1 but it is much more instructive to derive it for concrete

layer types, which we do below for common layers.

Affine layers. A fully connected layer φfc simply multiplies the data x by a matrix A

and adds a bias b. Given that the data x P RH�W�C is a 3D tensor of height H and width

W and C feature channels, we use the vec operator to write this in terms of matrices2

as φfc : vec y � A vec x � b. Linear convolution φ� can conveniently be defined in the

same way, by replacing matrix A with a matrix ρpF q constructed by “sliding” a bank of

filters F , giving φ� : vec y � ρpF q vec x � b. Using eq. (7.5), the BP-reversed layers

are obtained by transposing the respective matrices:

φBP
fc : vec x̂ � AJ vec ŷ, φBP

� : vec x̂ � ρpF qJ vec ŷ. (7.6)

The layer φBP
� is often called deconvolution3 and gives the name to DeConvNets.

Note that the computation of these layers does not require any information from the

forward pass, so the bottleneck r is empty. This is due to linearity and explains why

in fig. 7.3 there are no dashed arrows connecting convolutional layers.

Rectified linear Unit (ReLU or RU). ReLU and its BP-reversed layer are given by

φRUpxq � maxtx, 0u, φBP
RUpx, ŷq � φ:RUpŷ, rq � ŷd r, r � rx ¡ 0s, (7.7)

1Let x1 � x2 be equivalent whenever functions φBP
i px1, �q � φBP

i px2, �q are the same. It is easy to
check that this defines an equivalence relation. Then the smallest possible bottleneck π : x ÞÑ r P X { �
projects x into its equivalence class.

2This is slightly more general than usual as it specifies a different bias for each output dimension instead
for each output feature channel.

3The name “deconvolution” is technically incorrect here. The operation itself is a “Convolution
Transpose”.
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where max (maximum) operation is computed element-wise, d is the element-wise

product, and rx ¡ 0s is the rectification mask (binary tensor) with a 1 for every positive

element of x and 0 otherwise.

Hence the bottleneck information for ReLU is the rectification maskM � r � rx ¡ 0s.
Note that φBP

RUpx, ŷq is not the reversal used by DeConvNets [156, 121] and this choice

changes the output significantly.

Max Pooling (MP). Let xuc be the element of tensor x at spatial location u P Ω and

feature channel c. MP is obtained by computing the maximum of xvc over a small spatial

neighbourhood, v P Npuq � Ω, corresponding to u:

rφMPpxqsuc � max
vPNpuq

xvc � xspu|c,xq,c where spu|c,xq � argmax
vPNpuq

xvc. (7.8)

Here spu|x, cq tells which element xspu|x,cq,c of the input is associated by maximum to

each element yuc of the output and is informally called a setting of the pooling switches.

A short derivation from eq. (7.5) shows that the BP-reversed is given by

rφBP
MPpx, ŷqsvc � rφ:MPpŷ, rqsvc �

¸
uPs�1pv|c,xq

ŷuc, r � sp�|�,xq. (7.9)

Hence the bottleneck information for MP is the setting of the pooling switches.

7.3.2 Deconvolutional Architectures

BP-reversal is only one way of defining reversed layers in a deconvolutional architecture.

Here, we examine seven others. These are obtained by choosing between various options

for reversing max-pooling and ReLU layers. First for max-pooling layers, we can choose

between (a) the BP-reversed φBP
MP layer or (b) simply unpooling to the center of each

neighbourhood. The latter has an empty bottleneck. We refer to it as φcenter
MP . Next

for ReLU layers, we can choose between: (a) BP-reversed φBP
RU with the rectification

mask as bottleneck, (b) identity function 1, with empty bottleneck, (c) ReLU in the

backward direction, say φRU, as in DeConvNets, or (d) φRU � φBP
RU combining (a) and

(c) as in Guided Backprop. Taking all possible combinations between the two sets of

choices above, we get eight possible deconvolutional architectures. Example outputs

for all eight architectures are shown in fig. 7.4 and fig. 7.5. Note that only three of
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Figure 7.4: Visualizations of VGG-16 using the trilobite image of fig. 7.2 (Col. 5) using eight
deconvolutional architectures. These architectures are used to visualize the maximally-firing
neuron in the pool5 layer. Full output image is shown (localization is mostly due to the finite
support of the neuron). From top to bottom we change φ:MP to choose between φBP

MP and φcenter
MP .

From left to right we change φ:RU to choose between φRU � φBP
RU, φRU, φBP

RU and 1. Here all
methods use the identity as the reverse LRN:.

these, Network Saliency, DeConvNet and Guided Backprop, have been recognized by

prior work of which only Network Saliency has an immediate interpretation, in that it

is computing the derivative of the forward network.

