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In this work, we explore a variety of techniques and applications for visual problems involv-

ing videos of humans in the contexts of activity detection, pose detection, and forgery detection.

The first works discussed here address the issue of human activity detection in untrimmed
video where the actions performed are spatially and temporally sparse. The video may therefore
contain long sequences of frames where no actions occur, and the actions that do occur will often
only comprise a very small percentage of the pixels on the screen. We address this with a two-
stage architecture that first creates many coarse proposals with high recall, and then classifies and
refines them to create temporally accurate activity proposals. We present two methods that follow

this high-level paradigm: TRI-3D and CHUNK-3D.

This work on activity detection is then extended to include results on few-shot learning.
In this domain, a system must learn to perform detection given only an extremely limited set
of training examples. We propose a method we call a Self-Denoising Neural Network (SDNN),
which takes inspiration from Denoising Autoencoders, in order to solve this problem, both in the

context of activity detection and image classification.

We also propose a method that performs optical character recognition on real world images
when no labels are available in the language we wish to transcribe. Specifically, we build an accu-
rate transcription system for Hebrew street name signs when no labeled training data is available.
In order to do this, we divide the problem into two components and address each separately: con-
tent, which refers to the characters and language structure, and style, which refers to the domain
of the images (for example, real or synthetic). We train with simple synthetic Hebrew street signs

to address the content components, and with labeled French street signs to address the style.



We continue our analysis by proposing a method for automatic detection of facial forgeries
in videos and images. This work approaches the problem of facial forgery detection by breaking
the face into multiple regions and training separate classifiers for each part. The end result is
a collection of high-quality facial forgery detectors that are both accurate and explainable. We

exploit this explainability by providing extensive empirical analysis of our method’s results.

Next, we present work that focuses on multi-camera, multi-person 3D human pose estima-
tion from video. To address this problem, we aggregate the outputs of a 2D human pose detector
across cameras and actors using a novel factor graph formulation, which we optimize using the
loopy belief propagation algorithm. In particular, our factor graph introduces a temporal smooth-

ing term to create smooth transitions between poses across frames.

Finally, our last proposed method covers activity detection, pose detection, and tracking in
the game of Ping Pong, where we present a new dataset, dubbed SPIN, with extensive annotations.
We introduce several tasks with this dataset, including the task of predicting the future actions of
players and tracking ball movements. To evaluate our performance on these tasks, we present a

novel recurrent gated CNN architecture.
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1. INTRODUCTION

1.1 Motivation

In recent years, the development of Deep Neural Networks (DNNSs), particularly Deep
Convolutional Neural Networks (CNNs), has led to a signi cant increase in the performance of
many Computer Vision systems. This new paradigm has had far-reaching implications across
the entirety of the eld of Computer Vision, including advancements in many classical areas of
Computer Vision and Al, such as image segmentation, facial recognition, object recognition, and

countless others.

In this work, we focus on several classes of Computer Vision problems pertaining to hu-
mans, including action recognition, forgery detection, and pose detection. These categories cover
a large range of applications for real world systems, from surveillance, to very topical issues of
data integrity in an age when new methods of faking images or videos of individuals are becoming

increasingly prevalent.

For instance, with respect to surveillance, a facility may be equipped with many cameras
taking constant footage of a large physical area over a large period of time. In order to be reactive
to important events that are Imed, it is imperative to have an automatic system that can identify
and report signi cant events as they happen. To build such a system, one must be able to sift
through possibly hundreds or thousands of hours of high-resolution footage in order to nd the

most signi cant events to report.

In order to understand what is happening in these videos, one must build vision systems
with the ability to identify human poses and actions. These dif cult problems can only be tackled
by building models of humans and intelligently applying them in dense data when actions are

sparse.

Related to the issue of understanding humans in videos is the challenge of identifying when

a video of a human is itself a forgery. Recent DNN-based techniques have made it increasingly



easy to fabricate videos of individuals, and it can be very dif cult for humans to identify these
forgeries, even by professionals. As a result, it is necessary to develop robust automated forgery
detection algorithms. Such automated detection is only possible, however, using algorithms that

can properly model the appearance of non-forged humans.

1.2 Proposed Approaches

We begin this work in Chapter 2 by discussing several techniques for detecting activities of
humans in untrimmed videos, especially videos where the actions of the humans are temporally
and spatially sparse. This sparsity is the key challenge of this task: the video may contain long
sequences of frames where no actions occur, and the actions that do occur will often only comprise
a very small percentage of the pixels on the screen. To address this, we aggregate 2D object
detections using hierarchical clustering in order to create activity proposals. The proposals are
coarse but have extremely high recall. We then classify these proposals as actions and re ne
their temporal bounds using a CNN. Using this two stage architecture, which we call Temporal
Re nement 13D (TRI3D) after the 13D action recognition architecture [26], we achieve state of

the art performance on the DIVA dataset for action recognition.

These results are then improved in two key ways. First, in Chapter 3, we simplify the pro-
posal system by dividing our proposals into overlapping chunks and then aggregating, achieving
strong state-of-the-art results on the THUMOS'14 dataset [109]. We then expand the purview of
these techniques in Chapter 4 by developing a new technique for handling the low-data regime
where there may be only one or ve labeled examples of activities on which to train. This tech-
nique, which we call Self-Denoising Neural Networks (SDNN), is general enough to yield im-
provements not just in the few-shot activity detection task but also in few-shot image classi cation

on datasets such asiniimageNet [247], CIFAR-FS [15], aniieredmageNet [183].

In Chapter 5, we present a system that performs optical character recognition on real world
images when no labels are available in the language we wish to transcribe. Speci cally, we build
an accurate transcription system for Hebrew street name signs that do not have labeled training
samples. In order to do this, we divide the problem into two components and address each sep-
arately: content, which refers to the characters and language structure, and style, which refers to
the domain of the images (for example, real or synthetic). We train with simple synthetic Hebrew

street signs to address the content components and labeled French street signs to address the style.



Having examined these topics, we explore other human-centric topics in Computer Vision.
In Chapter 6 we present a series of methods for exploring the empirical effectiveness of facial
forgery detectors when they are limited to the detection of single region of the face. Our results
provide an explainable approach for understanding what artifacts are left behind by different facial

manipulations methods, and where they appear on the face.

We conclude with work focusing on more ne-grained understanding of Human Pose.
Chapter 7 focuses on 3D human pose estimation from video over multiple cameras and multi-
ple actors. To address this problem, we aggregate the outputs of a 2D human pose detector - in our
case we use the existing OpenPose detector [24] - across cameras and actors using a novel factor
graph formulation, which we optimize using the loopy belief propagation algorithm. In particu-
lar, the proposed factor graph introduces a temporal smoothing term to create smooth transitions
between poses across frames. Our architecture achieves state-of-the-art on the existing TUM Cam-
pus and TUM Shelf datasets [8] for multi-camera multi-person human pose estimation. Chapter
8 narrows the pose and action recognition tasks of previous chapters by focusing on the game of
Ping-Pong, introducing a novel architecture for prediction of player actions and presenting the

new SPIN dataset for training and benchmarking these tasks.

1.3 Organization

Chapters 2 and 3 outline the TRI-3D and CHUNK-3D human action detection architec-
tures. Chapter 4 introduces the Self-Denoising Neural Network (SDNN) architecture for few-shot
detection in images and videos. Chapter 5 discusses a system for sequential Optical Character
Recognition in a domain with unlabeled training data by utilizing synthetic data in the same lan-
guage and real data in a different one. Chapter 6 presents a novel parts-based approach to detecting
facial forgeries. Chapter 7 discusses a factor-graph based method for human pose estimation, and
Chapter 8 introduces and benchmarks the new SPIN dataset for action and pose recognition in the

game of Ping Pong. Finally, we conclude in Chapter 9.



2. APROPOSAL-BASED SOLUTION TO SPATIO-TEMPORAL ACTION
DETECTION IN UNTRIMMED VIDEOS

2.1 Introduction

Action detection in untrimmed videos is a challenging problem. Although methods using
deep CNNs have signi cantly improved performance on action classi cation, they still struggle
to achieve precise spatio-temporal action localization in challenging security videos. There are
some major challenges associated with action detection from untrimmed security videos. First,
the action typically occurs in a small spatial region relative to the entire video frame. This makes
it dif cult to detect the actors/objects involved in the action. Second, the duration of the action may

vary signi cantly, ranging from a couple of seconds to a few minutes. This requires the detection

Figure 2.1: Sample images of different scenes of the DIVA dataset which presents challenging
action detection scenarios which require algorithms to be robust to large variations in scale, object
pose, and camera viewpoint.

procedure to be robust to temporal variation. Existing publicly available action detection datasets
such as THUMOS'14 [110] and AVA [85] do not posses these challenges. Hence, algorithms
trained on these datasets have sub-optimal performance on untrimmed security videos. In this
chapter, we work with the DIVA dataset that has untrimmed security videos. Videos that comprise
the DIVA dataset are a subset of those in the VIRAT dataset [161], albeit with newly introduced
annotations that make them suitable for the activity detection task. Figure 2.1 shows some sample

frames from the DIVA dataset.

Figure 2.2: Sample frames of some activities of the DIVA dataset.



In this work we introduce a proposal-based modular system for performing spatio-temporal
action detection in untrimmed videos. Our system generates spatio-temporal action proposals
based on detections from an off-the-shelf detector [73], then classi es the proposals using an

existing network architecture with minor changes.

Our proposed system has the advantage that it is both simple and does not require tracking
of moving objects. Tracking of objects, often seen as an important component in action recog-
nition systems, presents considerable challenges. Tracking errors generate problems in action
recognition from which it is very dif cult to recover. On the other hand, object detection has ad-
vanced consistently over the past few years, with more sophisticated frame-wise object detectors

becoming available. These detectors can be successfully applied to previously unseen videos.

The proposed approach for action detection is based on the observation that we can gen-
erate high-recall proposals by clustering object detections. The dense proposals are then applied
to a deep 3D-CNN to classify them as either one of the action classes or the non-action class.
The temporal bounds for the proposals are also re ned to improve localization. We modify the
existing 13D [26] network for action classi cation by adding an additional loss term for temporal
re nement. We call the modi ed network Temporal Re nement I3D (TRI-3D). In summary, this
chapter makes the following contributions:

We introduce a proposal-based modular system for spatio-temporal action detection in untrimmed

security videos.

We propose an algorithm using hierarchical clustering and temporal jittering for generating

action proposals using frame-wise object detections.

We propose the Temporal Re nement I3D (TRI-3D) network for action classi cation and

temporal localization.

We evaluate our system on the DIVA dataset, which is an untrimmed security video dataset

in the wild.

2.2 Related Work

Much research has gone into designing algorithms for action classi cation from videos. In
recent years, many methods have achieved remarkable performance using CNNs for the task of
action classi cation [115, 151,210, 273]. While [115, 273] use frame-based features, [210] uses a

two-stream (RGB and optical- ow) CNN approach to utilize the temporal information of videos.



More recently, researchers have used 3D-CNNs for action classi cation [26, 98, 192, 234] that

simultaneously take in multiple video frames and classify them into actions.

The task of spatio-temporal action detection from untrimmed videos is a challenging prob-
lem. Less work has gone into localizing actions, not just along the temporal axis but also in
terms of spatial localization. Existing action detection algorithms can be broadly classi ed into 1)
end-to-end systems, and 2) proposal-based systems. The end-to-end action detection approaches
feed a chunk of video frames into a CNN which simultaneously classi es and localizes the ac-
tion. Hou et al. [98] proposed a tube convolutional neural network (T-CNN) that generates tube
proposals from video-clips and performs action classi cation and localization using an end-to-end
3D-CNN. Kalogeiton et al. [113] extracts convolutional features from each frame of a video, and
stacks them to learn spatial locations and action scores. Although these end-to-end learning meth-
ods may have a simpler pipeline, they are less effective for security videos, where the action is
likely to happen in a small spatial region of a frame. On the other hand, proposal-based methods
perform action detection in two steps. The rst step computes the action proposals, while the
second step classi es and localizes the action. Some proposal-based methods are presented in
[74,142,144,162,283]. Unlike existing proposal-based approaches, our method uses hierarchical
clustering and temporal jittering to group frame-wise object detections obtained from off-the-shelf
detectors in the spatio-temporal domain. It gives us the advantage of detecting variable length ac-

tion sequences spanning a small spacial region of the video.

In this section we have covered a number of action recognition works, however this list is
far from complete. For further action recognition works we point the reader to a more extensive

curated list presented in [35].

2.3 DIVA dataset

The DIVA dataset is a hew spatio-temporal action detection dataset for untrimmed videos.
The current release of the DIVA dataset (DIVA V1) is adapted from the VIRAT dataset [161] with
new annotations for 12 simple and complex actions of interest focusing on the public security
domain. All actions involve either people or vehicles. Actions includlicle U-turn :
vehicle left-turn , vehicle right turn , closing trunk , opening trunk
loading ,unloading ,transport heavy carry , open (door),close (door),enter
andexit . The dataset currently consists of 455 video clips with 12 hours and 40 minutes in total

captured at different sites. There are 64 videos in the training set, 54 videos in the validation set,
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96 videos with annotations withheld in the test set. The remaining videos are for future versions
of the dataset. All video resolutions are either 120020 or 1920 1080 and humans range in
height from 20 to 180 pixels. We show sample images of different scenes and sample frames
of some activities in Figure 2.1 and Figure 2.2 respectively. In addition, the number of training

instances per action is shown in Figure 2.3.

2.3.1 Challenges

As compared to other action detection datasets, such as the THUMOS'14 [110] and AVA [85]
datasets, the DIVA dataset introduces several new challenges for the action detection task that
make methods designed for existing action datasets unsuitable. The rst issue is the sparsity of
actions, both spatially and temporally. For example, exactly half of all videos contain at least 30
seconds of footage where no actions are performed. What makes DIVA particularly challenging is
the spatial sparsity of actions: the average size for the bounding boxes of all actions in the training
setis 264 142. As a result, when an action is occurring it only takes up on average less than
2:6% of the pixels in any given image, and no action in the entire dataset takes up more than 40%.
Additionally, with few exceptions, the similarity of each action and each environment makes it

very dif cult to use the context of the surrounding scene to assist in classi cation.

