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Abstract

This dissertation includes a detailed study of video predictive understanding, an emerging
perspective on video-based computer vision research. This direction explores machine vision
techniques to fill in missing spatiotemporal information in videos (e.g., predict the future),
which is of great importance for understanding real world dynamics and benefits many ap-
plications. We investigate this direction with depth and breadth. Four emerging areas are
considered and improved by our efforts: early action recognition, future activity prediction,
trajectory prediction and procedure planning. For each, our research presents innovative solu-
tions based on machine learning techniques (deep learning in particular) and meanwhile pays
special attention to their interpretability, multi-modality and efficiency, which we consider as
critical for next-generation Artificial Intelligence (Al). Finally, we conclude this dissertation

by discussing current shortcomings as well as future directions.
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Chapter 1

Introduction

1.1 Motivation

This dissertation examines a topic that has received increased attention in recent years, video
understanding. The fact that spatiotemporal video input data contains richer information
than its static, single image counterpart (e.g., zero motion) makes it appealing. Many con-
fusing problems in a static world become much easier to handle in videos, e.g., the difference
between sitting down on and standing up from the same chair becomes much clearer, as the
upward and downward motion stand in stark contrast to each other. Video data provides a fresh
visual outlook on how events might develop as time goes on, and it is a more revealing infor-
mation source, considering that our world is highly dynamic and never stops changing. Video
understanding research largely can be categorized, into three subareas, namely recognition,
motion analysis and predictive modeling, as outlined in Figure 1.1. The focus of this disser-
tation is on prediction; however, to set the stage, the next three paragraphs briefly introduces

each of the three sub-areas in turn.

To help machine vision gain insightful understanding on world dynamics, great effort has
been spent on video-based recognition. Some representative tasks include: Action recogni-
tion [48, 47, 237), dynamic texture recognition [75, 76, 38], activity boundary segmentation
(localization) [196] and event detection [46]. The former two target labeling the categories
of actions or dynamic textures across entire videos, without localization, whereas the latter

two focus on estimating and/or grounding frame-wise recognition. Indeed, recognition is
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Figure 1.1: Taxonomy of video understanding.

fundamental in interpreting a viewed scene and studying these tasks often leads to a good

representation of information captured in a video.

Another perspective views video data as a collection of moving objects, e.g., walking
pedestrians, running athletes and driving vehicles, where locomotions are captured by pixel
displacements in image sequences. Thereby, motion analysis is of great interest, including
consideration of both certain visual regions (e.g., objects) as well as intrinsic parameters of
motion-capturing devices (e.g., camera egomotion estimation [270]). Related vision tasks in-
clude visual odometry estimation [157], tracking [255, 19] and optical flow estimation [218].
The outputs from such analyses are found valuable to other areas, e.g., modern action recog-
nition work has observed huge success from taking optical flow and/or trajectories as compo-

nents of their input (e.g., in addition to raw frames) [98].

Different from the approaches just outlined, in this dissertation, we approach video un-
derstanding from a predictive perspective, which studies inferring unseen information from
some observed videos. Videos often have smooth flow of information and are semantically
consistent. For example: Soccer plays may proceed by player running, kicking the ball and
scoring a goal; it is neither acceptable to perform the actions in the opposite order nor to skip
the middle step. This temporal coherence is an inherent attribute of typical video activity
events and could be of great value in its own interpretation, e.g., deducing missing parts of

videos from the extant.

Modelling the predictive nature of videos can bring substantial understanding of the viewed

world. As an example, an automatic action prediction model mounted on surveillance cameras
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Figure 1.2: Illustration of three types of video predictive understanding.

can help foresee the next step of pedestrians in traffic intersections — a technique that is much
needed for safe travelling and anomaly detection. Conversely, humans also can deduce the
beginning part of video content after first observing the end, such as hypothesizing a player
driving past a defender given a dunk on a basketball court. Moreover, given the start and end,
planning the intermediate content is typical in our lives, e.g., conceptualizing a plan to make a
pepperoni pizza (end) out of a stack of ingredients (start). These three examples correspond to
three types of temporal deduction, i.e., forward-extrapolation, backward-extrapolation and
interpolation; see Figure 1.2. To equal or exceed human visual abilities, artificial intelligence

(AI) research needs to study them in video-based computer vision.