Affine layers, max pooling, and ReLU cover all the layer types needed to reverse archi-

tectures such as VGG-VD, GoogLeNet, Inception and ResNet.4 AlexNet includes local

response normalization (LRN) layers, which in DeConvNet are reversed as the identity.

As discussed in the section 7.4.5, this has little effect on the results. In the rest of this

chapters, DeConvNet and Guided Backprop use identity, while Network Saliency, in

keeping with the original saliency method by [121], uses φBP
LRN.

7.4 Experiments

Experiments thoroughly investigate the family of deconvolutional architectures identified

in section 7.3.2. Section 7.4.1 tests eight possible network architectures and identifies

DeConvNet, Network Saliency, and Guided Backprop as interesting cases for further

4In all cases we deal with the network only till the layer before the softmax
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Figure 7.5: Eight Deconvolutional Architectures: Visualizations of VGG-16 pool5 similar to
those in fig. 7.4 for two other images.



112 7.4. Experiments

exploration. Section 7.4.2 compares the architectures in terms of clarity of the generated

images. Section 7.4.3 investigates whether visualizations provide useful information

about neurons, and section 7.4.4 looks at the effect of the bottleneck information. Finally,

section 7.4.6 evaluates these techniques on a practical application: segmentation of

foreground objects. Several experiments are shown qualitatively for a few representative

images from the top row of fig. 7.2.5

7.4.1 Overview of Deconvolutional Architectures

The first experiment compares the eight deconvolutional architectures of section 7.3.2.

This is done by “reversing” the computations obtained when a network φ is evaluated

on an image x0 (for instance, the “trilobite” image of fig. 7.2 column 5). In this

experiment the forward network y � φpx0q is VGG-VD-16 [123] truncated at the

last max-pooling layer (pool5). The input p to the reversed network φ:ppq is the one-

hot tensor selecting the pool5 neuron yuc that is maximally excited by x0. We vary φ:

across the eight deconvolutional architectures and compare their outputs qualitatively

in fig. 7.4 and fig. 7.5.

We can make the following observations. First, as in [121], Network Saliency

computes a fuzzy saliency map. Likewise, matching the results of [156], the result

of DeConvNet has structure, in the sense that object edges are recovered.

Second, we compare the left four deconvolutional architectures (columns 1 and

2) to the right ones (columns 3 and 4), which differ by the use of the ReLU units

in the backward direction. We note that adding these units is necessary in order to

recover the image edges. In particular, by modifying Network Saliency in this manner,

Guided Backprop produces an image with structure (Compare row1-col1 and row1-

col3 of fig. 7.4).

Third, using pooling switches (top row) slightly improves the clarity of the results

compared to unpooling to center (bottom row). Even so, we note that the image structure

can still be clearly recognized in the bottom-left image, using unpooling to center

complemented by the hybrid RU � RUBP. In fact, this image is arguably crisper than

5To improve the clarity of visualization images x � φ:ppq in print, their real valued ranges are remapped
using the expression σpx{p� logp99qaqq where a is the 0.5% quantile in vec I .
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the DeConvNet result. This suggests that, perhaps unexpectedly, the ReLU polarity

(captured by RU in the backward direction) is more important that the MP switches.

It also shows that the ReLU masks (captured by RUBP) significantly improve the

sharpness of the results.

7.4.2 Generated Image Quality

A first striking property of Guided Backprop is the clarity of resulting visualizations

compared to the other architectures (e.g. fig. 7.2, fig. 7.4, fig. 7.6 fig. 7.8). Sharper

visualizations than Network Saliency are expected based on results in [126]. The gap with

DeConvNet is, however, unexpected and particularly strong for deep layers (e.g. fig. 7.2)

and deeper architectures (e.g. fig. 7.8). DeConvNet results for AlexNet (fig. 7.6 col. 1-2)

appear to be less sharp than the ones shown in [156] (See fig.2 in their paper). This could

be due to the fact that they used a custom version of AlexNet, whereas we visualize

off-the-shelf versions of AlexNet and VGG-VD. Unfortunately, it was not possible obtain

a copy of their custom AlexNet to verify this hypothesis.

7.4.3 Meaning and Selectivity of the Deconvolutional Response

Visualizations obtained using reversed architectures such as DeConvNets are meant to

characterize the selectivity of neurons by finding which visual patterns cause a neuron to

fire strongly. However, we will see here that this interpretation is fragile.