When compared with other setups, where actions are assumed to make up the majority of
pixels on any given frame, this motivates the need for a completely different approach focused
on the localization of activities. For example, [184] mentions that the smallest anchor size in
Faster-RCNN is 128 128 on a 600 600 input image, or % of the image pixels. This means
the average action in DIVA is barely more than half the size of the smallest object detectable by

conventional means.

The dataset also contains signi cant spatial and temporal overlap between activities. This
is not just an issue between unrelated activities in the same fraugeie person entering a car
while another leaves a different car), but is actually more fundamental. For a common example,
consider the activitieepening , entering , andclosing , which apply to a human actor
interacting with a car. In order to enter a car, a subject may rst open the car door (though it
may already be open), and will often close it afterwards (though they may not). All three of these
actions are usually performed in quick succession, yet DIVA begins annotation of each activity
one second before it begins, and nishes annotating one second after it completes. It is therefore

imperative that our system can handle large degrees of spatio-temporal overlap.



Figure 2.3: The number of training instances per action from the DIVA training set.

Figure 2.4: On the left, the DIVA actio@losing makes up only a small portion of the image,
and the surrounding context has no value for the action classi cation task. The THUMOS action
Cricket  on the right is much larger in the image, and the entire image's context is useful for

classi cation.



Figure 2.5: Some of object detection and segmentation results for the DIVA dataset using Mask-
R-CNN [89].

Figure 2.6: Proposed system for spatio-temporal action detection.
2.4 Proposed Approach

Our approach consists of three distinct modules. The rst one generates class-independent
spatio-temporal proposals from a given untrimmed video sequence. The second module performs
action classi cation and temporal localization on these generated proposals using a deep 3D-CNN.
The nal module is a post-processing step that performs 3D non-maximum suppression (NMS)
for precise action detection. The system diagram for our approach is shown in Figure 2.6. In the

following sub-sections we discuss in detail the steps of our proposed approach.

2.4.1 Action Proposal Generation

The primary goal of the action proposal generation stage is to produce spatio-temporal
cuboids from a video with high recall and little regard for precision. Although sliding-window
search in spatio-temporal space is a viable method for proposal generation, it is computationally
very expensive. An alternate solution is to use unsupervised methods to cluster the spatio-temporal
regions from a video in a meaningful way. In our approach, we generate the action proposals by
grouping frame-wise object detections obtained from Mask-RCNN [89] in the spatio-temporal
domain using hierarchical clustering. These generated proposals are further jittered temporally to

increase the overall recall.

Object Detection

For object detection, we apply Mask R-CNN [89], an extension of the well-known Faster

R-CNN [184] framework. In addition to the original classi cation and bounding box regression
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network of Faster R-CNN, Mask-RCNN adds another branch to predict segmentation masks for
each Region of Interest (Rol). In Figure 2.5, we show some sample results from video frames of
the DIVA dataset. We observe that Mask-RCNN is able to detect humans and vehicles at different

scales, a feature which is useful for detecting the multi-scale actions of the DIVA datasets.

Hierarchical Clustering

The objects detected using Mask-RCNN are represented by a 3-dimensional feature vector
(x;y;f), where(x;y) denotes the center of the object bounding box fagieinotes the frame num-
ber. We use the SciPy implementation of Divisive Hierarchical Clustering [111, 149] to generate
clusters from the 3-dimensional features. We dynamically split the resulting linkage tree at various
levels to creaté clusters, wherd is proportional of video length. The proposals are generated
from the bounding box of all detections in the cluster. They are cuboids in space-time and are
denoted bY(Xmin; Ymin; Xmax Ymax fstart; fend). This yields an average of approximately 250 action
proposals per video on DIVA validation set. Further details regarding the exact implementation

can be found in the supplementary material of [77].

Dense Action Proposals with Temporal Jittering

Although the proposals generated using hierarchical clustering reduce the spatio-temporal
search space for action detection, they are unable to generate high recall for the following two
reasons: 1) The generated proposals are independent of both the action class and cuboid temporal
bounds. Hence, they are less likely to overlap precisely with the ground-truth action bounds. 2)
Few proposals are generated. A higher recall is achieved with larger numbers of proposals. In
order to solve these issues, we propose a temporal jittering approach to generate dense action

proposals from the existing proposals obtained from hierarchical clustering.

Let the start and end frames for an existing proposal be denotégdnyd foq respectively.
We rst choose the anchor frames by sliding along the temporal axis figto feng with a stride
of s. The anchor frames thus selected @fg; fs+ s, fst+ 2s; fs + 3s;:::; feng). For each of the
anchor framed,, we generate four sets of proposals with temporal bolfrigs 16; f; + 16),
(fa 32 fa+ 32, (fa 64 f;+ 64) and(f, 128 fy+ 128. We choose the proposals frame
lengths to be 32;64; 128 2569 based on the average frame lengths for the actions in the DIVA
dataset which range between 3256 (see Figure 2.7). The pseudo-code for generating dense

action proposals is presented in Algorithm 1.
Generating dense proposals using temporal jittering has two advantages. First, the recall is
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Figure 2.7: The average frame lengths for 12 different activities from the DIVA training set.

higher. Second, having a large number of dense training proposals provides better data augmenta-

tion for training, thus improving performance.

Figure 2.8 provides a quantitative comparison of three action proposal generation methods
on the DIVA validation set in terms of recall vs 3D Intersection over Union (loU) with the ground-

truth activities: 1) Rule-based 2) Hierarchical clustering, and 3) Temporal Jittering. The rule-based

Figure 2.8: The recall for different action-proposal generation methods as a function of spatio-
temporal intersection over union (IoU) overlap on the DIVA validation set.

proposal generation method uses hand-crafted rules to associate detections across consecutive
frames. For example, a rule stating “a person detection and a car detection closer than 50 pixels is

a proposal” can be used to generate action proposals using Prolog. However, the recall with our

11



Algorithm 1 Dense Proposal Generation

1: detections Mask RCNNVvideo)

. orig_proposals hierarchical clusterinddetectiong
: new_proposals orig_proposals

: s 15for proposal in orig _proposals do

an wN

end
Xo;Yo;X1;yY1  SpatialLboundgproposal)
: fsfena  temporalboundgproposal) for f from fg to feng Step sdo

N]o

end
new_proposalsadd(f 16;f+ 16)
8: new_proposalsadd(f 32;f+ 32)
9: new_proposalsadd(f 64;f+ 64)
10: new_proposalsadd(f 128f+ 128
11:
12:
13: nal _denseproposals new_proposals

rule based proposal generation method is poor. On the other hand, hierarchical clustering provides
40% recall at a spatio-temporal loU of20 Using temporal jittering on top of it increases the

recall to 85%. This shows the effectiveness of our dense proposal generation method.

2.4.2 Action Proposal Re nement and Classi cation

After action proposals are generated, they are re ned and classi ed into actions. The full

process is outlined in [77].

2.4.3 Post-processing
At test time, the TRI-3D network outputs the classi cation score and the re ned tem-
poral bounds for an input proposal. Our method for proposal generation creates many highly-
overlapping action proposals, many of which are classi ed as the same class. We prune overlap-
ping cuboids using 3D-NMS. The 3D-NMS algorithm is applied to each of the classes separately
and considers two proposals to be overlapping when the temporal loU overlap is greateRthan 0

and the spatial loU overlap is greater tha@3)

2.5 Experimental Evaluation

In this section we present and discuss various experiments which motivate our design
choices and describe the overall system performance. All experimental results are reported on

the DIVA validation dataset unless otherwise indicated.
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Figure 2.9: The left plot shows the per-class DET curves for the AD task. The center plot shows
the per-class DET curves for TRS. The right plot shows the aggregated DET performance on the

AD task compared to TRS and CRS.
Net Arch. Input Mode Pretrained Crob Acc

13D opt. ow True squar%i 0.716

13D RGB True square 0.585
13D RGB+ ow True square 0.704

Table 2.1: Classi cation accuracy for the preliminary classi er study on ground truth proposals
from the DIVA validation set. The rst row represents our nal design. Subsequent rows contain
experimental results with various modi cations.

2.5.1 DIVA Evaluation Metric

To correctly and objectively assess the performance of the proposed action detection (AD)
framework on DIVA, we adopt the measure: probability of missed dete®iqgr at xed rate
of false alarm per minutRate-a, which is used in the surveillance event detection framework of
TRECVID 2017 [160]. This metric evaluates whether the algorithm correctly detects the presence
of the target action instances. A one-to-one correspondence from detection to ground-truth is
enforced using the Hungarian algorithm, thus each detected action may be paired with either
one or zero ground-truth actions. Any detected action which doesn't correspond to a ground-
truth action is a false alarm, and any ground-truth action which isn't paired with a corresponding
detection is a miss. The evaluation tool used in this work is available on Github [112]. For details

of the evaluation metric we refer the reader to TRECVID 2017 1064.

2.5.2 System Performance
In this section we present our experiments and results for the entire system. The primary
goal of the system is to take untrimmed videos as input and report the frames where actions are
taking place. We perform the following experiments in order to gain a better understanding of the
system performance, to discover how much impact further improvements to proposal generation

may have, and how much error is simply due to improper classi cation.

Action detection (AD)This is the primary task of the system. Given an untrimmed video,

detect and classify the begin and end frame of each action.
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AD with temporal reference segmentation (TR&rform the AD task but with additional
temporal reference segmentation, that is, our system is provided the beginning and ending

frames of each ground truth action, but not the class or spatial bounds.

AD with cuboid reference segmentation (CRSrform the AD task with both spatial and
temporal reference segmentation. In this experiment the system is provided both the start

and end frame of each activity as well as the spatial cuboid bounds for each activity.

In order to perform the TRS experiment we add an additional processing step between
proposal generation and classi cation. We adjust the temporal bounds of any proposal which
temporally overlaps a reference action. If a proposal overlaps multiple reference actions then
multiple copies of the proposal are generated and the temporal bounds of the copies are adjusted
to match each of the reference actions. Any proposals which have no temporal overlap with any
reference actions are omitted. For this experiment we did not retrain the network and the temporal

re nement values are ignored.

The CRS experiment is effectively performing action classi cation on reference cuboids.
This is the same as the preliminary experiments described in Section 3.4.2. The results described

here correspond to the experiment referred to in the rst row of Table 2.1.

The results of the experiments are shown in Figure 2.9. From these gures we see that
there is a high degree of performance variation among different classes. For the AD task the worst
performing class aRatgp of 0.1 is Transport Heavy Carry with Priss 0f 0:935 and the
best performing class igehicle u-turn with aPniss0f 0:25. However, we see that Ratgp
of 0:01 thevehicle u-turn becomes the worst performing action. This appears to be due to

the fact that very few training and validation examples are available.

The aggregated results described in Figure 2.9, and equivalently in Tabkhow the
signi cant improvement gained by providing temporal reference segmentation. Surprisingly, only

a small average improvement is observed when providing the cuboid reference segmentation.

DIVA Test Data: The DIVA test dataset annotations are unavailable to the authors at the
time that this chapter's work was performed. We submitted a single set of results from our system
for independent evaluation and have included these results as well as results from other perform-
ers on the DIVA dataset in Tablg?. We have also included results from a publicly available
implementation based on [264]. We keep the identities of other the performers at the time of these

experiments anonymous.
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Ratga [ 001 003 01 015 02 1.0

AD 0.870 0.800 0.610 0.563 0.542 0.361
Temporal Ref| 0.770 0.627 0.479 0.445 0.414 0.340
Cuboid Ref. | 0.716 0.646 0.448 0.410 0.389 0.342

Table 2.2: Our system's medy,ssat xed Ratga on DIVA validation data. These are the values
represented in the right plot in Figure 2.9.

Rea | Xuetal [264] P4 P3 P2 P1  Ours
0.15 0.863 0.872 0.759 0.624 0.710.618
1.0 0.720 0.704 0.624 0.621 0.608.441

Table 2.3: MearPy;ssversusRatga on the DIVA test data for AD task obtained via independent
evaluation. DIVA performers (P1-P4) and algorithms other than the baseline [264] have been kept
anonymous by request of the independent evaluator. Only the performers better than the baseline
are represented here (sorted by mBagsat Ratgpa of 1). A lower ByissvValue indicates superior
performance, and the best performance is indicated in bold.

THUMOS'14 Dataset: In order to compare to other action detection systems we also eval-
uated on the Temporal Action Detection task of THUMOS'14 [110]. The THUMOS'14 Temporal
Action Detection dataset contains 200 annotated validation videos, and 213 annotated test videos
for 20 action classes. Since the THUMOS'14 dataset is fundamentally different from DIVA in
that actions generally span the majority of the frame, we omit the hierarchical clustering phase

and instead perform temporal jittering on the cuboid spanning the entire video.

Following common practice, we trained THUMOS'14 using the validation data for 5 epochs
and then evaluated on the test data. The results are shown in Table 3.1. From this table we see that
our system, while not designed for videos of this nature, performs well compared to state-of-the-

art methods.

2.6 Conclusion

In this chapter we introduced an action detection system capable of handling arbitrary length
actions in untrimmed security video on the dif cult DIVA dataset. The system presented in this
chapter is easily adapted to the THUMOS dataset. This system also leaves room for improvement
and the modular design allows for easy integration of such future improvements. Although the
DIVA evaluation metrics also includes an action-object detection task we choose to omit evalua-
tion on this metric since our system doesn't explicitly provide object level localization of activities.