In recent academic research, understanding videos from the predictive modelling perspec-
tive has been investigated along several lines. Some representative examples include: (1)
video pixel prediction that inputs the past image observations and outputs the unobserved fu-
ture pixels (e.g., images) [125, 251], (2) video segmentation prediction that produces scene
segmentation of the next few unseen seconds [148], (3) future visual representation/semantic
prediction, which can be used for future action/activity anticipations or self-supervised rep-
resentation learning [232, 205, 266], (4) streaming perception that concerns reducing latency
time of online video processing algorithms (i.e., video-based online object detection for au-
tonomous vehicles) [134], (5) human pedestrian trajectory (e.g., 2D coordinates) or motion
(e.g., body key-points) future prediction [72, 179, 88, 198, 268] and (6) procedure planning in
instructional videos that studies how to plan multi-step solutions for daily tasks via watching

videos [25, 13, 265]. All theses efforts have applied either the extrapolation or the interpola-



tion idea within their domains, and they all ask the same core question: How can one deduce

a part of video (mostly future parts) from other extant parts?

1.2 Contributions

In this dissertation, we investigate video predictive understanding with a depth and breadth.
Our study considers the following four emerging areas: early action recognition, future ac-
tivity prediction, video trajectory prediction and procedural planning in instructional videos.
For each, we have made novel technical contributions and improvements on performance com-

pared to the previous state of the art.

1. Early action recognition, which studies recognizing actions using only limited frames
from the beginning of videos, is an exemplar application of the aforementioned future vi-
sual representation prediction (i.e., example (3) in Section 1.1). For this task, we inves-
tigate classical sequential modelling techniques for visual feature propagation and present
a learnable Kalman filtering model with the following three key characteristics. First, it
makes use of video feature residuals across time, which allows for a compact representation
that reduces redundancy while retaining essential information. Second, it extends a recur-
rent neural network (RNN) with adaptive schedule sampling (Kalman gain) to extrapolate
the feature residuals forward in image spacetime, which effectively assimilates new observa-
tions and is more stable in training than a standard RNN. Third, our system admits to de-
tailed interpretability, instead of being a black-box. We demonstrate the superiority of our
model compared to alternatives by achieving state-of-the-art accuracy on three public bench-
marks as well as a unified model for various prediction horizons. Our approach to early ac-
tion recognition has appeared previously [266]. Our code and data are publicly available at

https://github.com/JoeHEZHAO/Spatiotemporal-Residual-Propagation.

2. Future activity prediction in long-term videos focuses on predicting not just the cur-
rent action at the earliest possible time, but rather on predicting a subsequent sequence of
actions from initial observations. This research direction can be categorized as future seman-
tic prediction (i.e., example (3) in Section 1.1). Here, our work concentrates on modelling
uncertainty. Existing models lack diversity in their predictions: Indeed, many are designed to

be deterministic. In the real world, however, the same initial actions can very possibly lead



to diverse outcomes. Take kitchen cooking scenarios as an example: Many things can follow
washing vegetables, such as cutting vegetables, put vegetables to pot, etc. The difficulty for
learning resides in the fact that there typically are no multiple outcome labels intentionally an-
notated for this purpose; therefore, each iteration of parameter update (e.g., stochastic gradient
descent [66]) will only push the model toward one ground truth. In response to this challenge,
we adopt the recent advance of deep generative networks that can encode uncertainty with
random latent codes. Furthermore, we observe that previous approaches have difficulty cap-
turing diverse modes, i.e., models tend to ignore the variants in the latent code and downgrade
to a deterministic model. We solve this matter with an efficient latent code regularizer that
promotes diversity in a non-trivial fashion. Again, we demonstrate high quality results over
multiple datasets. Our approach to future activity prediction has appeared previously [268].

Our code and data are publicly available at https://github. com/JoeHEZHAQ/DAA.

3. For the video trajectory prediction work, where researchers are interested in forecasting
the trajectories of human pedestrians in future frames (i.e., example (5) in Section 1.1), we
switch to the study of predictive modelling from the interpolation perspective, with a special
attention on data efficiency. Rather than directly predicting future pedestrian trajectories, our
work targets bridging the initially observed trajectories and the final goal positions, which es-
sentially is interpolation. The key question is how to obtain such goals. A non-parametric goal
searching method is presented in our work, which requires zero learning and no extra param-
eters. The entire search procedure can be done through the training set, which needs no extra
efforts on data augmentation and can run with GPU acceleration for real-time inference. New
state-of-the-art results on video-based pedestrian trajectory predication are witnessed from
our approach. Our approach to video trajectory prediction has appeared previously [267]. Our

code and data are publicly available at https://github.com/JoeHEZHAO/expert_traj.