Consider the i-th neuron rφpxqsi � xei, φpxqy in the output layer of a (truncated) CNN

architecture, where ei is an indicator vector. In order to characterize this neuron, Zeiler

and Fergus [156] search a large collection of images to find an image x� that causes φipx�q
to respond strongly. Thus, even before the deconvolutional network φ:pei, rq is applied,

the image x� is already representative of the neuron. The application of φ: then refines this

information by highlighting which regions in x� are most responsible for this activation.

While this sounds simple, there is a subtle complication. Note in fact that the

deconvolutional architecture φ:pei, rq is a function both of the neuron indicator ei as well

as the bottleneck information r extracted from the forward pass of x� through φpxq. In

the deconvolution process, ei is a direct specification of the neuron to be visualized. The
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Figure 7.6: Lack of neuron selectivity. The bottleneck information r is fixed to the one computed
during the forward pass φpxq through AlexNet and the output of φ:pe, rq is computed by choosing
e as: the most active neuron (top row), a second neuron at random (middle), or as a positive
random mixture of all neurons (bottom row). Results barely differ, particularly for the deeper
layers. See fig. 7.2 for the original house input image x. Best viewed on screen.

other parameter, r, can also be considered as a specification of the same neuron, although

a fairly indirect one, because it is extracted from an image x� that happens to excite

the neuron strongly. Then the question is whether the deconvolutional response can be

interpreted as a direct characterization of a neuron or not. This is answered next.

Lack of neuron selectivity. If the output of φ:pei, rq is a direct characterization of

the i-th neuron, we would expect the generated image to meaningfully change as the

input ei to the deconvolutional network changes.

In fig. 7.6, DeConvNet, Guided Backprop, and Network Saliency are used to visualize

the responses of different neurons at the center of the image. In more detail, the reversed

function φ:pe, rq is evaluated by keeping r fixed (as obtained from the forward pass

φpx0q) and by replacing e with either: the indicator vector e� of the neuron that has the

maximal response, a second random neuron e1 that still generates a non-zero image, and

a random non-negative vector e. It can be noted that, particularly in deeper layers, the

response changes very little with different choices of e.
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Figure 7.7: Effect of finite neuron support. From left to right: Visualization from VGG-16 pool5
using Guided Backprop; the same result after x0.1 renormalization; visualization without any
bottleneck information as in fig. 7.4-bottom right; the same visualization without bottleneck
information but with randomized filter weights for the �BP operators. The re-normalization
reveals that the true receptive field of pool5 is much larger and that the sides are not discarded but
simply weakened in the deconvolution process.

A clear difference between images from different depths (e.g. pool5 vs fc8 in fig. 7.6

and fig. 7.8) is the extent of the response, which however corresponds to the neuron

support and depends on the architecture and not on the learned network weights or data.

This is further confirmed in fig. 7.7 by considering a network with random weights.

There, it is also shown that re-normalizing the image intensities reveals the full neuron

support, which is only partially suppressed in the visualization, and in a manner which

is architecture-dependent rather than weight or data dependent.

We conclude that the outputs of reversed architectures φ:pe, rq, for deep models φ,

are mainly dependent on the bottleneck information r rather than the neuron selector e.

Hence, they provide poor direct characterizations of neurons, particularly of deep ones.

Note that methods such as [121, 154], which visualize individual neurons by activation

maximization, are not affected by this problem. There are two reasons: first, they start

from random noise, such that the bottleneck information r is not primed by a carefully-

selected reference image x0; secondly, they iteratively update the bottleneck information,

drifting away from the initial value.

Foreground object selectivity. Network Saliency [121] showed that the deepest class-

specific neurons (in fc8) in an architecture such as AlexNet are strongly selective for the

foreground objects in an image. However, in the previous section we have shown the

apparently contradictory result that this response depends very weakly on the chosen

class-specific neuron.
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———- VGG-VD Pool5 ———- ———- VGG-VD FC8 ———-
Image DeConvNet Network Saliency Guided Backprop DeConvNet Network Saliency Guided Backprop

Figure 7.8: Foreground object selectivity. This figure compares the response of DeConvNet,
Network Saliency, and Guided Backprop by visualizing the most active neuron in Pool5 and FC8
of VGG-VD. Network Saliency and Guided Backprop tend to emphasize foreground objects (see
e.g. the faces of people), whereas DeConvNet’s response is nearly uniform. Note that the apparent
spatial selectivity of Pool5 is due to the finite support of the neuron. Best viewed on screen.