We leave such improvements and extensions to future work.
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tloU 01 02 03 04 05 06 07
Karamaretal [114]| 46 34 24 14 0.9 - -
Oneataet al. [163] | 36.6 33.6 27.0 20.8 144 - -
Wanget al. [251] | 18.2 17.0 14.0 11.7 8.3 - -
Cabaet al. [23] - - - - 135 - -
Richardet al. [185] | 39.7 35.7 30.0 232 152 - -
Shouetal [204] | 47.7 435 36.3 28.7 19.0 103 5.3
Yeunget al. [269] | 489 44.0 36.0 264 17.1 - -
Yuanetal [271] |51.4 42.6 33.6 26.1 188 - -
Escorciaet al. [50] - - - - 139 - -
Buchet al. [22] - - 378 - 230 - -
Shouet al. [202] - - 401 294 233 131 7.9
Yuanetal [272] | 51.0 45.2 36.5 27.8 178 - -
Buchet al. [21] - - 457 - 292 - 9.6
Gaoet al. [65] 60.1 56.7 50.1 41.3 31.0 19.1 9.9
Houet al. [99] 51.3 - 437 - 220 - -
Dai et al. [41] - - - 333 256 159 9.0
Gaoet al. [66] 54.0 509 44.1 349 256 - -
Xu et al. [264] 545 515 448 356 289 - -
Zhaoet al. [280] | 60.3 56.2 50.6 40.8 29.1 - -
Huanget al. [101] - - - - 2717 - -
Yanget al. [265] - - 441 37.1 28.2 20.6 127
Chaoet al. [29] 59.8 57.1 53.2 48,5 42.8 33.8 20.8

Nguyenet al. [155]
Alwasselet al. [6]
Gaoet al. [64]
Lin et al. [135]
Shouet al. [203]

52.0 447 355 258 169 99 43
51.8 424 308 20.2 11.1
299 - -

53,5 450 36.9 28.4 20.0
35.8 29.0 21.2 134 5.8

Ours

52.1 514 49.7 46.1 37.4 26.2 152

Table 2.4: Comparison to THUMOS'14 performers on the mAP metric at various temporal loUs.
Missing entries indicate that results are not available. We note thadt>ali [264] is the same
system used to compute the DIVA V1 baseline; see TaBleThe best performance at each tloU

is indicated in bold.
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3. ACTIVITY DETECTION IN UNTRIMMED VIDEOS USING CHUNK-BASED
CLASSIFIERS

3.1 Introduction

Figure 3.1: An overview of the system we present. Our procedure has three stages: we rst
generate a set of chunks by breaking up the video into overlapping pieces, then we classify each
chunk individually. In the last stage of our system, we aggregate the classi ed chunks in order to

create our nal activity detections.

Many such approaches draw on very sophisticated architectures, making use of LSTMs [269,

271] or adaptations of object detection architectures such as Faster R-CNN [41, 264] to spatio-
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temporal data.

As in Chapter 2, we focus on the problem of action detection when the data is sparse. We
propose a comparatively simpler approach, leveraging the strong progress that has been made in
activity classi cation for trimmed videos. Our main contribution is to show that a strong, carefully-
trained activity classi er can achieve state-of-the-performance in activity localization by breaking
the activity into many small overlapping chunks and classifying each chunk individually. Further,
by learning two auxiliary tasks and applying the learned output in a clever way, it is possible to

achieve even more signi cant performance improvements beyond the state of the art.

The resulting technique, which we call Chunk Association, is straight-forward to implement
and use, and is agnostic to the chosen backbone activity classi cation architecture. We therefore
believe that it presents a very general technique that can continue to be useful even as the state-
of-the-art in trimmed activity or video classi cation advances, with the backbone architecture

replaced as newer, better classi cation methods become available.

Our method also presents some very simple trade-offs depending on the use case and hard-
ware available to run our algorithm. It can, for instance, be tuned to run faster or slower by varying

the input modality used, while still maintaining a high level of performance.

We demonstrate the effectiveness of chunk association by presenting results on the THU-
MOS'14 [110] dataset for temporal activity localization. We also show that our method can be
extended to perform spatial localization as well by performing experiments on the ActEV dataset
for sparse spatio-temporal localization [159]. Finally, we present the results of a series of ablation
experiments to better understand the components of our algorithm and validate the design choices

that we have made.

3.2 Related Work

In recent years, a signi cant amount of research has been done on the problem of activity
recognition. In this section we distinguish between two types of activity recognition: 1) activ-
ity classi cation, which refers to the problem of classifying videos containing only one activity,
where each video is trimmed to the beginning and end of the activity, and 2) activity detection
which refers to the problem of determining where, if anywhere, activities are occurring in a video.
Despite signi cant progress made in activity classi cation, robust systems capable of activity de-

tection for general use have remained elusive.
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Activity Classi cation Following the success of deep CNNs in image classi cation by
AlexNet [122], a number of early attempts were made to adapt CNN-based image classi cation
methods to activity classi cation [115,151,212,273]. One notable work is the two-stream CNN
framework [212] which was able to obtain state-of-the-art performance by combining optical-
ow and RGB using two parallel 2D CNNs. Following the two-stream work, a number of activity

classi cation techniques were proposed which used similar strategies [54-56, 240, 252, 253].

The 13D model was introduced along with the Kinetics dataset [27]. I3D is a two-stream ar-
chitecture which uses 3D convolutions. While not unique for its use of 3D convolutions [108,234,
240], 13D was able to signi cantly outperform other activity classi cation systems like C3D [234]
by taking advantage of the carefully curated, large-scale Kinetics dataset [87] and building a sys-

tem that was well suited for transfer-learning on other datasets.

Activity Detection Activity detection approaches can broadly be categorized into proposal-
based or end-to-end systems. In proposal-based activity detection, a collection of subsets of a
video are generated to be considered as potential activities. Proposals can be viewed as high-
recall, low-precision activity detections. They may be either dependent or independent of the
activity class. Once the proposals are collected, classi cation is applied to distinguish between
true and false positives, and, in the case of class-independent proposals, to determine the specic

activity.

In 2014, many state of the art systems for activity detection in unconstrained videos utilized
Fisher vector representation with dense trajectories evaluated over dense sliding windows [114,
163, 250, 251]. Caba et al. [23] presented an ef cient proposal-based method using sparse dic-
tionary learning. The trend of using sparse methods was relatively short-lived; however, as
deep learning based approaches became more prevalent. Particularly relevant to our method,
Gao et al. [65], motivated by advancements in object detection, introduced the use of cascaded
boundary regression for sliding window based proposals. This was found to perform much better
than other contemporary methods and provides motivation for the temporal re nement component
of our system. Gleason et al. [76] propose a temporal re nement 13D system which utilizes off
the shelf classi cation with additional regression based temporal re nement. Other approaches
inspired by object-detection methods are Dai et al. [41] and Xu et al. [264] which both use Faster

R-CNN [184]-based systems adapted for temporal activity detection.

Research into proposal-based methods often focus on improving proposal generation and
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using off-the-shelf CNN classi ers [22, 50, 66]. Other works focus more on alterations to the

classi cation architecture for use in activity classi cation and detection [202].

To get an idea of where our algorithm ts into this discussion, in this work we present an al-
gorithm which uses short sliding window-based proposals, and focuses primarily on modi cations
to off-the-shelf CNN classi ers, along with improvements to proposal aggregation. By proposal
aggregation, we are referring to a post-processing step which is used to combine multiple short

proposals into a single activity which is discussed in detail in Section 3.3.

An alternative to proposal-based activity detection is all-in-one activity detection, which
simultaneously classi es and localizes activities. Richard et al. [185] introduced a probabilistic
model for temporal activity detection that jointly models segmentation and classi cation. Yuan et al. [272]
introduce a method for temporal localization by aggregating frame-wise features using an ef cient
algorithm for computing structured maximal sums. Hou et al. [98] proposed the tube convolutional
neural network (T-CNN) which generates tube proposals from video-clips and performs activity
classi cation and localization using an end-to-end 3D-CNN. Kalogeiton et al. [113] extract convo-
lutional features from each frame of a video, and stack them to learn spatial locations and activity

scores.

3.3 Method

Our method is composed of three stages: chunk generation, classi cation, and aggregation.
In the chunk generation stage, the video is broken down into overlapping chunks of 64 frames
each. These chunks are then fed into a state-of-the-art video classi cation algorithm and classi ed
according to their activity class. Critically, we also equip our video classi er with two auxiliary
tasks: “temporal re nement” and a ag that determines if the activity end points fall within the
chunk, which we call “chunk inclusion”. These two tasks are easy to learn, but their output plays

a critical role in the aggregation stage, where chunks are recombined into activity detections.

3.3.1 Chunk Generation

For each video, we construct a series of chuksonsisting oih= 64 frames each. Chunk
generation begins by designating the rst 64 frames of a given video to be the rst chunk, and
then, moving in strides af= 16 frames at a times, progressively creating chunks out of every set

of 64 consecutive frames. Thus, each frame of the video is included in at most 4 different chunks,
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and neighboring chunks overlap by 48 frames.

3.3.2 Classi cation

Figure 3.2: An illustration of chunk classi cation stage of our algorithm. We extract 64 consec-
utive 224 224 RGB and optical ow frames per chur¥. These are fed into 13D, and three
outputs are produced: activity class scopgschunk inclusion scoregpl; piend), and temporal
localization scoregvi; Vi, . ))

The classi cation stage of our algorithm is built on existing video-classi cation methods.
Since the video has already been divided into small, manageable chunks, each chunk can be treated

as an individual video and subsequently classi ed.

At the time of this writing, the most powerful open source video classi cation algorithm
is the In ated 3D Convolution (I3D) architecture [27], we take the 64 frames that compose it
and compute optical ow for each one using the TV-L1 optical ow algorithm [274]. We then
randomly crop the 256 256 frames into 224 224 and feed them into I3D in a two-stream
con guration, similar to the original authors in [27]. We also perform random horizontal ips for
additional augmentation. However, unlike [27], we train 13D on three different tasks using three
different branches: 1) an activity classi cation branth2) a chunk inclusion branaly and 3) a
localization branchh. See Figure 3.2 for an outline of our network architecture. In addition, we
also make a minor modi cation to the 13D architecture, and instead of averaging the logits from
the two streams to get nal results, we concatenate the features in the penultimate fully connected

layer and produce a single set of logits.

Activity classi cation is the standard task for which 13D was designed. We designate a
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chunk X; as belonging to an activity classif at least 55% percent of the chunk contains an
instance of that activity class, with ties going to the activity that occurs on the most frames. We

thus train our classi er using standard cross-entropy loss:

Neis

hs= @ Vi log(pa); 3.1)
a=0

wherengs is the number of classes, ayidis an indicator that is 1 when chub¥is assigned class
aand 0 otherwisep,, is the softmax output of video classi cation branthwhich corresponds to

activity classa, with a= 0 designating that no activity has occurred.

The chunk-inclusion task on a chuixk simply performs two classi cation tasks: one to
determine if the activity began withiK;, and another to determine if the activity ended within
X;. The inclusion ground truth labels, which we denggandyl,, , for start and end inclusion
respectively, are trivial to compute during chunk generation. We learn these with a cross entropy

loss as well:

Uino= 5 bCePlgh) + DO PongiYond (32)

wherepl; and piend correspond to the two separate sigmoid outputs of the chunk inclusion branch

g. bce corresponds to the standard binary-cross entropy loss function.

The nal task we learn is temporal re nement, which is performed similarly to [76]. When-
ever an activity starts or ends within a chunk, we learn either of two temporal regression parameters
I'st OF reng, Which we compute in the ground truth as

_ fst ti,fend ti .
(NstTend = TC’ TC - (3.3)
wheret. is the center of chunk;, (fs; ,fend) are the start and end frames of the ground truth activity

assigned to chunk andn®= n=2, wheren= 64 is the chunk length. As an example, if the start and

end of the chunk were perfectly aligned with the ground truth, we would (‘ré,yeiend) =( L,1).

We train these values using a smaqgttoss [184]. The temporal localization branbh

produces two regression outputs (\/"st;\/"end) according to
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Liocz ylst smooth(rs Vist) (3.9)

+ Yoog SMOOth1(Fend  Vhnd:

We note that thg'; andyl,,,,terms prevent the learning of regression when an activity does

not begin or end within the chunk.

Our nal loss can thus be written:
Ltur = Las* | la 1(Linct Lioc); (3.5)

wherel, 1 is an indicator function that is equal to 1 when the ground truth action has an index
greater than 0, and is equal to 0 otherwise. (s equal to 1 when the ground truth does not

designate "no activity”)l is a weight parameter that we experimentally sdt to 0:25.

3.3.3 Chunk Aggregation

Chunks are aggregated by combining adjacent chunks with similar predictions, informed

by the predicted inclusion and temporal re nement values. See [79] for more information.

3.3.4 Spatio-Temporal Activity Detection

Our algorithm can also be extended to work in the context of spatio-temporal activity de-
tection, in the situation where activities are sparse both temporally and spatially, by chunking

spatio-temporal proposals instead of the entire video. See [79] for more information.

3.4 Experiments

In this section, we present a series of experiments designed to help understand the impact
of various components of our system. The majority of experiments presented in this section were
performed on the THUMOS'14 action detection dataset [110]. To show that this approach gener-
alizes to other scenarios we provide additional evaluation results on the ActEV [159] dataset for

spatio-temporal activity detection.
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3.4.1 Training

We train the backbone 13D network on THUMOS'14 using SGD with learning rdi#,0
momentum €, and weight decay:0005. We train on eight Nvidia 1080Ti GPUs for a total of
two epochs, lowering the learning rate t®01 in the second epoch. We use a batch size of 24
for two-stream training experiments (RGB and optical ow) and 48 for single stream experiments
(optical ow or RGB individually). We initialize 13D with weights pre-trained on the Kinetics

dataset [27].

For most of the time, no activities are happening and if we trained on all the chunks of
our system, we would inevitably bias heavily towards the “no activity” class. Thus, when cre-
ating chunks for training, we carefully control the number of chunks we expose the network to,

enforcing that only 10% of the samples seen by the network are negatives.

3.4.2 THUMOS'14

Figure 3.3: Sample frames from videos within the THUMOS'14 dataset.

Dataset

THUMOS'14 is a temporal action detection dataset which consists of 2765 trimmed train-
ing videos, 200 untrimmed validation videos, and 213 untrimmed test videos. Since the training

data is trimmed, we follow the common practice and perform the majority of our experiments by
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training on the validation set and evaluating on the test set [64, 66, 76, 264]. The majority of ab-
lation experiments are performed using a single-stream con guration, using optical ow frames,

except where otherwise mentioned.