4. Finally, for the procedure planning task, we also study interpolation but with instruc-
tional videos. This task tackles filling in the missing transitional actions given the start and
goal observations (i.e., example (6) in Section 1.1). The question we answer is how to make
a plan containing several procedural steps connect start and end image observations. Here,
the instructional videos can vary widely, e.g., across cooking, carpentry and car repair. There
are three parts to this problem. The first is finding an expressive sequential model for proce-
dure inpainting and the second is learning efficiency. Instructional videos are minutes long,

and thus providing detailed annotations for each training sequence is human labor intensive.



Yet, model training needs good annotations. We tackle the first problem using transformers,
a “one-shot" attention model that runs in parallel for every time step. Especially, we aug-
ment the vanilla transformer with external memory slots shared across all layers for better
accuracy. For the second problem, we reduce the amount of visual annotations using natural
language supervision. The label descriptions coming freely with many datasets can be viewed
as language information and can provide useful supervision. The third problem is uncertainty
modelling. Similar to future activity prediction, there typically are several different proce-
dures that can bridge initial and goal observations. For example, given the initial observation
of some produce items (e.g., lettuce, tomatoes, etc.) and the final/goal observation of a salad,
there are many ways in which one might slice, dice and otherwise combine the ingredients.
We use the same technique adopted in future activity prediction, i.e., generative modeling
with diversity regularization, to handle this matter. Once again, empirical results demonstrate
the superiority of our approach to currently available alternatives. Our approach to proce-
dural planning has appeared previously [265]. Our code and data are publicly available at
https://github.com/Samsunglabs/procedure-planning.

1.3 Dissertation Outline

We organize the content of this dissertation in the following fashion. This first chapter has
served to place video prediction in the larger context of video understanding as well as to in-
troduce our major contributions. Subsequent chapters will present our contributions in detail,
in the same order as introduced above: Chapter 2 presents early action recognition; Chapter 3
presents future activity prediction; Chapter 4 presents trajectory prediction; Chapter 5 presents
procedure planning. In each chapter, we introduce motivations and problem definition, review
extant approaches (including discussions of pros and cons), introduce our novel contributions
and finally show results of empirical evaluation. In the final chapter, we summarize our tech-

nical findings, societal implications and provide outlines of several future directions.



Chapter 2

Interpretable early action recognition

2.1 Motivation

Action recognition has received much research effort in the past decade [98, 108]. A recent
trend has been to focus on the ability to recognize an action as early as possible, i.e., before the
execution has entirely finished [111, 192]. In this dissertation, this approach is called early
action recognition. Why is this problem considered important? The reason can be easily seen
when having video action recognition models as real-world deployable systems: Full action
executions take elongated time spans and running the recognition algorithm after the action
is completed would naturally lose the capability to (pre)react in real-time, which, however,
in many conditions is essential. Figure 2.1 provides three applicable examples. One working
scenario is using recognition models on edge devices that suffer from limited computational
resources, such as CPU-only smart phones. Early recognition equals to using only small
amounts of initial frames, which is much favored. Also, it can be a valuable asset to interactive
environments, such as human-robot interactions and self-driving cars, where fast response is
needed for real-time processing. Another applicable situation is traffic scenes, where harmful

behaviors, e.g., running across the red light, needs to be recognized as early as possible.

Problem definition. Following early work on this topic (e,g., [111]), the task is formally
defined and evaluated in terms of observation ratio, i.e., the ratio of the observed frames on
which recognition is based to the total number of frames in a video of interest, with the goal

being recognition at smaller ratios. More precisely, a full video, y;.7, is divided uniformly
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Figure 2.1: Representative applications of early action recognition. Sub-figures (a)-(b) depict
the use of early action recognition on reducing the computational budget of portable devices
(e.g., mobile phones typically lack GPU and memory space to process elongated videos) and
on diminishing the response gap for fast feedback systems (e.g., human-robot interactions
and self-driving vehicles). Sub-figure (c) illustrates the application for early recognition of

pedestrian behaviors at traffic intersections.

into K segments
K
T T
yl:T:zk:y[g(k—l)*'l,?(k)], (2.1)

where £ = 1,..., K is the index of the segment, / is the number of segments and 7" is the
number of video frames. The length of each segment is 7'/ K and a partial observed video

sequence can be described as y/[1, % (k)]. Following existing work, the number of segments,

k

K, is set to 10 and the observation ratio is defined as the ratio of & to K, ie., p = %, €

[0.1,...,1] and performance is evaluated on recognition accuracy as a function of p.