To clarify this point, in fig. 7.8 we observe that Network Saliency and Guided

Backprop are indeed selective for the foreground object in the image; however, the

information comes mainly from the bottleneck r and not from which specific neuron is

selected. In other words, Network Saliency and Guided Backprop emphasize whatever

foreground object is detected by the network in the forward pass, regardless of which

neuron is specified as input to the reversed architecture. The main difference between

Network Saliency and Guided Backprop, as observed before, is that the latter produces

a much more localized and crisp response.

Compared to Network Saliency and Guided Backprop, DeConvNet fails to produce

a clearly selective signal from these very deep neurons, generating a rather uniform

response. We conclude that saliency, in the sense of foreground object selectivity, requires
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not only the max pooling switches (used by all three architectures), but also the ReLU

rectification masks (used only by Network Saliency and Guided Backprop).

Informativeness of bottleneck. In order to characterize the amount of information

contained in the bottleneck, we use the method of [26]. They learn the filters of a reversed

CNN with the goal of approximately inverting a pre-trained feed-forward CNN. While

the inverse network of [26] operates only from the output of the feed-forward model,

here we modify it to use different amounts of bottleneck information. In particular,

we consider the DeConvNet, Guided Backprop and Network Saliency constructions of

reversed networks as CNNs with learnable parameters φ:py, r;W :q. These parameters

are optimized to minimize the squared L2 loss on mean-subtracted RGB pixels x.

Eprq � min
W :

||φ:pφpxq, rpxq;W :q � x||22 (7.10)

The reconstruction error E of these “informed” inverse networks is assumed to illustrate

how informative the bottleneck is. The lower the error the more informative the bottleneck.

We found that inverting with the knowledge of the ReLU rectification masks and the

MP pooling switches has 15% lower L2 reconstruction error (on validation images)

than using pooling switches alone, and 46% lower than using the rectification masks

alone. Finally, pooling switches alone have 36% lower L2 error than using only the

rectification masks. Thus ReLU Mask   Pooling Switches   ReLU Mask + Pooling

Switches, in increasing order of informativeness.

7.4.4 Dominance of “Phase” Information

If a message emerges from the previous sections, it is that the response of all reversed

architectures φ:pe, rq is dominated by the bottleneck information r. As seen in section 7.3,

the bottleneck information comprises 1) the setting of the pooling switches in the max

pool units and 2) the setting of the masks in the ReLU units.

Interestingly, this information does not code for the intensity of the neural activations,

but rather for their spatial location and polarity. We argue that this information is some-

what similar to phase information in the Fourier transform and related representations.

To explain this analogy, consider the Fourier transform Xpωx, ωyq � Frxspωx, ωyq P C
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of image x; a well known result is that if one replaces the modulus of the Fourier

transform with a random signal but preserves the phase, then the reconstructed image

x̂ � F�1r|Y pωx, ωyq|ei=Xpωx,ωyqs still contains the structure (edges) of x and very little

of y is recognizable. In fact the resulting image, an example of which is shown in fig. 7.9,

is not dissimilar from the output of DeConvNet and Guided Backprop.

Figure 7.9: Analogy with phase information in Fourier Transform. From left to right: The original
image, the inverse Fourier transform of the Fourier transform of the original image, the inverse
Fourier transform but after randomizing the amplitude of the spectrum, Guided Backprop φ:pp, rq
with positive random input (p) and DeConvNet with positive random input (p). Best viewed on
screen.

In the Fourier transform, changing the phase of a spectral component Aejpωx�θq by

∆θ amounts to shifting it by �∆θ{ω. Furthermore, negating the signal is equivalent to

a phase shift of π. In the deconvolutional architectures, max pooling switches record

the location of filter activations, whereas the ReLUs applied in the backward direction

contribute to reconstructing the polarity. More precisely, in the forward pass the ReLU

block computes y � maxt0, xu. In the backward direction, the signal ŷ is propagated

towards the input as follows:

x̂ � maxtŷ, 0u (in DeConvNet), x̂ � maxtŷ, 0u d rx ¡ 0s (in Guided Backprop).

(7.11)

We see that both constructions guarantee that the polarity of the backward signal x̂ is the

same as the polarity of the forward signal y, which is non-negative. In fact, DeConvNet

guarantees that yx̂ ¥ 0, and Guided Backprop adds the guarantee that y � 0 ñ x̂ � 0.

The first condition is stronger in term of preserving the polarity, and as seen in fig. 7.4,

it is necessary to obtain a clear reconstruction of the image edges.