The only exception to the aforementioned train/evaluate strategy is for experiments used
to select the hyperparameters described in Sectione3gB8T,c ands) . For these experiments,
we instead use a 70/30 split of the THUMOS validation set to perform training and validation
respectively, so as not to evaluate on the test split. This ensures that we don't over t the hyperpa-
rameters of our method to the test data. In order to enforce that the 70/30 split of videos contains
the appropriate number of instances of each class, we employ the simple strategy of repeatedly
sampling random 70/30 splits until the number of training samples for each class is between 1.05

and 3.38 times the number of instances in validation.

Figure 3.3 shows sample frames from videos within the THUMOS'14 dataset. THUMOS
performance is measured in the provided THUMOS'14 scoring tool using the mean Average Preci-
sion (MAP) metric, performed at several different temporal Intersection over Union (tloU) thresh-

olds.

Table 3.1 shows the nal performance of our algorithm on THUMOS'14, as compared to
other published algorithms. To achieve these nal numbers, we use the 13D backbone in a two-

stream con guration, taking both the RGB and optical ow frames as inputs.

Ablation experiments

Inclusion and Localization Chunk inclusion and localizationg. the losses inc andL o)
are the key novelties of our approach, providing strong improvements to our algorithm's perfor-
mance. We demonstrate the importance of these tasks by performing two separate experiments.
The rst of these, shown in Table 3.2, indicates our performance when we remove each of these
components from training entirely. In both cases, performance drops signi cantly. Unsurprisingly,
both localization loss and inclusion loss help with temporal localization so the greatest impact can

be seen at the higher tloU values where precise start and end times are most important.

We also perform another set of experiments where the inclusion and localization values are
learned, but are not used during inference. These results are shown in Table 3.3. Here we see
the importance of performing the inclusion thresholding and temporal re nement, since removing

either one signi cantly decreases performance. Additionally, the improvements from each are
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tloU 01 02 03 04 05 06 07
Karamaret al. [114] | 4.6 34 24 14 0.9 - -
Oneateetal [163] | 36.6 33.6 27.0 208 144 - -
Wanget al. [251] 182 17.0 140 117 83 - -
Cabaet al. [23] - - - - 13.5
Richardetal. [185] | 39.7 35.7 30.0 232 15.2 - -
Shouet al. [204] 477 435 363 287 19.0 103 53
Yeungetal. [269] | 48.9 44.0 36.0 264 17.1 - -
Yuanet al. [271] 514 426 336 26.1 188 - -
Escorciaet al. [50] - - - - 13.9 - -
Buchet al. [22] - - 37.8 - 23.0 - -
Shouet al. [202] - - 401 294 233 131 79
Yuanet al. [272] 51.0 452 365 278 178 -

Buchet al. [21] - - 457 - 29.2 - 9.6
Gaoet al. [65] 60.1 56.7 50.1 413 31.0 191 99
Houet al [99] 51.3 - 437 - 220 - -
Daiet al. [41] - - 333 256 159 90

Gaoet al. [66] 540 509 441 349 256 -

Xu et al. [264] 545 515 448 356 28.9 - -
Zhaoet al. [280] 60.3 56.2 50.6 408 29.1 - -
Huanget al. [101] - - - 27.7 - -
Yanget al. [265] - - 441 371 282 206 127

Chaoet al [29] 59.8 57.1 532 485 428 338 208

Alwasselet al. [6] - - 518 424 308 202 111
Gaoet al. [64] - - - - 29.9 - -

Lin et al. [135] - - 535 450 369 284 200
Gleasoretal [76] | 52.1 51.4 49.7 46.1 374 26.2 152
Yanget al. [266] - - 51.8 415 321 229 147
Murtazaet al. [148] - - 549 47.2 415 375 316

Ours 67.41 66.96 62.6 56.87 48.99 39.197.82

Table 3.1: Comparison to other algorithms on the THUMOS'14 based on the mAP metric at var-
ious temporal loUs. Missing entries indicate that results are not available. The best performance
at each tloU is indicated in bold.

not independent since activating both of them together yields a bigger increase in performance
than they each add individually; for instance, tloU at 0.7 goes up about 4 points when inclusion
thresholding is turned on and 10 points when temporal re nement is used, but nearly 17 points

when both are used together.

Input Modality 13D can be trained using only the raw RGB frames of the input chunks,
optical ow frames, or both at once. In Table 3.4, we compare the results of training on these

three modalities. Our key observation is that optical ow signi cantly out-performs RGB, while

Inclusion Localizatod 0.1 05 0.7

No No 59.09 32.19 16.08
Yes No 61.53 37.04 21.03
No Yes 60.45 35.9 19.25
Yes Yes 64.56 48.35 28.22

Table 3.2: The effects of chunk inclusion and localization on performance at 3 different tloU

thresholds. All results are attained using optical ow as the only input modality. We also note that
for this table, when inclusion or temporal localization are used, we also apply inclusion threshold-
ing or temporal re nement respectively. Best results are in bold.
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Inclusion Localizatod 0.1 05 0.7

No No 61.68 31.03 11.46
Yes No 64.06 40.55 15.68
No Yes 61.4 3751 21.0
Yes Yes 64.56 48.35 28.22

Table 3.3: The result of training the system using inclusion and localization loss but selectively ig-
noring those results during evaluation. This is to demonstrate that the performance improvements
are not solely a result of multi-task learning.

I3D Streams | 0.1 05 0.7
RGB 61.56 42.56 22.85
Flow 64.56 48.3528.22

Joint (RGB+Flow)| 67.41 49.0 27.82

Table 3.4: Classi cation accuracy for the three different input modalities on the THUMOS'14
dataset. Each row represents one of the modalities tested at 3 different temporal IoU thresholds.
Best results are in bold.

combining both modalities into a two-stream network is optimal, similar to the observations made
by [27] in the original I3D paper. The choice of modality also has important rami cations for the

run-time of the algorithm, which we explore in more detail in Section 3.4.3.

AggregationIn order to motivate our choice of aggregation algorithm, we present in Figure
3.4, a plot that shows the predictions of our chunks mapped against the ground truth of a given
video. What we nd is that, in general, chunks appear to do a good job classifying activities on

their own, which motivates our choice to aggregate by connecting adjacent chunks.

In Table 3.5, we compare our chosen chunk aggregation algorithm to a slightly modi ed
algorithm where, instead of merely connecting adjacent chunks, we also connect chunks that are
of the same class with up to one or two differing chunks in between. We nd that this actually
decreases performance, which suggests that chunks being misclassi ed in the middle of activities

are not a serious issue in THUMOS'14, and allowing skipping only hurts performance by merging

Aggregation 0.1 05 0.7
2 Skips 58.68 35.93 20.00
1 Skip 61.57 38.46 21.26
No Skips | 64.56 48.35 28.22

Table 3.5: The proposed aggregation algorithm compared to an alternate aggregation algorithm in
which chunks can be matched even if there are chunks in between of a different class. “1 Skip”
and “2 Skip” refer to algorithms that merge chunks with one or two different entries between them,
and “No Skips” is the algorithm we describe in Section 3.3.3. Best results are in bold.
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Figure 3.4: A plot of the network's per-chunk predictions (bottom) vs. the ground truth (top) on

a sample video in the test set. The bottom plot shows the con dence value of each chunk in the
sequence. Chunk con dence is plotted from the location of the chunk's center frame. For more
intuitive visualization, the con dence values are suppressed to zero when the ThrowDiscuss class
is not the maximal response for the chunk.

chunks that should not be merged.

3.4.3 Timing-Performance Trade-offs

Here, we analyze the inference speed of our system, and show that with the right modi-
cations our system can still achieve near state-of-the-art performance while running at speeds
well above real time on a single GPU. Table 3.6 shows the results of these experiments. When
optical ow is used, the vast majority of computation time is spent extracting the optical ow
frames, and therefore multiple GPUs are required to perform real time inference. On the other
hand, when inference is performed using only RGB frames, it is possible to perform computations
signi cantly faster. With RGB input, a single GPU is enough to achieve processing speeds of 235
FPS, signi cantly faster than real time. In terms of performance, Table 3.4 shows that RGB, while
worse than optical ow or RGB+optical ow, still achieves results competitive with the previous

state-of-the-art. Disk read times were not considered in this timing analysis.

Thus, in addition to being simple, our algorithm is very well suited to real-world applica-

tions where speed would be an important factor. If, in addition, detection needs to be performed

28



Forward Total
Mode # GPUs sec/chunk EPS FPS
RGB 1 0.055 235.35 235.35
Flow 1 0.046 291.67 22.77

RGB+Flow 1 0.108 126.11 20.65

RGB 8 0.026 467.74 467.74

8
8

Flow 0.0208 612.0 121.93
RGB+Flow 0.0467 26854 97.17

Table 3.6: Timing analysis of our algorithm under various con gurations. “Forward FPS” refers
to the frame rate of a forward pass through the network, while “Total FPS” includes the time
to process inputife. optical ow computation). Timing of disk access was not included in this
analysis.

on live streamed video, then merely introducing a several-second lag would be suf cient to detect
new activities as they happen. Further, since optical ow computation is the only stage of the
algorithm with signi cant computational overhead, it may also be possible to achieve the state-of-
the-art performance of optical ow with speeds much closer to that of RGB by estimating the ow

or motion information directly from compressed video [253, 261, 277].

3.4.4 ActEV: Spatio-Temporal Detection
Dataset

The ActEV dataset [159] is a spatio-temporal activity detection dataset featuring 18 differ-
ent activities over 64 training videos, 54 validation videos, and 246 test videos with annotations
withheld. All videos within the ActEV dataset are high resolution (12020 or 1920 1080) yet
the subjects performing actions within the videos are very tiny by comparison, generally ranging
from 20 to 180 pixels in height. Therefore, actions within the ActEV dataset tend to be spatially
sparse, taking up only a very small portion of the scene. One of the primary challenges of the
ActEV dataset is to intelligently avoid processing extraneous pixels. We do this by introducing a

proposal-based method for generating chunks, as discussed in Section 3.3.4.

Results

In this section we report the results of our method on the ActEV validation and test sets.
The primary metric for ActEV is probability of miss (p-miss) at a false alarm rate of 0.15 which is
computed using the provided evaluation tool downloaded from Github [112]. We also report the
N-MIDE metric on validation for which lower scores correspond to better temporal localization.

Both of these metrics are described in detail in TRECVID 2018 [10].
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Method | P-Miss N-MIDE
Gleason etal. [76] 67.50% 0.239
Ours 61.71% 0.181

Table 3.7: ActEV validation dataset results. In the left column we report weighted average prob-
ability of miss (weighted p-miss), where the weighting is applied to account for any class imbal-
ance. In the right column we report the N-MIDE metric, where lower N-MIDE scores refer to
better temporal localization. Both metrics are reported with a xed rate of false alarm of 0.15.

Method P-Miss
Aakuretal. [2] | 93.4%
Xu et al. [264] | 91.30%

Gleason et al. [76] 75.03%
MUDSML 69.8%%0
Ours 76.44%

Table 3.8: ActEV test dataset results. Here we report the weighted probability of miss of our
system, which was evaluated on an independent evaluation server [159]. The metric is reported at
a rate of false alarm of 0.15.

Table 3.7 shows the results of our algorithm on the ActEV validation data using the method
described in Section 3.3.4. In the table we included validation results using the TRI3D system
described in [76], which, to our knowledge are the best published results on ActEV. The public
leaderboard for the 2018 ActEV challenge was available at [159] where the top performing system
achieves a probability of miss of 69.85% at a rate of false alarm of 0.15. Since the top performing
system is unpublished as of the submission of this manuscript, it is dif cult to comment on where
the gain in performance comes from. This is particularly true since teams were allowed and
encouraged to collect and use proprietary data to improve performance. Our system signi cantly
out-performed the only other published systems which we know to have been evaluated on ActEV

test [2, 264].

We observe that while we achieve a signi cant improvement over TRI3D [76] on the val-
idation dataset, our system performs slightly worse on the test split as shown in Table 3.8. Since
the annotations are not available for the test split it is dif cult to draw any conclusions from this

phenomenon, however, by contrasting our approach to TRI3D we have some thoughts on this.

On the validation dataset, our method outperforms TRI3D on all but three of the eighteen
activities: activity ~ _carrying (+6.1%), Closing (+5.4%), andLoading (+5.4%), where
the deltas reported here are the differences in average p-miss at 0.15 rate of false alarm. This

indicates that the discrepancy is likely not due to some sort of biasing of our method towards
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Figure 3.5: Spatial sparsity in ACtEV. On the left is an example frame from ActEV, and on the right
is an example frame from THUMOS'14. The green box in the ActEV image shows the spatial
location of an instance of th€losing activity which covers only a small percentage of the
overall image. Contrast this to the THUMOS'14 image where the actWiigket _Bowling

takes up a much greater proportion of the image. This gure was original presented in [76].

certain actions. We also rule out the detector and clustering algorithm as being the cause of the
discrepancy as both TRI3D and our method use the same approach. The difference between
our algorithm and TRI3D at the core is that we use short, overlapping chunks, which are then
aggregated, as opposed to varying length cuboids which are not aggregated. Our hypothesis is that
the activities in the test dataset are more dif cult to determine given the short temporal spans, and
instead bene t from the high level context provided by long cuboids. We leave it to future work

to test this hypothesis by extending our system to incorporate chunks of varying length.

3.5 Conclusion

We have presented a simple but effective approach to activity detection and classi cation in
untrimmed videos. We have shown, through empirical analysis on the THUMOS'14 and ActEV
datasets, that it is in fact possible to achieve results in untrimmed activity detection comparable
to state-of-the art simply by making use of strong existing activity classi cation systems, and that

with the addition of two auxiliary tasks it is possible to push these results signi cantly farther.
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4. SELF-DENOISING NEURAL NETWORKS FOR FEW SHOT LEARNING

4.1 Introduction

Despite the ubiquitous power of modern deep learning techniques for image and video clas-
si cation, learning from very few examples still remains a dif cult problem. A visual recognition
system deployed in a real world setting may need to identify new classes of which it has only seen
one or two examples. Learning in this low-data regime, where one might have access to as little
as a single labeled example, generally requires entirely different techniques than traditional su-
pervised learning, and the pursuit of these techniques has launched an entire sub- eld of machine

learning research known as “few shot learning”.