This direction of research holds a basic assumption: The full action sequence supports
superior recognition compared to observation of only an initial segment; otherwise, the prob-
lem is uninteresting. This assumption was validated by the original definer of the problem
[192]. Experiments were conducted that evaluated recognition algorithms on various partial
action clip segments (i.e., y1.4,t € (1,...,7)) and demonstrated that insufficient observations
in action temporal scope resulted in much inferior recognition accuracy. Nevertheless, results

were promising enough to motivate pursuit of early action recognition as a research topic.
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Figure 2.2: Summary of related work on early action recognition. Existing approaches can
be grouped into three sub-categories. They are direct inference at the top row, knowledge

distillation at the middle row and feature propagation at the bottom row.

2.2 Related work

In the last decade, researchers have approached the task of early action recognition from var-
ious perspectives and we group them into three major divisions (Figure 2.2): (1) Directly
infer the the ground-truth labels of full observations from partial observations; (2) distilling
knowledge from full observations into partial observations prior to making inferences; (3)
propagating the partial observations into the future along the temporal axis and then mak-
ing inferences on both the initial and extrapolated information. In the following sections, we

review all recent research according to these divisions.

2.2.1 Direct inference

Early on, researchers believed that a partial observation of an action video provides sufficient
information in and of itself to define the appropriate overall action class regardless of the
unobserved clip portions. What appears to be the first work [192] made use of sequential fea-
ture matching with Integral Bag-of-Word (IBoW) representations [207]. The intuition being
that the feature distributions of partial and complete action clips should be statistically similar.
They initially extract spatiotemporal Interest Point features (STIP [123]) from training videos,
re-organize them into visual word histograms (IBoW) and use them as matching templates.
After that, a Gaussian kernel is used to generate a probability score representing the likelihood
between partial and whole observations. Finally, the selected class label is that of the full ac-

tion that produces the largest likelihood. Similar work improved the feature representation as



well as selection with sparse coding but shared the overall structure [20].

While the IBoW approach supports fast inference and is learning free, it operates under
two restrictive assumptions. First, the feature extractor, STIP, yields an appearance based
feature descriptor (indeed STIP comes from spacetime Harris-corner detection [80]), which is
sensitive to view changes, illumination and other nuisance details of image acquisition. Thus,
targets from the same action category are assumed to be similar in appearance. Second, the
scheme to matching feature histograms between partial and full actions is not always practical
since actions can evolve dramatically, to the extent that the beginning appears totally unlike

the ending.

Subsequent work following essentially the same framework improved on the original by
employing stronger features as well as more sophisticated machine learning-based classifiers
[122]. As an example, the feature representation was enhanced by merging motion descrip-
tors (iDT) with appearance descriptors (HOG) [33, 235]. Others focused on extracting fea-
tures from hierarchical temporal scales and assign labels using Support Vector Machines
(SVMs) [29] that were trained on features collected across the hierarchy to make the deci-

sion jointly [122].

Some contemporary work tried using fine-grained information (e.g., actor regions), rather
than the whole scene, for this task. They thought that actions can only associate with behaviors
of human actors (i.e., bounding box coordinates of detected actors). One such effort made use
of object/human detectors pretrained on extensive datasets (e.g., SSD [144]). They proposed
to jointly perform action localization as well as early action recognition [206]. Furthermore,
some work felt human active regions are still very coarse; they suggested using human body
structure (i.e., key-points) and selecting the salient body features for early action recognition,
with a reinforcement learning policy function [164] for performing the selection [27]. Along
similar lines, research using 3D body skeleton analysis for early action recognition has focused
on adaptively selecting the best historical information window for predictions in a data-driven
fashion [141]. Besides actor-centric methods, a recent effort has instead considered object-

centric human actions (e.g., fetching objects or moving something to somewhere) [271]

Relational modelling is proposed very recently for this task. Some work exploited spatial
relations of elements within a single frame [217]. The relation between multiple actors is mod-

eled as nodes and edges in a graph [200] and a Graph Neural Network (GNN) [78] is adopted
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to diffuse information among nodes. Following this direction, a multiscale spatiotemporal
graph based method further explores fine-grained human-to-human and human-to-object in-

teractions for this task [245].