Note that while we make a comparison between CNNs and the fourier transform, our

analysis here is very different from prior work which tries to explain neural networks

based on a hierarchy of wavelet convolutions [90, 91].
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Method CNN %PP %IoU

Network Saliency AlexNet 82.8 57.1
Guided Backprop AlexNet 82.3 55.6
DeConvNet AlexNet 75.9 48.3

Network Saliency VGG-16 82.5 56.3
Guided Backprop VGG-16 83.3 56.3
DeConvNet VGG-16 76.5 48.2

Baseline - 79.0 46.3

W
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Baseline of [50] - 73.4 24.0

Method of [50] - 84.4 57.3

Table 7.1: Mean Intersection over Union (IoU) and mean Per-Pixel (PP) accuracy for different
segmentation methods on the dataset of [50].

7.4.5 Effect of Local Response Normalization (LRN)

To reverse LRN layers, we use BP-reversed LRN for Network Saliency and Guided

Backprop and Identity for DeConvNet. For Network Saliency, this agrees with the

algorithm of Simonyan et al. [121]. For DeConvNet, this agrees with the original

architecture of Zeiler et al. [156]. Figure 7.10 shows that this choice does not matter

much for Guided Backprop.

——– Pool5 ——– ——– FC8 ——–
Original Image Identity BP-reversed LRN Identity BP-reversed LRN

Figure 7.10: Guided Backprop visualizations of Pool5 and fc8 neurons in AlexNet while setting
LRN reverse to either the identity or BP-reversed LRN. The difference is small.

7.4.6 Objectness for Free: Weakly-Supervised Salient Object Seg-
mentation

In this section we demonstrate that pre-trained CNNs reversed using Network Saliency

and Guided Backprop can segment generic foreground objects. To this end, we consider
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the benchmark dataset of [50] consisting of 4276 ImageNet images annotated with the

binary mask of the foreground object. Notably, the object categories in this benchmarks

are partially disjoint from the ones in the ImageNet ILSVRC data used to pre-train the

CNNs: of the 445 synsets present in the segmentation benchmark data only 215 of them

overlap with the 1000 ILSVRC classes.

In order to perform segmentation, we improve the setup of [121]. Given an image

x, the CNN φpxq is evaluated until the last layer before softmax (FC8 in AlexNet6 and

VGG-VD), recording the bottleneck information r. Rather than resizing the image to the

standard network input size, the CNN is applied in a fully convolutional manner [85].

The tensor e� is set to the indicator of the channel that contains the maximally-activated

neuron in FC8. Next the L8 norm of each RGB triplet in the output x̂ � φ:pe�, rq of the

reversed architecture is computed, and the resulting saliency map is used in GrabCut [51]

to segment the object as in [121]. Besides the ILSVRC data used to pre-train the CNN

and 98 segmented images for validating the design choices above, there is no further

training. For segmentation, this is a weakly-supervised setting as no object bounding

boxes or segmentations are used for training.

Table 7.1 compares the three reversed architectures and the method of [50]. The latter

uses a combination of segment transfer from VOC2010 data, label propagation, bounding

box annotations for 60k training images, and class label annotations for all images. We

also compare against a simple baseline obtained using a fixed Gaussian blob as saliency

map (fig. 7.11), similar but much better than the analogous baseline in [50]. Our baseline

used a larger variance for the Gaussian distribution. See fig. 7.11 for qualitative results.

Guided Backprop and Network Saliency perform equally well, much better than the

baseline, and nearly as well as the method of [50], despite using weak supervision and

a training set that, for the most part, contains different classes from the test set. This

suggests that CNNs learn the appearance of generic objects, which Network Saliency

and Guided Backprop can extract efficiently. DeConvNet perform comparably to the

Gaussian baseline confirming its lack of foreground selectivity (section 7.4.3).

6For Guided Backprop, the LRN layers in AlexNet are reversed using BP-reversal LRNBP instead of
the identity, which was found to be slightly superior in terms of IoU performance.
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Ground Truth/ Guided Network DeConvNet Baseline
Input Image Backprop Saliency

Figure 7.11: Segmentation results (random selection). For each image, the top row shows the
GrabCut segmentation and the bottom row shows the output of the corresponding deconvolutional
network derived from AlexNet. The latter is used to seed GrabCut.
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Somewhat surprisingly, Guided Backprop did not perform better than Network

Saliency, despite achieving in general much sharper saliency maps. Qualitatively, it

appears that GrabCut prefers a more diffuse saliency map as opposed to a sharper one that

focuses on the object boundaries, which may create “holes” in the segmentation. In fact,

we hypothesize that GrabCub [51] is a key contributor to the impressive performance

of the otherwise weak Gaussian baseline.

7.5 Discussion

In this chapter we derived a general construction for reversed “deconvolutional” archi-

tectures, showed that BP is an instance of such a construction, and used this to precisely

contrast DeConvNet, Guided Backprop and Network Saliency. Guided Backprop pro-

duced convincingly sharper images than Network Saliency while being more selective

to foreground objects than DeConvNet.