Few shot learning is generally characterized by a two-stage approach. In the rst stage, the
network is pretrained in a supervised setting with a large labelled dataset of known classes. In
the second stage, the network is exposed to a limited number of labeled examples in novel classes
that were not included in the pretraining dataset, usually with as few as ve or even one sample
per class. The nal system is then evaluated against a held-out test set of images belonging to the

novel classes.

Under this paradigm, the machine learning community has developed a large number of
techniques. These techniques can themselves be classi ed into a broad set of categories, rang-
ing from meta-learning techniques that quickly learn to perform meaningful parameter updates
when presented with new data [61, 129, 156, 190, 249], to feature hallucination techniques that
generate additional samples for training [88, 256] and transductive techniques that make use of
the correlations between novel class samples during inference [45]. In this work, we follow the
lead of other metric-based approaches [214, 223, 247] which perform classi cation using highly
representative features. That said, our approach is orthogonal enough to many existing metric-
based approaches, and simple enough to implement, that it can be easily combined with existing

approaches to achieve easy few shot performance gains.

The conceptual backbone of our approach is similar to that of Denoising Auto-Encoders
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[246] (DAEs), which were shown to be useful for few shot learning by Gidatra. [70]. DAEs

are effective for metric learning because they build robust feature extractors that, by removing
noise from features, move features towards their most likely con guration in feature space. At
inference time, the noise is not applied and the feature is re ned to be more representative, in

effect creating a more robust prototype for few shot learning.

Our approach expands on this concept by making a few key observations. The rst is that
in order to counteract the effects of noisy features, it is not actually necessary to reconstruct the
features precisely. Instead, it is suf cient merely to ensure that the network can accomplish the
same classi cation task it would have preformed otherwise. This can be enforced simply by adding
an additional classi cation loss immediately after the noise is applied. Our second observation is
that this denoising process need not be a separate module from the rest of the network applied
iteratively, but can instead be integrated directly into existing network training with almost no

architectural changes or differences in learning hyperparameters.

The nal result is a relatively straightforward addition to existing neural network architec-
tures. The features of an existing architecture, such as a ResNet [92], are modi ed before each
block with some form of noise. The network is also augmented with auxiliary losses after each
block, similar to those used to tra@g Inception [225]. The end result, which we refer to as a
Self-Denoising Neural Network (SDNN), is a network that continually re nes its features as the
network deepens, ultimately producing features that are altogether more robust than the original

architecture by itself.

We also show, through detailed ablation experiments , the signi cance of many of the obser-
vations discussed above. For instance, we observe that the auxiliary losses used by our method are
essential; merely adding noise to the network as it trains has nearly no effect on performance. Itis
only by constantly enforcing that the features produce the same evaluation results that denoising

produces more robust features.
In summary, our contributions are as follows:

We present a novel approach to metric learning for few shot visual tasks termed Self-
Denoising Neural Networks (SDNNSs). In principle nearly any existing deep architecture
for visual recognition can be converted into an SDNN using a few simple modi cations to

the training pipeline.
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We demonstrate the effectiveness of SDNNs omtirelmageNettiered-ImageNet, CIFAR-
FS, and ActEV Surprise Activities datasets. We also show that our method is very general,

and can be easily added to existing metric-based few shot techniques.

We empirically analyze our SDNN architecture through a series of detailed ablation experi-

ments.

4.2 Related Works

Few shot learning [126] for deep learning is a rich area of research, with prior work falling
into several broad categories. One of the more prominent categories is optimization-based meta-
learning [61, 129, 156, 190, 249]. These methods “learn-to-learn” by pretraining models that are
able to produce gradient updates that facilitate quick ne-tune on small numbers of samples. Meth-
ods like MAML [61], LEO [190], and Reptile [156] do this by incorporating the ne-tuning step

into the learning stage.

Other metric learning techniques deal with minimal data by hallucinating additional sam-
ples for training [88, 256]. Still others improve performance by incorporating more general ma-

chine learning techniques, like self-supervised learning [68,217] or knowledge distillation [231].

Metric-based few shot learning algorithms are another large family of techniques [120,134,
164,199, 214, 223, 236, 247]. These methods operate by embedding inputs into a feature space
where images of the same class are naturally close together by some metric. For example, Rela-
tionNet [223] accomplishes this using cosine similarity, and MatchingNet [247] uses Euclidean
distance. Though already quite simple, many of these methods [214,223,247] utilize a pretraining
scheme that mimics the few shot training stage by sampling a small support set of sample classes
during training. Other metric-based methods like Cosine Classi ers [30, 69, 174] remove even
this training complication, providing a methodology for building robust features without the need
for support sets during training. In this chapter, we design our method on top of these Cosine

Classi er based methods, motivated in large part by a pursuit of simplicity.
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4.3 Method

In the standard few shot learning problem setup for visual tasks, we are initially given
access to a set of imagésnd label{x,;y,) D?P from some predetermined set of base classes,
whereDY is a training distribution aned, andyy are, respectively, images and labels from the
Np base classeS, = f1:::Npg of our training set. After performing some form of pretraining
usingD®, we are given a second set of training images and labgly,) T With all labels
learned base classes(Cp\ C,= 0). Importantly, the number of samplés,; y) provided in this
stage is extremely small, often as low as ve or even just one. Finally, performance is measured
by the classi cation accuracy of the nal system on a test set of samples from the novel classes,
(x;yn) Dis. In the following text, we rst discuss some prerequisites in Sections 4.3.1 and

4.3.2, then provide a detailed description of our method in Sections 4.3.3 and 4.3.4.

4.3.1 Cosine Classiers

Cosine Classi ers are widely used for few shot learning, originally explored by [69] and
[174]. In this context, few shot learning is performed by initially training a neural network feature

extractorf = F(x) on the datdxp;y,) DP as described above, as well as a set of weight vectors

supervised training comes in the per-class logit computation. In standard supervised training, the
logits for clasd would be computed as the dot product between the weights and the embedding:
z = fTw;. In contrast, a Cosine Classi er computes the logits as the cosine distance between the

weights and the features:

fTWi

2= codTiw) = |k
I

(4.2)
which has the advantage of producing features with reduced intra-class variance.

The logits are then converted into probabilit@ausing the softmax function

pi = exp(0z)= a exp(gz)
j2Cy

1 Though we use the term image hexecould also be a video or any other form of input data.
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whereg(4.2)

is a learned inverse temperature parameter. Given these nal predigiiémseach class,

the network is trained by optimizing standard cross entropy loss:

L(p) = E(x;y) DR[ IOg py] (43)

During the novel-class training stage, the weight matvixfor novel classes is computed
asw; = z;8i 2 C,, wherez is the average over all values pffor all imagesx, in the novel class
training set with labey,, = i. In the nal inference stage, the new matid is used in place o\,
to compute probabilities as described above. In other words, the extracted features of the novel
classes are directly averaged across samples of the same class and used as weights for further

classi cation.

4.3.2 Denoising Autoencoders

Originally introduced and explored by Vincegttal. [246], Denoising Autoencoders (DAES)
are a form of autoencoding neural network designed to improve feature robustness by reconstruct-
ing a given feature vector into a more likely con guration. A DAE) operates on a feature
vectorf = g(f) that his been corrupted from its original forfrwith some type of noisg( ) (e.g
additive Gaussian noise) by attempting to construct a new feature vé€)arhich is as close as

possible to the original feature vectbr

Alain et al. [5] show that, in the case of a DAE trained with additive Gaussian noise, pre-
forming inference on noiseless input will actually cause the DAE to estimate the gradient of the
density function of its input, and as such the veg¢tdf) ) will point towards more likely con-
gurations of f, i.e. the manifold of the input data. Previously, Gidatsal [70] made use of this
fact to re ne the novel feature weightsf, using DAEs and improve few shot performance. We

use this work as inspiration for our work.

4.3.3 Self-Denoising Neural Networks

We take the above observations about DAEs and use them to expand existing Cosine Classi er-
based few shot learners in a different direction from previous research. Rather than add an addi-

tional DAE module to the end of the network as was done in [70], we treat the entire existing
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Figure 4.1: A sample SDNN architecture with Gaussian noise. During training, the features after
each block are perturbed using additive Gaussian noise. After each block, the features are pooled
and passed through an FC layer so that auxiliary los¢@b) can classify the modi ed features.
During inference, no noise is added, and the weiwgtare replaced with the weighty .

network as a set of denoising modules, making minimal architectural changes and achieving con-

siderable performance improvements over simply using a DAE.

To de ne this new architecture, we rst break our feature extraction netwarko multiple
blocksFy; F»; F3 2. Many modern architectures such as ResNet [92] are already naturally organized
into blocks, making this division extremely straight-forward. Rather than simply injecting noise
at the end and having an additional DAE module denoise the featureB(X) = F3(F2(F1(X)))
produced by the full network, we instead treat each blgcks its own denoising module by
injecting noise at the beginning of each block and denoising the signal before it reaches the next

one.

Speci cally, given featured; 2 R 1 W 1 & 1 (whereh, w; andc represent the height,
width, and channels of the feature map at laleproduced from blockq 1, we computef
during initial training asf, = R(g(f, 1)) 2 R™ W & whereg( ) is a generic noise function that
perturbs its input with any of several more speci ¢ noise functions, as discussed below in Section
4.3.4. This modi cation is motivated in part by the observation made in Section 4.3.2 that a DAE
naturally adds a vector to the input features which points it towards the data manifold. Our hope
is to produce a layer that projects towards the data manifold and processes the features at the same

time.

Ideally, we would likef, to produce an input that is robust to the noise that was added to
fi 1. Applying a standard DAE structure would mean reconstructing from g(f; 1), but this
would require either adding additional layers to create the a DAE, or enforcindthatches

fi 1. Since our goal is to retain the original architecture, both of these solutions are undesirable.

2 For this example, we use only 3 blocks because that corresponds to the WideResNet [275] network featured most
prominently in our experiments section. Other networks, such as ResNet10 [92] or Inception [225] might be broken up
into differing numbers of blocks.
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Instead, rather than force the network to explicitly dendjse, we enforce thaf, remains
useful for classi cation despite the noise. To do this, we add an additional auxiliary classi cation

loss after each block. More speci cally, given an uncorrupted featu?eR™ W 9 we perform

j = co{FC(MaxPool f;)) ;Wli)

p| = softmaxgz)

(4.4)

where FC is a fully-connected layer, and MaxPool is a max-pooling operation across the spatial
dimensions off;. The nal predictionsp} are then learned usirig( p!), the same cross entropy

loss de ned in equation 4.3. The weight$ are similar to the weighte, described in Section

the auxiliary classi ers function identically to the classi er at the end of the unmodi ed network.

This constrains each block to produce the same logits as one another, enforcing the requirement
that the network produces features meaningful for classi cation at every level of the network.
Auxiliary losses of this style have been used in classi cation problems for a long ¢éilgeyhen

training Inception [225]. The application of noise in previous layers, however, expands the purpose
of these additional losses beyond gradient ow and regularization, using them to counteract the
added input noise. As we show empirically in Section 4.4.4, these losses are necessary to see gains

from denoising. See Figure 4.1 for an illustration of the full architecture.

During the novel class learning stage, noise is no longer added and the new Wéliges
constructed in the same way as the weights for the Cosine Classi er by ass@drma; 8i 2 C,,
whereZ is the average over all values Bffor all imagesx, in the novel class training set with
labely, = i. The nal predictionsp; are computed from the average of all predictions at each
layer: pi = &, p!, wherel indexes over the number of blocks in the network (either 2 or 3 in all

experiments within this chapter).

In summary, we modify existing neural network training schemes by repeatedly adding
noise to the network while forcing it to produce the same features despite the added noise. Thus,
though the network is not performing a true denoising reconstruction, it is still developing a mean-
ingful understanding of the feature space, and when the noise is removed during the novel training
and inference stages the network is still able to implicitly re ne the previous stage's features into

a more likely con guration.
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As a nal note we discuss the similarities of our method with stacked DAEs [245]. Both
approaches involve repeated denoising, however we emphasize certain important differences. First
of all, stacked DAESs are trained in stages, requiring speci c architectures that may require need ot
be carefully crafted. Our method, on the other hand, can be easily applied to any existing network
architecture just by adding individual pooling and fully connected layers in a few key locations,
making it much easier to train and introducing extremely few new hyperparameters. Our method
also trains in a single pass using the same hyperparameters as its base architecture, versus the
multi-stage training of stacked DAEs. Finally, at a more technical level, our method does not
actually autoencode anything; the features are only denoised in the sense that they attempt to
produce the same classi cation outputs as noiseless features. There is no actual reconstruction

that occurs.

4.3.4 Types of Noise

The noise functiorg( ) described in Section 4.3.3 can take any number of forms. In this

chapter, we will explore two different constructions: Dropout noise and Additive Gaussian noise.

Dropout Noise: Dropout noise is modelled after the widely used method of Dropout [216].
Dropout works by rst generating a random binary mask2 R" W ¢, wherem;jx = 0 with
probability pgrop, and then computing(f) = f m, where is an element-wise product. We
modify dropout by making it non-spatial in the same manner described below for Gaussian noise,

i.e. samplingm2 R€ and broadcasting it into the spatial dimensions.

Additive Gaussian Noise: An additive Gaussian noise functigf ) is de ned simply as
g(f)= f+vwherev2 R®andv; N(O;s) for some standard deviation parameterwith i 2
f1;:::cg indexing thec channels off . Note that we havé 2 R" W €, and are thus implicitly
embedding the vectar2 R¢into R" W ¢ by copying values across the spatial dimensions so that
the addition may be performed properly. This operation is known in popular tensor-programming
libraries like Pytorch [167] as “broadcasting”. This formulation, which we call “non-spatial” noise
sampling, is an important subtlety in the construction of SDNNs. See Figure 4.4 for an illustration

of this procedure.