Finally, some other work considers early action prediction as a special case of action recog-
nition in that only a few action clips that are easily distinguishable under full observations be-
come difficult when incomplete. To deal with such difficult cases, they equipped the regular

recognition framework with an extra memory module to log hard examples explicitly [109].

2.2.2 Knowledge distillation

Methods in the previous section mainly focus on reasoning about the future directly from the
past. The unobserved information remains negligible, except the overall action label being
used for training. Here, it is worth remembering that previous work has shown that full obser-
vation almost always excels over the partial and no one has forbidden the use of unobserved
information in training [192]. The more urgent question is how. Hereby, we discuss research
that attempts to lend power from unobserved data in training to either enrich the feature rep-

resentation of partial data or encourage the classifiers to recognize partial data with ease.

Initial work trained video segment classifiers that can align the temporal order of par-
tial observations to training data [111, 107]. They achieved this result by using a Structured
SVM (SSVM) [226]. More specifically, they evenly divided action videos into equal-length
segments, extracted features from each segment, integrated segments into one chunk, such
as Y.k, and trained SSVM classifiers according to the following constraints (without loss of

generality, two progress levels (K — 1, k) are given):

Oé;‘:_lwl (Y1:6-1,7) < agi/}l(yl:kaﬂf), (2.2)

where ¥ is the video segment feature accumulated from the very begining till the &, level,
x is the ground-truth label, o] is the score matrix for progress level k and 11 (yy.¢, ) is a joint
feature map that represents the spatiotemporal features of action label, x, given a partial video

y1.,- The authors assumed 10 progress levels, such that & € (1, 10).

The above formulation emphasized temporal label consistency: Besides assigning a cor-
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rect class label to given input videos, classifiers also need to capture the temporal evolutionary
order by monotonically increasing the score for segments across time (also seen in [85]). The
intuition coincides with daily human experience: As we see more, we should know better than
before. Some other work following a similar intuition used ranking loss [150], global human
intentions [193], temporal saliency [121] and poselet [178]. Finally, an effort focused on refin-
ing the classification confidence score at each time-step in an incremental manner [87]. That

work relied on an attention mechanism to provoke high confidence on early observations.

Besides SSVM based methods, another approach was proposed to infer complete future
features from partial observations [112]. Their work supposes that we have features of partial
observation, g(y.¢), and full observation, g(y;.7) (t € (1,...,T)), in the training stage, and

proposed to reconstruct the full from partial according to:

argmin ||g(y1.r, 0) — Wag(y1.e, 0)| %, (2.3)

)

where W is the feature transformation matrix and g(y, €) is the feature extraction function with
parameter 6. Then state-of-the-art 3D CNN video features (i.e., C3D [225]) were employed for

g and the transformation matrix, W, was learned through Stochastic Gradient Descent [66].

A more recent upgrade on this work [113] converts the deterministic feature transformation
process to a conditional generative process, with an adversarial loss [67] to promote realism.
Similarly, parallel work suggested transforming features into a low dimension binary code,
as seen in Hashing encoding theory [18], and operating the feature matching on the binary

encoded counterpart.

Very recently, neural network based knowledge distillation [84] has been applied to trans-
fer fully-observed information into partial observations [238]. Two neural networks were
employed: One acts as a teacher that gets access to full observations; the second acts as a stu-
dent with only partial access. The student’s representation is driven toward that of the teacher
by minimizing the Mean Square Error (MSE) between the latent features and the Maximum
Mean Discrepancy (MMD) between the predicted classification probabilities. Some follow
on efforts emphasized both the feature reconstruction consistency and semantic knowledge
consistency via integrating multiple loss functions (e.g., feature distance loss, adversarial loss
and classification loss) for a joint optimization [252, 234]. Indeed, it seems that the distance

metric plays a critical role in building the connection between video parts. Further, one recent
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work has found significant improvements via adopting the Jaccard similarity metric to learn

the transition between partial and full observations [50].

2.2.3 Feature propagation

Another way to exploit future information is by propagating the partial observation into the
future. Typically, this type of approach first extrapolates the visual representations along
the time-axis and then applies an existing classifier. Mathematically, propagation based ap-
proaches start from any incomplete input ¥;.;, assuming ¢ < 7', and produce the subsequent

information (Y41, Y142, - - -, y7); thus, they can be considered as temporal extrapolation.