We primarily showed that bottleneck information, pooling switches and ReLU

masks, dominate the output of reversed architectures which questions their utility in

characterizing individual neurons. We also showed that the sharpness of generated images

depends mainly on the polarization enforced by reversed ReLU units, followed by the

ReLU rectification masks, and with a secondary contribution from the max pooling

switches. Some of these ideas may be transferable to other applications of deconvolution

such as the U -architecture of [97] for semantic segmentation.
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Summary and Future Work

This chapter presents a brief summary of the key observations and contributions of this

thesis. We also share our insights for possible future work and discuss notable recent

publications that followed or concurred with our contributions to these interesting topics.

8.1 Self-Supervised Learning Using Motion Cues

We presented two methods for self-supervised learning of generic static image representa-

tions. Both of these exploited motion cues as the supervisory signal. Our methods attempt

to address the key challenge of ambiguity in predicting motion from a single frame

by side-stepping this prediction altogether. Instead, inspired by the Gestalt principle

of common fate, they learned a CNN to either group or embed pixels based on how

they might move in a video.

We presented qualitative results in the form of a visualizations of this grouping. We

then presented quantitative results by transfer learning the representation into various

recognition tasks. The more scalable cross pixel flow similarity model (CPFS-CE) does

well in transfer learning experiments achieving the state-of-the-art among motion based

self-supervised models. The S3-CNN model shows promising results on synthetic data

and is perhaps usable in specific settings where certain transformation classes approximate

the motion of pixels and optical-flow is accurate.

123
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We see our contributions as an instance of self-supervision using multiple modal-

ities, RGB and optical-flow, which poses our work as a special case of this broader

area of research.

Future work: Optical-flow is effective in capturing dense but short range motion. On

the other hand keypoint tracking works well for longer time spans but is sparse. We would

like to experiment using the cross pixel flow similarity loss on such long term tracks.

The key benefit of increased time is that a longer motion signature may reveal more

about the pixel’s latent object identity. For instance, long term motion might correlate

with center of mass motion thus potentially encouraging the network to group pixels

on different parts of a non-rigid object.

In this thesis we noted that models, pre-trained on motion based self-supervision

proxy tasks, performed worse than the state-of-the-art on various recognition benchmarks

- VOC 2007 classification, VOC 2007 detection and ILSVRC-2012 linear probing. This

performance gap was widened by a recent clustering based unsupervised method [12]

which does not rely on any extra modality or cue. This gap needs to be addressed

by future work.

Another promising direction is the use of contrastive predictive coding [104] to learn

from sequences in general. They exploit spatial context to form a sequence within static

images instead of using videos, and get high classification accuracy by transfer learning.

It is not clear whether their performance should be attributed to a better exploitation

of sequence statistics or to the use of non-overlapping image context. Their method

effectively maximizes the mutual information between a prediction of the future and

a latent encoding of the same. Mutual information has also been used in [69] to learn

semantics in an unsupervised manner.

8.2 Visualizing CNNs using Natural Pre-Images

There is a growing interest in methods that can help us understand computer vision

representations, and in particular those learned automatically from data. In this thesis

we have presented a suite of visualization methods using natural pre-images - inversion,
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activation maximization, and caricaturization. All three methods are unified into one

regularized energy minimization framework. The regularization biases the pre-images to

look natural and thus interpretable. The core loss function makes the pre-images useful in

different ways: Inversion, the pre-image is such that its representation matches a target as

closely as possible; neuron maximization, the pre-image maximally activates individual

feature components; caricaturization, the pre-image enhances the positive activations

across multiple representation components. Thus all three methods are complementary.

We used them to probe and compare standard classical representations, and CNNs.

An analysis of the visualizations revealed properties of CNNs: photometrically ac-

curate information is preserved deep down in CNNs; even very deep layers contain

instance-specific information about objects; intermediate convolutional layers capture

local invariances to pose and fully connected layers to large variations in object layout;

individual CNN components code for complex but, for the most part, not semantically-

obvious patterns; different CNN layers appear to capture different types of structures

in images, from lines and curves to parts.

The robustness of our visualization by inversion method was assessed quantitatively

and the usefulness of our regularization confirmed using a user study.