To see why we must use non-spatial noise, rst make the simplifying assumption that the
pooling layer in equation 4.4 were an average pooling layer instead of a max pooling layer, and

that the network bloclE was a simple linear layer with weights In this case, ifv were not
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1-dimensional and each indexw® R" W ¢ were sampled separately, then Fg( f)) we would

haveF (g(f))= f (f + v), and therefore

1 h;w
AvgPoo(F(g(f) = f = & (vij + fiy)
W i)
1 héw héw
:f—avi;j+f—a fi;j (4.5)
hw i) W iy
1 h(;w
f hw a fi;
()]
where the last line occurs becausgy;;j) = 0. Thus, in order for the noise to have any effect, it
must not be sampled over the spatial component. As we see in Section 4.4.4, non-linearities in
the network blocks and max pooling layers mitigate some of these issues, but are not suf cient to
completely eliminate the disadvantages of using spatial noise. See Figure 4.4 for an illustration of

this point.

4.4 Experiments

In this section, we will rstdescribe the implementation details of SDNN training in Section
4.4.1. We then describe the datasets and metrics used for evaluation in Section 4.4.2 and compare
our method against contemporary methods in Section 4.4.3. In Section 4.4.4 we perform ablation
experiments to provide a detailed analysis of our method. Finally, in Section 4.4.5 we evaluate our

method on the task of few shot learning for human action detection in video.

4.4.1 Implementation Details

One of the most signi cant advantages of SDNNs is that they can be trained making only
minimal modi cations to existing networks. As such, our training hyperparameters for image
classi cation mimic those of [68]. More speci cally, we perform our 2D image experiments
using the WideResNet-28-10 (WRN-28-10) architecture [275]. We perform optimization using
Stochastic Gradient Descent (SGD) for 26 epochs, with an initial learning raté ah@ reducing
by a factor of 10 after epoch 20 and again after epoch 23. The inverse softmax temperature

hyperparametay is initialized to 10.
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.23

Figure 4.2: Spatial Noise
23

Figure 4.3: Non-Spatial Noise

Figure 4.4: Comparison between spatial and non-spatial noise. (a) Spatial noise perturbs each
location in the feature map differently, and therefore averages out to O when pooled. (b) Non-
spatial noise is constant over each location, and can therefore be pooled without changing its

values.
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When training the WRN-28-10 backbone, we perform self-denoising on all three residual
blocks, adding noise before each block and an auxiliary block afterwards. When pooling, we pool
to a spatial size of 2 2 and concatenate the features at all four spatial locations before feeding
them into the FC layer. Except where otherwise noted, all SDNN experiments are performed using
either additive Gaussian noise wish= 0:06 or Dropout with probability (. During inference,
no noise is added anywhere in the network, and the logits computed from each auxiliary loss are

averaged to make the nal predictions.

4.4.2 Image Data and Evaluation Metrics

We perform all our main experiments on three standard datasets used for few shot learning:

minilmageNet [247]tieredmageNet [183], and CIFAR-FS [15].

minilmageNetconsists of 100 classes randomly picked from the ImageNet dataset [189] with 600
images of size 8484 pixels per class. We follow the exact same setup as [68] and others, using
64, 16 and 20 classes as our training, validation and test classes respectively. Also following [68]

for consistency, we resample each image to &80 before feeding it into the network.

tieredmageNet consists of 608 classes randomly picked from ImageNet [189]. It consists of
779,165 images in total, all of resolution 844 pixels. We use 351, 97 and 160 classes in our
training, validation and test classes respectively, and, again similar to [68], we resample each

image during training to 80 80.

CIFAR- FS is a few-shot dataset created by dividing the 100 classes of CIFAR-100 into 64 base
classes, 16 validation classes, and 20 novel test classes. There are 60000 images in total in this

dataset, each with a resolution of 332 pixels.

Evaluation Metrics: Following standard few shot classi cation algorithm practices, our exper-
iments are evaluated based on classi cation accuracy averaged over a large number of episodes.
To be more precise, each episode isaway K-shot problem wher& samples are selected at
random fromN, randomly-selected novel classes of the parent dataset.KTdsmples form a
support set which the network uses to guide infererdeimages are then chosen from tNg

chosen classes to form a test set. The classi cation accuracy is computed over tRgimages.

The nal few shot scores are computed as the 95% con dence interval of the accuracy over all the
episodes. Except where otherwise noted, weNyse 5,M = 15, andK = 1 orK = 5 (labelled as
“K-Shot” in the appropriate tables).
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Backbone minilmageNet CIFAR-FS tieredmageNet

1-Shot 5-Shot 1-Shot 5-Shot 1-Shot 5-Shot
Baseline (Cosine) [69, 174] WRN-28-10 58.460.45% 75.45 0.34% 72.63 0.49% 85.69 0.34% 67.46 0.51% 82.786 0.37%
Shot-Free [182] ResNet-12 59.04n/a 77.64 nla 69.2 nla 84.7 nla 63.5 n/a 82.59 nl/a
TEWAM [175] ResNet-12 60.07 n/a 75.90 n/a 70.4 nla 81.3 nla - -
MetaOptNet [129] ResNet-12 62.640.61% 78.63 0.46% 72.6 0.70% 84.3 0.50% 65.99 0.72% 81.56 0.53%
Fine-tuning [45] WRN-28-10 57.73 0.62% 78.17 0.49% - - 66.58 0.70% 85.55 0.48%
Qiaoet al. [176] WRN-28-10| 59.6 0.41% 73.74 0.19% - - - -
LEO [190] WRN-28-10| 61.76 0.08% 77.59 0.12% - - 66.33 0.05% 81.44 0.09%
DAE [70] WRN-28-10| 61.07 0.15% 76.75 0.11% - - 68.18 0.16% 83.09 0.12%
BF3S (CC+Rot) [68] WRN-28-10 62.930.45% 79.87 0.33% 73.62 0.31% 86.05 0.22% 70.53 0.51% 84.98 0.36%
Dropout SDNN (Ours) WRN-28-10 61.520.45% 78.25 0.33% 74.98 0.30% 87.00 0.21% 69.50 0.50% 84.34 0.35%
Gaussian SDNN (Ours) WRN-28-10 62.120.45% 78.97 0.32% 75.31 0.30% 87.40 0.22% 69.29 0.50% 84.53 0.35%

Gaussian SDNN + BF3S (Ours) WRN-28-164.74 0.45% 81.47 0.30% 75.60 0.30% 87.30 0.22% 71.40 0.50% 85.90 0.34%

Table 4.1: Con dence intervals for 5-way classi cation of several methods, including our own.
Inference is performed by sampling images from 5 different novel classes for 2000 iterations on
the minilmageNet andieredmageNet datasets, and 5000 iterations on the CIFAR-FS dataset.
“Dropout SDNN” and “Gaussian SDNN” represent our vanilla method as described in Section
4.3.4 using either Dropout noise or additive Gaussian noise, whereas “Gaussian SDNN + BF3S”
is a naive combination of our method with the BF3S method [68] intended to show how our
method can be effectively combined with others.

4.4.3 Image Evaluation Results

In this section, we compare our proposed SDNN approach against contemporary methods
on miniimageNet, CIFAR-FS anteredmageNet. Table 4.1 lists our performance for each of
these datasets, performing inference for 2000, 5000 and 2000 iteratiamisitmageNet, CIFAR-

FS andtieredmageNet respectively in an episodic fashion by randomly sampling 5 novel classes
per episode. “Baseline (Cosine)” is a re-implementation of [69] using a WideResNet-28-10 [275]
backbone. This re-implementation is taken directly from the publicly-available code-base for [68]

and has not been modi ed.

We observe that our method by itself with either Dropout or additive Gaussian noise out-
performs the baseline on all three datasets by a signi cant margin, with additive Gaussian noise
performing better than Dropout. An unmodi ed version of our method also performs favorably
against many prior methods, even achieving state-of-the-art performance on the “CIFAR-FS”
dataset without modi cation. Notably, our method out-performs the DAE [70] method on all
four experiments in which they are comparable. The DAE method itself was trained using an
extremely similar set of hyperparameters and architectures as our baseline. This indicates the su-
periority of our method despite its simplicity - the DAE method required the training of a custom
graph-neutral network architecture in a separate stage of pretraining. Our method, by comparison,

did not require any additional training stages.

SDNN + BF3S Table 4.1 also contains an additional experiment, labelled “Gaussian SDNN +
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BF3S”, which combines a Gaussian SDNN with the rotation prediction task described in [68].
Speci cally, BF3S modi es the pretraining procedure by rotating each input image three times
in 90-degree increments before feeding all four images into the network. The network is then
augmented with an additional residual block whose output is used to train a four-way classi er
that determines which of the four possible rotations90 ;180 , or 270) were preformed on the

input. Success in this auxiliary task requires the network to develop richer features beyond those
needed for classi cation, and as such improves the quality of extracted features in downstream

tasks.

The BF3S architecture is modi ed into an SDNN in the same way as the vanilla WRN-28-
10 architecture - auxiliary losses are added before each block, and Gaussian nosewit6

is added afterwards.

Because we believe this rotation classi cation task is essentially orthogonal to the SDNN
methodology, we are motivated to include this experiment in order to demonstrate that existing few
shot methods can be easily and effectively turned into SDNNs. Indeed, we observe from Table
4.1 that “SDNN + BF3S' out-performs all other methods, most importantly the “BF3S” method,
supporting our assertion that SDNNs are a broadly applicable technique that will not interfere

when added with other, orthogonal techniques.

4.4.4 Ablation Experiments

In this section we analyze the various components of our proposed approach. We report
all of our experimental results on thminiimageNet dataset unless otherwise speci ed. For all
experiments in this section, inference is performed for 2000 episodes by sampling images from 5

different novel classes unless otherwise speci ed.

Aux?  Noise | 1-Shot 5-Shot
No - 58.43 0.45% 75.45 0.34%
Yes - 60.91 0.45% 77.84 0.33%

No Dropout| 58.15 0.44% 76.10 0.33%
No Gaussian 58.73 0.45% 76.16 0.34%
Yes Gaussian62.12 0.45% 78.69 0.32%

Table 4.2: Con dence intervals for 5-way classi cation accuracy applying additive Gaussian noise
and Dropout noise with and without auxiliary losses onrtlieilmageNet dataset with a WideRes-

Net backbone. Inference is performed by sampling images from 5 different novel classes for 2000
iterations. “Aux?” indicates if auxiliary losses were used, and “Noise” indicates what type noise
was used.
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Aucxiliary Losses and Noise: SDNNs make essentially two modi cations to a standard neural
network training procedure: the addition of noise and the training of auxiliary losses. In Table
4.2, we perform the critical experiment of removing each of these components in turn. In doing
so, we make two observations. The rst observation is that while auxiliary losses are helpful to
performance on their own, the addition of noise is critical for achieving the best results, as seen
from, for instance, the one-shot performance increasing fro®160 6212 as Gaussian noise is

added.

Our second observation is even more signi cant: additive Gaussian and Dropout noise
have a very small effect on performance if they are not paired with some sort of auxiliary loss
- achieving 5873 one-shot performance as opposed tet38 This has signi cant rami cations
- it con rms that the performance gains from using an SDNN exist only because of the specic
combination of noise with auxiliary losses. In fact, without the auxiliary losses, the network learns
to mostly ignore the noise. We hypothesize that this occurs because adding noise only perturbs
the features a very small amount, and if the network is allowed more layers to process the noisy

features before classi cation, the effect of the noise will be mitigated.

Noise Type Spatial? 1-Shot 5-Shot

None - 60.91 0.45% 77.84 0.33%
Dropout Yes 61.34 0.45% 78.18 0.32%
Gaussian Yes 61.38 0.45% 78.23 0.32%
Gaussian (AVG) Yes | 60.68 0.45% 77.69 0.33%
Dropout No 61.52 0.45% 78.25 0.33%
Gaussian No | 62.12 0.45% 78.69 0.32%
Gaussian (AVG) No 61.47 0.44% 78.17 0.32%

Table 4.3: Con dence intervals for 5-way classi cation accuracy sampling either spatial (

RY M ©) or non-spatial (2 R°) noise, as described in Section 4.3.4. “AVG” stands for the use
of average pooling instead of max pooling in our implementation of equation 4.4. Inference is
performed by sampling images from 5 different novel classes for 2000 iterationsdmageNet.

Spatial vs. Non-Spatial: Next, we justify our statements in Section 4.3.4 regarding the need
for noise to be non-spatial.é. to select a noise vectar2 R¢ as opposed to 2 RY " ©). Ta-

ble 4.3 shows what happens when noise is added with spatial and non-spatial schemes. Our rst
observation is that, as expected, non-spatial noise out-performs spatial noise. In the case of addi-
tive Gaussian noise, we see an improvement from3&10 6212 in one-shot performance. The
improvement for Dropout noise is much smaller to the point of statistical insigni cance, improv-
ing from 6143 to 6152, suggesting that the non-spatial constraint may not be as necessary for

Dropout. This could be anticipated, since the arguments for non-spatial noise in Section 4.3.4 do
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not necessarily apply to Dropout noise.

In Section 4.3.4 we motivated the need for non-spatial noise by illustrating that spatial noise,
when pooled, will have very nearly zero effect. The reason we still see spatial noise effecting
performance is that in an SDNN the features are not actually pooled until after they pass through a
residual block, which might not act linearly across all of the noise. Additionally, we note that these
experiments were performed using max pooling (equation 4.4) as opposed to average pooling,
which reacts differently as an operation to 0-mean additive Gaussian noise. We therefore include
an additional experiment in Table 4.3, labelled “Gaussian (AVG)” which uses average pooling.
As expected, we nd no statistically signi cant difference between spatial Gaussian noise with
average pooling and no noise at all. For completeness, we also include results for non-spatial
Gaussian noise with average pooling, which con rm that the loss in performance with spatial

average pooled noise is not entirely due to the choice of pooling method.