Future work: We refer readers to [103] for a summary of publications following our

early contribution to this growing community of feature visualization. More recently deep

neural networks have themselves been used as natural image priors [133, 95]. These deep

priors are very expressive and may influence the visualizations more than merely making

them natural, thus clouding our understanding of the pre-trained network. Nonetheless,

this line of visualization methods may be used as direct diagnostic tools to further research

in CNNs. For example, when learning from multiple modalities, inversion may be used

to check whether or not all modalities are captured by a joint representation. Similarly,

in such applications, activation maximization can be used to identify neurons that span

multiple input modalities. That said, many open questions remain. Visualization methods

presented in this thesis do not provide a functional understanding of CNNs. In other

words, while we can visualize what is captured or preferred by a representation, we lack
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an abstract understanding of how such a representation is computed. Future work on

visualizing CNNs should attempt to address this and related aspects of CNN learning.

8.3 Visualizations of CPFS-CE

We applied our visualization suite to the self-supervised CPFS-CE model of chapter 3

and compared it against the visualizations of an ILSVRC-12 pre-trained model and a

randomly initialized one. We observed that our model and the fully supervised one

have more structure in their visualizations. We also noticed a face-like neuron in the

fifth convolutional layer of our self-supervised model, which we hypothesized is a

result of many people centric videos in the YFCC100m dataset. The ILSVRC-12 pre-

trained model, however, had more localized structure resembling various common objects

suggesting that it captures more semantics. This semantic gap was verified using the

Network Dissection approach. We observed that most neurons in the conv5 layer of

our CPFS-CE pre-trained model were selective of low-level textures. The bias for face

and face-parts was evident here as well.

8.4 Salient Deconvolutional Networks

We presented a critique of gradient based neuron visualization methods namely DeCon-

vNets, Guided Backprop and Network Saliency. We showed that their output is not

neuron specific and is largely influenced by auxiliary information particularly for deep

layers. Thus their utility in visualizing individual neurons is unclear. We identified

aspects of their heuristics that contribute to the structure and localization in their output

namely the setting of pooling switches and the ReLU rectification mask. We discussed

how these might relate to “phase” information.

Following DeConvNets, Network Saliency and Guided Backprop, a number of new

methods have been proposed to highlight salient regions corresponding to individual neu-

rons [160, 4, 118, 164]. We note that Excitation Backprop [160] largely address the lack

of neuron specificity in gradient based saliency methods using a contrastive probabilistic
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winner take all mechanism. It is, however, unclear as to how their approach overcomes

the influence of auxiliary information which is still an open question for future work.
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A
AlexNet Specification for CPFS-CE

Model

name: "ALEXNET"
input: "data"
input_shape {

dim: 1
dim: 3
dim: 224
dim: 224

}

# ==== Network Definition Starts ==========

# Custom python layer below with param_str:
# [top, bottom, left, right]
# This padding is meant to replicate the tensorflow
# convolution/pooling in caffe.
layer {

name: "pad_data"
type: "Python"
bottom: "data"
top: "padded_data"
python_param {
param_str: "[3, 4, 3, 4]"
module: "pad_layer"
layer: "PadLayer"

}
}
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layer {
name: "conv1"
type: "Convolution"
bottom: "padded_data"
top: "conv1"
convolution_param {

engine: CAFFE
num_output: 96
pad_h: 0
pad_w: 0
kernel_h: 11
kernel_w: 11
stride_h: 4
stride_w: 4

}
}
layer {

name: "relu1"
type: "ReLU"
bottom: "conv1"
top: "conv1"

}
layer {

name: "pad_conv1"
type: "Python"
bottom: "conv1"
top: "conv1_padded"
python_param {

param_str: "[0, 1, 0, 1]"
module: "pad_layer"
layer: "PadLayer"

}
}
layer {

name: "maxpool1"
type: "Pooling"
bottom: "conv1_padded"
top: "maxpool1"
pooling_param {

pool: MAX
kernel_h: 3
kernel_w: 3
stride_h: 2
stride_w: 2
pad_h: 0
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pad_w: 0
}

}
layer {

name: "lrn1"
type: "LRN"
bottom: "maxpool1"
top: "lrn1"
lrn_param {

local_size: 5
alpha: 0.0005
beta: 0.75
k: 1.0

}
}
layer {

name: "conv2"
type: "Convolution"
bottom: "lrn1"
top: "conv2"
convolution_param {

engine: CAFFE
num_output: 256
pad_h: 2
pad_w: 2
kernel_h: 5
kernel_w: 5
stride_h: 1
stride_w: 1

}
}
layer {

name: "relu2"
type: "ReLU"
bottom: "conv2"
top: "conv2"

}
layer {

name: "pad_conv2"
type: "Python"
bottom: "conv2"
top: "conv2_padded"
python_param {

param_str: "[0, 1, 0, 1]"
module: "pad_layer"
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layer: "PadLayer"
}