Gl G2 G3 1-Shot 5-Shot
60.91 0.45% 77.84 0.33%
X 61.25 0.45% 78.13 0.32%
X 61.26 0.45% 78.05 0.33%
X 161.74 0.45% 78.46 0.32%
X X 61.26 0.45% 78.07 0.32%
X X 16138 0.44% 78.34 0.32%
X X ]61.65 0.44% 78.57 0.32%
X X X 62.12 0.45% 78.69 0.32%

Table 4.4: Con dence intervals for 5-way classi cation accuracy applying Gaussian noise at dif-
ferent locations on theniniimageNet dataset with a WideResNet backbone. Inference is per-
formed by sampling images from 5 different novel classes for 2000 iterations. The columns
marked “G1” through “G3” indicate whether or not Gaussian noise was added to blocks 1 through
3, respectively.

Which Layers Need Noise?In this section we try to analyze at which point in the network the
denoising should be performed. We use the Cosine Classi er with auxiliary losses as our base-
line and show all our results in Table 4.4. Her&y” (x 2 f 1;2;3g) indicate adding Gaussian

noise to the input of block of the backbone. Initially, we add auxiliary loss at each block with-

out any feature noise. We then add noise to different blocks in turn. We nd that performance
increases consistently when adding noise to each block, at least when using WideResNet, but
we also consistently observe the biggest performance increase when noise is added to the last
block. We believe this occurs because the deeper layers of the network possess stronger semantic
information, and are therefore most improved by the addition of noise. In our action detection ex-

periments on deeper networks, this motivates us to perform self-denoising only at the later layers
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of the network.

s |  1-Shot 5-Shot

0.15[ 61.27 0.44% 78.14 0.32%
0.1 | 61.53 0.45% 78.50 0.32%
0.08| 61.93 0.45% 78.62 0.32%
0.06| 62.12 0.45% 78.69 0.32%
0.04| 61.82 0.45% 78.60 0.32%

Table 4.5: Con dence intervals for 5-way classi cation accuracy applying additive Gaussian noise
at different values o$ . Inference is performed by sampling images from 5 different novel classes
for 2000 iterations ominilmageNet.

Gaussian Noise Parameters: Table 4.5 shows the results of using different levels of Gaussian
noise. We observe that the value ©fhas a signi cant effect on performance. The network
achieves the best performance of 5826 and 789% for one-shot and ve-shot respectively with

a s value of Q06. Above 006, the performance drops gradually, as the features become too
corrupted and the network is unable to denoise them to the required level. B&l6yw& also

start to see performance fall as the noise becomes too small to meaningfully alter the network's
features.

Prob | 1-Shot 5-Shot

0.2 60.87 0.45% 77.43 0.33%
0.15 | 61.43 0.45% 77.96 0.33%
0.1 61.52 0.4%% 78.25 0.3
0.05 | 61.42 0.45% 78.11 0.32%
0.02 | 61.24 0.45% 78.14 0.32%

Table 4.6: Con dence intervals for 5-way classi cation accuracy applying Dropout noise at differ-
ent probabilities of dropping. Inference is performed by sampling images from 5 different novel
classes for 2000 iterations omnilmageNet.

Dropout Noise Parameters: Next, we experiment with dropout noise as described in Section
4.3.4. With dropout noise, the model achieves the best performance5#%land 7&85% for
one-shot and ve-shot respectively with a dropout probability df. 0We observe with dropout
noise a similar trend to that of additive Gaussian noise. At lower probabilities, there is very little
noise to denoise and for higher probabilities, the network is unable to recover the original features

effectively.

4.4.5 Few Shot Learning for Action Detection

In addition to our experiments in image classi cation, we also perform an additional evalu-

ation on the task of human action detection in video. Our evaluation is performed on the “Surprise
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| NAUDC (#)
0.745
0.691

Cosine Similarity|
Gaussian SDNN

Table 4.7:nAUDC scores on the ActEV SDL Surprise Activity evaluation. A lower score is better.

| NAUDC (#)
Team: UCF 0.633
Team: UMCMU 0.6162
SDNN (Ours) 0.6151

Table 4.8:nAUDC scores on the ActEV SDL Surprise Activity leaderboard as of the time of this
writing. A lower score is better.

Activities” split of the Activities in Extended Video (ActEV) Sequestered Data Leaderboard (SDL)
Challenge [158], a public competition in which real-time action detection systems are evaluated
on security footage in known or unknown facilities. To submit to the “Surprise Activities” split,
teams must produce a system that can perform training with novel classes online on a remote

server.

The Surprise Activity evaluation is performed on a separate server with sequestered data,
meaning the system is only evaluated on data that the researchers themselves don't have access
to. In the case of the “Surprise Activities” split, even validation data is not provided. This makes
the task considerably more dif cult than the 2D classi cation performed in the previous sections,
since a system must be designed without the ability to determine effectiveness on even small held-
out data. This makes the task harder, but also means that the results are not over t to any sort of

validation data.

The dif culty of the “Surprise Activity” task is further increased by computational limi-
tations. In addition to the long training time of the rst-stage system, second-stage training is
performed on the server itself, which has limited resources. As such, teams are limited to very few
submissions a week, usually just one or two. In this context, any sort of hyperparameter tuning
to try to over t to the test data is extremely dif cult. Thus, the results we report have only been
run once, with no hyperparameter tuning to make the SDNN network perform better. As such, we
believe our positive results provide even stronger evidence that SDNNs are an easy and effective

way to improve algorithm performance with relatively little work.

The exact novel classes used in evaluation, as well as the number of samples for training
and evaluation, are not made public. SDL submissions are evaluated usingUI¥C metric,

computed by plotting the probability of a missed activity detection at temporal-false-alarm rates
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between 0 and:@ and calculating the normalized area under the curve.

In addition to the 328 hours of ground-camera data that was annotated for the ActEV SDL,
our training makes use of the extensive additional annotations performed by the public in the

MEVA annotation repository [39].

For the activity recognition experiments themselves, the conversion of the system into an
SDNN uses average pooling down to 1l features in the spatial dimensions, while retaining a
depth of 8 in the temporal dimension. The features are then concatenated along the temporal
dimension and fed into the fully-connected layers, where a cosine classi er makes the nal pre-
dictions during training. As in the 2D case, during inference the image feature embeddings from

the novel class exemplars are used as classi cation weights.

To perform experiments with our system on the ActEV SDL Surprise Activities split, we
have adapted the action recognition pipeline described in [75, 78] to be suitable for the few shot
setting. The pipeline itself operates in two stages - a cuboid action proposal stage and an action
classi cation stage - and our modi cations are made only to the action classi cation stage, which
is adapted from the 13D architecture [25]. The I3D architecture is itself an extension of the Incep-
tionV1 architecture [225] in ated to use 3D convolutions, and we modify it to be an SDNN by
adding Gaussian noise before the “Mixed4e” and “Mixed5b” layers, adding a pooling and cosine
classi cation layer after the “Mixed4f” layer, and replacing the nal dot product with a Cosine
Classi er as described in Section 4.3.1. As with our previous experiments in 2D, we make no

further changes to the training scheme or hyperparameters of the original method.

Table 4.7 shows the results of an SDNN compared to a simple Cosine Classi er baseline.
We see that the SDNN performs better than the baseline, withdibCscore of 0691 as opposed
to 0:745 (a lower score indicates superior performance). This evaluation shows that our method is

effective even for video tasks which use larger datasets and deeper architectures.

Table 4.8 shows the current leaderboard scores at the time of this writing. We note in
praticular that the UMCMU system uses the same backbone [75, 78] that we do. We see that of
the three systems on the leaderboard, our system performs better. We note that our numbers in this
table differ from those in Table 4.7. This is because shortly after we performed the experiments
in Table 4.7, the data used in evaluation had changed, and our system needed to be resubmitted to
be evaluated on the new data. The Cosine Classi er baseline experiment was not repeated in this

context, due to the computational limitations of submission outlined above.
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Architecture \ 1-Shot 5-Shot
3 Blocks, MAX| 75.09 0.30% 87.32 0.22%
2 Blocks, AVG | 75.60 0.30% 87.30 0.22%

Table 4.9: Comparison of the “Gaussian SDNN + BF3S” experimental results on the CIFAR-FS
dataset. The rst row of results uses the SDNN hyperparamters described in the chapter (3 blocks
with max pooling), and the second row uses those described in this supplementary material (2
blocks and average pooling).

45 Conclusion

In this chapter, we have introduced SDNNs, a novel architecture inspired by the ability of
DAEs to make features more robust in a few shot learning setting. We have empirically shown
the effectiveness of SDNNs on four different datasets across two different tasks, and performed

detailed experimental analysis to motivate our construction.

4.6 Supplementary Material

4.6.1 Computational Performance

In terms of parameters, each block requires only a single additional fully connected layer.
For the WRN-28-10 architecture with three denoising blocks, this adds exactly 1.312 million
parameters (3.6% increase from about 36.5 million without an SDNN) and a training step goes

from averaging 0.346 seconds to 0.353 seconds on our system.

4.6.2 Additional Implementation Details

Architecture | 1-Shot 5-Shot

BF3S (CC+Rot) [68] 70.53 0.51% 84.98 0.36%
3 Blocks, MAX 69.28 0.50% 83.67 0.35%
2 Blocks, AVG 71.40 0.50% 85.90 0.34%

Table 4.10: Comparison of the “Gaussian SDNN + BF3S” experimental results on the
tieredmageNet dataset. The second row of results uses the SDNN hyperparamters described
in this chapter (3 blocks with max pooling), and the third row uses those described in this supple-
mentary section (2 blocks and average pooling).

For two of the experiments earlier in the Chapter (the “Gaussian SDNN + BF3S” experi-
ment performed on the CIFAR-FS atidredmageNet dataset in Table 1) our SDNN implementa-
tion only applied noise and auxiliary losses to the last two blocks of the network, as opposed to the

three used in every other experiment. Additionally, these two experiments were performed with
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average pooling instead of max pooling. We empirically found that this resulted in better perfor-
mance on those datasets when combined with rotation classi cation; see Tables 4.9 and 4.10. In
particular, theieredmageNet performance actually dips below the performance of the unmodi ed
BF3S [68] model when all three blocks are used. We hypothesize that this is because the earlier
layers of the network are more susceptible to noise when performing the rotation classi cation

task.

All of the networks in this chapter were each trained on a single Nvidia Titan XP GPU.
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5. ADAPTING STYLE AND CONTENT FOR ATTENDED TEXT SEQUENCE
RECOGNITION

5.1 Introduction

Unsupervised Domain Adaptation is the process of adapting a model trained on data from
one fully-labeled domain to work in a different domain where no labels are available. A variety
of techniques have been developed towards this end, especially in recent years with the advent of

deep learning models that can effectively train on very large labeled datasets.

With respect to the problem of sequential optical character recognition (OCR), where one
may possess many images of text but may not have the resources or manpower to label them all,
the bene ts of domain adaptation are obvious but remain relatively unexplored. To this end, we
explore the problem of domain adaptation for OCR in general, and present a novel approach for
independently adapting style and content by extending the gradient reversal technique [62]. In
order to learn to transcribe unlabeled data, the natural choice is to create a synthetic dataset in the
desired language, which can be used to teach a system to recognize the language and s&ucture,
content, of the target language. Unsupervised domain adaptation techniques can then be applied

to better facilitate the transfer of knowledge between domains.

This approach has some promise, but for best results we would want data that mimics not
just the content but also the realistic style of the target data. In other words, we would require
a high-quality synthetic dataset that re ects the varying surfaces, illumination conditions, and
camera angles of the real data. Building such a dataset would be extremely dif cult, presenting a

dif cult research problem in its own right.

On the other hand, while it certainly is realistic to assume that we do not have labels for
OCR data in a language that we want to transcribe, we want to make sure that we use all of our
available resources. Many OCR datasets exist for other languages, and while domain adapta-

tion techniques may not always be suf cient for transferring knowledge when the task changes
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Source: Target: Source:
Hebrew Hebrew French
(Synthetic) (Real) (Real)

Figure 5.1: We seek to transcribe real images in some languwageHebrew) without access

to any labeled training data by using a combination of synthetic data in the same language and
labeled real data in a completely different language (French). The synthetic Hebrew data
overlaps with the real Hebrew data in content, but not in style, while the real French data overlaps
in style but not in content. Thus, the sources are complementary; they each overlap the target
signi cantly, despite having very little overlap with each other.

signi cantly, it still seems natural that one would be able to use this additional data to improve
performance. For example, two datasets containing photographs of images in different languages
are still similar in that they are both real images, and therefore share many underlying statistics,

speci cally those that correspond to the "realistic” style that they share.

We show in this chapter that the above observation is correct, that it is in fact possible
to drastically improve performance in OCR systems using simultaneous multi-task learning in
different languages. In fact, our experiments show that including another language during training
actually alleviates the need for more realistic synthetic data. It appears that the system learns the
"content” of the rst language from the synthetic data, but learns to deal with the realistic "style”

of these images from the second language's data.

Thus, we show that by properly combining an extremely simple synthetic dataset in one
language and a labeled dataset in another language, it is possible to build a system that performs
well on a third, completely unlabeled dataset in the rst language, as illustrated in Figure 5.1. Re-
markably, this is possible even when the two languages being considered use completely different
glyphs that are read in different directions. For example, in this chapter we use labeled French

street sign images to help read Hebrew street signs, a transfer from a left-to-right language with a
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Latin alphabet to a right-to-left language using an Aramaic alphabet.

In order to demonstrate the effectiveness of our technique, we require multiple datasets,
not just unlabeled data in our target language but also labeled data in another source languages.
To this end, we introduce the Hebrew Street Name Signs (HSNS) and Synthetic Hebrew Street
Name Signs (SynHSNS) datasets, which we use in the domain adaptive portion of our system as
the target and source domains respectively. To further improve our performance, we also perform

multi-task learning on the existing French Street Name Signs (FSNS) dataset [213].

5.2 Related work

5.2.1 Domain Adaptation

Within the eld of computer vision, a huge number of unsupervised and semi-supervised
domain adaptation techniques have been invented and explored, especially in the context of image
classi cation [86, 193-196, 205], but also in other areas such as semantic segmentation [97, 197,
278], object pose recognition [16] and object detection [32, 103]. In all cases, the goal of these

techniques is to match the distributions of some source domain to that of a target domain.

In some cases, this goal is achieved by attempting to explicitly match the moments of the
two distributions. For example, Maximum Mean Discrepancy (MMD) [83] is a loss that explicitly
minimizes the norm of the difference between two distributions' means, and has been used to good
effectin [17,138,238]. Alternatively, work such as [218] and [219] have made signi cant progress

by explicitly aligning the second moments of the source and target domains.

In addition to explicit moment-matching techniques, another technique known as Gradient
Reversal (GR) [62, 63] has emerged as a powerful paradigm for deep domain adaptation, serving
a fundamental role in many deep domain adaptation systems [17, 32,97]. GR has even been
used effectively for problems completely outside the scope of computer vision, such as machine
translation [20]. In the GR setting, a deep network is given an additional discriminator branch that
uses deep features to classify samples as originating from either the source or the target domain.
The network concurrently trains a feature extractor to fool the discriminator by ipping the sign

of the gradient of the discriminator loss with respect to the feature extractor.

An alternative but closely-related deep domain adaptation paradigm uses adversarial learn-

ing to minimize domain shift [16, 96,196,197, 237]. These techniques are closely related to Gen-
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erative Adversarial Networks (GANSs) [81] and also use a discriminator to push both feature dis-

tributions together.

Domain adaptation has also been used in computer vision for various text-related tasks.
For example, domain adaptation techniques have been used to identify fonts in images [257,258].
Domain adaptation has also been applied to problems involving natural language processing [37,

42,80], a eld related to OCR in its use of language modelling and sequential processing.

5.2.2 Optical Character Recognition

Optical Character Recognition (OCR) is the task of identifying a string of characters in an
image. Modern deep-learning-based approaches to OCR generally approach this using a system
that rst extracts features using a convolutional neural network (CNN) [123] and then extracts the
text in a subsequent decoder layer [213, 260]. In particular [260] uses the rst several layers of
the InceptionV3 architecture [227] to extract features which are then fed through an LSTM with a

special form of attention to produce a transcription.

Domain adaptation has also been exploited in the eld of sequential OCR. When the tar-
get domain consists of a large corpus such as books, the style and linguistic consistency can be
leveraged to ne tune a Gaussian based model under maximum likelihood or MAP criteria us-
ing Expectation-Maximization [198, 242]. This is also analogous to speaker adaptation using a
speaker-independent HMM model [67]. In more recent works [248, 279], style and content sepa-

ration have been effective in adapting digit recognition from MNIST to SVHN.

Finally, we note that while many of the image classi cation tasks discussed above demon-
strate their effectiveness on the MNIST [128] and SVHN [152] datasets, it is important to em-
phasize that while this task certainly falls into the category of OCR, it is much simpler than the
general task of sequential OCR. MNIST and SVHN both present a single digit at a time for clas-
si cation, whereas we are concerned with images in which a variable-length series of characters
must be identi ed and classi ed in the correct order. For this reason, it is not trivial to directly
apply the domain adaptation techniques discussed above to the task of sequential OCR. For ex-
ample, the system on which we perform domain adaptation contains additional Recurrent Neural
Network (RNN) and attention components that are not present in any of the non-sequential OCR

architectures discussed above.
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5.3 Method

We seek to design a system that can transcribe real images in a language for which no real
labeled data exists. To do this, we approach the problem from two different sides simultaneously,
by using two different datasets to address the "style” and "content” of the images in the dataset.
Speci cally, we use unsupervised domain adaptation to transfer knowledge about content (the
language itself) learned from synthetic data while at the same time using a simple multi-task

learning scheme to make the system robust to the style of real images.

We differentiate between three sets of images available to us at training time. The rst set

of source imageXs. = fxfcixgc: :: :;xﬁccg is the "content” dataset, representing synthetic images

eachyi'SC is a sequence of integers in some alphabet For concreteness we will refer

as the Hebrew alphabet, since that is what we will use in our experiments, but our method could
hypothetically work for any language. Similarly, the second set of source imégesmnd labels

Y s, represent the style dataset; images and labels for real images of text in some other language
using a different alphabet which we denéte. Again, for concreteness, we'll reférs as French,

but any language, even one using different glyphs, is applicable to our method. We will be using

Xg. for domain adaptation ands, for multi-task training.

images inXt are photographs of text in the same language as those.in.e. text that useé\c
as its alphabet. A key feature in this setup is the assumption that the domain shift b&tardn
each ofS; andSsis not prohibitively large. That said&: andSs have very little in common with

each other, since they do not overlap in either style or content.

5.3.1 Base Architecture

We perform our experiments by extending the architecture introduced in [260]. At a high
level, this architecture consists of three components: a CNN feature exttactar Recurrent
Neural Network (RNN)G; that recurrently outputs characters by processing the extracted visual
features, and a spatial attention mechanism that guides the RNN component to look at salient

features, which for the purposes of our discussion we fold into the RNN nef&work

Following [260], we use the rst several layers of the Inception V3 CNN architecture [227]

for our visual feature extractdgs; everything up to the "Mixed5D” module. This mapping is
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fully convolutional, and we denote its output featuresfas G¢(X;qs), whereqs represents the

vector of parameters fag;. We denote the output of the RNN and spatial attention portions of

More precisely, to comput@, at a speci ¢ steft, we rst compute a spatial attention mask

a; over visual feature$, after which we compute a context vector

Upc = é. ati;j fiijic (5.1)
i

which is fed into the RNN as

% = WeG 1+ WU 1

(or;s) = RNNStef%; s 1)

(5.2)

wheres ando; denote the internal state and output of the RNN at tin@edc; 1 is a one-
hot encoding of the previous letter, either from the ground truth during training or as predicted

during inference.

Finally, we calculate the distribution over letters as

6 = softmaxWeor + W, Ut) (5.3)

and assign

Y = argmax(c): (5.4)

5.3.2 Style Adaptation

To learn the "style” of real imagery, we utilize a simple multi-task learning procedure,
training a single network which learns the tasks of transcribing synthetic Hebrew and real French
simultaneously. The end result is a system that is is signi cantly better at transcribing real Hebrew
images by implicitly exploiting the style overlap between the real French and Hebrew data. Specif-
ically, we train a singlé; to extract features from both synthetic Hebrew street sigh@ Xs.
and real French street sigr® 2 Xs,, as in Figure 5.3 (left). The output featurésre then fed

through two different Attention/RNN componenS;® and G, to produce two sets of outputs
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Figure 5.2: The baseline architecture, as described by Vétjak[260]. A feature extractoB; is
used to extract features, in this case fr&m These features are then fed into a decdglemhich
includes a spatial attention component.

train both sets of data separately according to their respective cross-entropy classi cation losses:

Le(XsiYs) =
#
Exeyx) (XgeiYs) igl'zaAc 1[j=yisc] |0937i%
- (5.5)
Lss(XssiYss) = |
#
2 o
Eossy®) (v & 8 Loy 10087
i=1j2As

In practice, we actually extend these losses to be autoregressive, as described in [224],

where we pass in the ground truth labels as history when we perform training.

In order to learn to label the French imagesXg, the system must learn to ignore the
realistic style of the French images and focus on the content. The realistic style of the French
images overlaps heavily with the style of the image&n and, as a result, we hypothesize that
the system also learns to ignore the realistic style of the target images, even as it learns the content

from the synthetic images Xs..

5.3.3 Content Adaptation

While the system described in Section 5.3.2 still learns the content of the Hebrew language

from the synthetic data, it does nothing to speci cally enforce the similarities bet@&eandT ; in
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Figure 5.3: (Left) The con guration of the network for multi-task training. The same feature
extractorG; is used to extract features from bdfy andSs. These features are then fed into
separate decode@T andG. (Right) We perform domain adaptation G¥ by aggregating the
intermediate RNN values and using gradient reversal on a domain classi er that selects between
S andT. We do not perform any adaptation with respec&deyond what the network learns
through multi-task training.

fact, it does not usé& at all during training. To address this, we use the techniques of unsupervised

domain adaptation to explicitly adapt the synthetic Hebrew data to the real.

Gradient Reversal

We seek to improve our performance in the target domain in part by directly training our
system to be robust to the domain shift between the synthetic and real Hebrew data. More speci -
cally, we wish to reduce the divergence between the features of the source and target distributions.
To this end Ben-Daviet al. [14] show that theH -divergence between a source dom3iand a

target domairm can be computed as

di(ST)=2 1 min[és(h) + ér (h)] (5.6)

whereH is the set of binary classi ers that assign 1 to samples in the source domain and
0 to samples in the target, agg(h) andér(h) are the empirical classi cation error on the source
and target domains, respectively. It therefore follows that we can minimize the disﬁa(ﬁé')

between domains by maximizing the error of all classi ers that distinguish between the domains.

Ganinet al. [63] achieve this goal with a technique known as gradient reversal (GR). Here,
training is framed as a saddle point problem, where the system is broken into three parts. Features
f are extracted using a feature extractor G¢(x;qs), and then fed into a task-speci c classi -

cation branctGy( f;qy) and a domain-discriminator branGy( f;qq). Gq attempts to classify the
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domain of any given sample as either source or target using the loss

|
La=  Q logGa(®+ & log(l Gy(x) (5.7)
X2 Xs X2 Xt

In essenc&y is a classi er belonging to the hypothesis classlescribed above.

We can then de ne an energy function

E(ds;0y;ad) = Ly(Xs;Ys) | Lqg(X;D) (5.8)

trade-off between the two losse; (S T) is then minimized at the saddle point

(qr;0y) = argqménE(qf;qy:ﬁd)
) oY o (5.9)
Qg = arg n;ff(qf;qy;qd):

Gradient reversal presents a simple way to optimize this saddle point problem using stochastic
gradient descent. To do this, a special Gradient Reversal Layer (GRL) is added b&waed

G4. On the forward pass of training, the GRL acts as an identity map, but on the reverse pass the
GRL multiplies its gradient by 1. This effectively replacegce with  {=¢, which as [63] show

is suf cient to achieve a saddle point of (5.8).

Adapting The Decoder

A naive way to to apply the techniques of gradient reversal to the architecture described in
Section 5.3.1 would be to tre@ the same we treate®, in Section 5.3.3: as a simple classi er
that acts on the features extracted®y. Informally, the intuition is that we would be adapting

the visual features to become robust to the change in style between real and synthetic.

However, we explored multiple architectures using this approach, and we experimentally
found that the main bene t of domain adaptation is in its ability to improve understanding of the
content, and less so in its ability to build robustness to the style. Under this hypothesis, it makes

more sense to perform domain adaptation in the RNN portion of the network, where the language
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structure is processed.

Thus, we introduce a method that directly adapts the RNN components of the system, which
we illustrate in Figure 5.3. Speci cally, we leav®, unchanged, but for each RNN stepve

introduce a new value

V= GRL(mtaxst) (5.10)

We experimentally found that it was essential to aggregate the RNN output using maxi-
mization, as averaging or using a softmax attention-based aggregation did not result in a system

that performed better than the baseline.

We then use a domain-discriminat®g on the output, which we calculate as

W= Wg,reluWg, v+ g,) + ba, (5.11)

~

d = softmaxWy,w):
We can then de né.4 as it was de ned in Equation 5.7, and our nal loss becomes

E(Qf;0r;00) = Lee(Xs:Ys) | La(X;D): (5.12)

This modi cation is essential for success once data fi@nis added to the system, since
it performs adaptation on a portion of the network that is not directly enhanced by the additional

data.

When combined with multi-task learning, our nal energy function becomes

E(qr;0%;0,C;0q) =

I—SS(XSs;YSS)"' LSC(XS;;YSC) | Ld(X;D)Z

(5.13)

During each step of training, we optimize all three components of this loss in a single batch.

61



Trained on: SYynHSNS FSNS HSNE SynHSNS Acc. FSNS AckSNS Acc.
FSNS Baseline X N/A 64.34% N/A
Baseline X 94.68% N/A 18.49%
Fine-Tuning X X 89.81% 64.34% 29.56%
Multi-Task Training (MT) X X 94.68% 64.26% 36.54%
Domain Adaptation (DA) X X 93.57% N/A 38.64%
DA + MT X X X 91.47% 63.39% | 50.16%

Table 5.1: Full-sequence accuracy on the test data of each dataset for the various systems we
discuss in this paper. Check marks indicate which datasets were available during training for each
experiment. The most important accuracy results are those of HSNS, the target dataset for our
system. We also report performance on the SynHSNS and FSNS datasets, though we note that
optimizing performance on these datasets is not the goal of our system. Still, results indicate our
system does not completely destroy performance on these secondary tasks, a fact which may be
useful in building a more general system.

The complete architecture with all components and unsupervised domain adaptation applied to the
decoder is illustrated in Figure 5.3. When training, we luse 0:5, a value which we determined

experimentally.

5.4 Experiments

The setup we suggest is both unique and highly speci ¢, so in order to properly evaluate it
we introduce two new datasets containing real and synthetic images of Hebrew street name signs.
Used in conjunction with the existing FSNS street name dataset, we illustrate the effectiveness
of both our domain adaptation technique and a simple multi-task learning approach. We then
demonstrate that using both techniques together preforms better than using only a single technique,

and provide a detailed empirical analysis of our results.

Following [260], the metric which we report for all of the following techniques is full
sequence accuracy, wherein a sample is considered correctly classi ed only if every character is

predicted correctly.

Unfortunately, in the absence of an alternate yet reliable means of performing hyperparam-
eter optimization, we follow [17] and perform out experiments directly on a small set of validation
data. We understand that this is not optimal, as the argument can be made that any labeled data
available at training time should be used during training, and we therefore hope that in the fu-
ture the research community will present an alternative means for validation in the unsupervised

domain adaptation scenario. For now, we leave the development of such a metric to future work.
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