}
layer {

name: "maxpool2"
type: "Pooling"
bottom: "conv2_padded"
top: "maxpool2"
pooling_param {

pool: MAX
kernel_h: 3
kernel_w: 3
stride_h: 2
stride_w: 2
pad_h: 0
pad_w: 0

}
}
layer {

name: "lrn2"
type: "LRN"
bottom: "maxpool2"
top: "lrn2"
lrn_param {

local_size: 5
alpha: 0.0005
beta: 0.75
k: 1.0

}
}
layer {

name: "conv3"
type: "Convolution"
bottom: "lrn2"
top: "conv3"
convolution_param {

engine: CAFFE
num_output: 384
pad_h: 1
pad_w: 1
kernel_h: 3
kernel_w: 3
stride_h: 1
stride_w: 1

}
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}
layer {

name: "relu3"
type: "ReLU"
bottom: "conv3"
top: "conv3"

}
layer {

name: "conv4"
type: "Convolution"
bottom: "conv3"
top: "conv4"
convolution_param {
engine: CAFFE
num_output: 384
pad_h: 1
pad_w: 1
kernel_h: 3
kernel_w: 3
stride_h: 1
stride_w: 1

}
}
layer {

name: "relu4"
type: "ReLU"
bottom: "conv4"
top: "conv4"

}
layer {

name: "conv5"
type: "Convolution"
bottom: "conv4"
top: "conv5"
convolution_param {

engine: CAFFE
num_output: 256
pad_h: 1
pad_w: 1
kernel_h: 3
kernel_w: 3
stride_h: 1
stride_w: 1

}
}
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layer {
name: "relu5"
type: "ReLU"
bottom: "conv5"
top: "conv5"

}

# ==== Network Definition Until Conv5 ==========

layer {
name: "pad_conv5"
type: "Python"
bottom: "conv5"
top: "conv5_padded"
python_param {

param_str: "[0, 1, 0, 1]"
module: "pad_layer"
layer: "PadLayer"

}
}
layer {

name: "maxpool5"
type: "Pooling"
bottom: "conv5_padded"
top: "maxpool5"
pooling_param {

pool: MAX
kernel_h: 3
kernel_w: 3
stride_h: 2
stride_w: 2
pad_h: 0
pad_w: 0

}
}

# ==== Network Definition FC Layers ==========

layer {
name: "fc6"
type: "Convolution"
bottom: "maxpool5"
top: "fc6"
convolution_param {

engine: CAFFE
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num_output: 256
pad_h: 3
pad_w: 3
kernel_h: 7
kernel_w: 7
stride_h: 1
stride_w: 1

}
}
layer {

name: "relu6"
type: "ReLU"
bottom: "fc6"
top: "fc6"

}
layer {

name: "caffe.Dropout_18"
type: "Dropout"
bottom: "fc6"
top: "fc6"
exclude {

phase: TEST
}
dropout_param {

dropout_ratio: 0.5
}

}
layer {

name: "fc7"
type: "Convolution"
bottom: "fc6"
top: "fc7"
convolution_param {

engine: CAFFE
num_output: 256
pad_h: 0
pad_w: 0
kernel_h: 1
kernel_w: 1
stride_h: 1
stride_w: 1

}
}
layer {

name: "relu7"
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type: "ReLU"
bottom: "fc7"
top: "fc7"

}
layer {

name: "caffe.Dropout_21"
type: "Dropout"
bottom: "fc7"
top: "fc7"
exclude {

phase: TEST
}
dropout_param {

dropout_ratio: 0.5
}

}

# ==== Network Definition Ends ==========

# The sparse-hypercolumn is implemented in tensorflow.
# It combines blobs - "conv1", "pool1", "conv3",
# "pool5", "fc7"

# The MLP mapping it into the 16-D embedding is below

layer {
name: "embed_fc1"
type: "Convolution"
bottom: "hypercolumn"
top: "embed_fc1"
convolution_param {

engine: CAFFE
num_output: 1024
pad_h: 0
pad_w: 0
kernel_h: 1
kernel_w: 1
stride_h: 1
stride_w: 1

}
}
layer {

name: "embed_fc1_relu"
type: "ReLU"
bottom: "embed_fc1"
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top: "embed_fc1"
}

layer {
name: "embed_fc2"
type: "Convolution"
bottom: "embed_fc1"
top: "embed_fc2"
convolution_param {
engine: CAFFE
num_output: 16
pad_h: 0
pad_w: 0
kernel_h: 1
kernel_w: 1
stride_h: 1
stride_w: 1

}
}

# This is followed by a L2 normalize layer in tensorflow.
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