An early exemplar of the propagation approach operated by working with relatively high-
level visual representations so that they can be readily processed by extant recognition tools
[233]. In practice, they formulated a deep regression network, consisting of multiple convolu-
tional and fully connected layers, to temporally regress the future high-level deep feature (i.e.,
fc7 activation output from AlexNet [201]) to improve the nonlinearity of predictions [205].
Yet other work upgraded the deep regression component with a Markov Decision Process
(MDP) as well as an RNNs [261], but shared the same intuition. Other work combined the
idea of feature propagation with a reinforcement reward function to encourage early recog-
nition [60]. Yet other work propagated both the RGB and motion (i.e., optical flow) features
from deep networks and adopted adversarial learning to boost the realism of their outputs [59].

Our work presented in the following section is closely related to this category.

2.3 Overall contribution: Learning to extrapolate features

With the background introduced in the previous section, here we present our research con-
tribution on early action recognition: A deep learning based Kalman filtering network that
propagates current states to the future. Our study provides solutions to the following techni-
cal difficulties: (1) compound error, where errors from first few predictions are carried along
to later stages, (2) definition of good features to propagate, given many feature representations
available, and (3) interpreting what has been learned in the devised Kalman filtering deep net-

works which are trained for extrapolating features. We will introduce the overall pipeline and
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elaborate how our work addresses these challenges in the sections below.

2.3.1 General pipeline

When consider propagating an observed video sample into the future, we revisit classic tech-
niques of sequential modelling (e.g., Kalman filter in state space models) as well as signal
processing (e.g., video residual compression). Especially, we study applying models on deep
feature representations. That means, rather than predict future frames per se, we instead pre-
dict intermediate layer features of a ConvNet trained for action recognition. Features at such
layers are of high dimensionality, and thus enjoy a level of abstraction from the raw data that
focuses on action relevant components, even while preserving spatial layout to capture rela-
tions between action components as well as scene context. For illustrative purposes, we use
the Temporal Segment Network (TSN) [237] for initial feature extraction and final classifica-
tion, because of its generally strong performance on action recognition [237]. While we use
the TSN features and classifier, our prediction framework does not rely on the specifics of that

approach and therefore should be more widely applicable to action prediction.

We decouple the prediction process into two steps: (1) feature residual propagation and
(2) reconstruction. Residual information can play an important role in processing redundant
data even while capturing subtle differences. MPEG-4 compression is a representative exam-
ple of such processing [223], as is more general coarse-to-fine motion estimation (e.g., [7]).
Moreover, recent work that exploits residual processing has considered optical-flow estimation
[177], image denoising [93], video artifact removal [146] and action recognition [242]. Here,
we advance the application of residual extraction and processing in the domain of ConvNet

features to yield a novel framework for action prediction.

To combat error accumulation, we need a method to instantly update wrong predictions
with correct observations. This procedure is often dubbed data association. Recent ap-
proaches to sequence generation prefer autoregressive architectures, which decompose multi-
step prediction into single-step prediction for training and apply the same model autoregres-
sively for testing. Owing to error accumulation, such approaches often lead to quality de-
generation as the sequence becomes longer. Current time-series optimization methods (e.g.,
BackPropagation Through Time (BPTT)) lack the ability to inject mid-stage supervision dur-

ing optimization; thus, errors in initial stages negatively impact the following results. To
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Figure 2.3: Overview of Proposed Feature Residual Propagation Approach to Action Pre-
diction. Intermediate layer ConvNet features are extracted from an initial set of input
frames; in the depicted example, these are given as [ Xy, X1, X 2]; subsequent frames (e.g.,
[ X413, ..., Xi17] are not seen by the system during testing (although they are during training)
and are shown here merely for context. Inital feature residuals, CNN Residuals, are extracted
via pointwise differencing of temporally adjacent feature maps. A generative model, Residual
Generator Network (RGN), then recursively estimates future residuals, P-Residuals. Predicted
features, P-Features, are recovered via addition of residuals to the initial reference feature map.
A Kalman Filter serves to minimize error accumulation across time. The Kalman Filter op-
erates across an entire video sequence during training, but only across the initially observed
partial sequence during testing. Final action classification (not shown in figure) is performed
with reference to both the initially observed and predicted features. Dotted lines represent
unobserved future information that is either inferred by our approach (i.e., P-Residuals) or

provided as training signals (i.e., real measurements).

avoid such scenarios, we incorporate a learnable Kalman filter design [97] into our approach,
cf. [30, 146]. To generate the final action label, the partially observed and propagated features
are concatenated together as input to pre-trained classifiers. An overview of our Kalman fea-
ture prediction process can be viewed in Figure 2.3 and technical details are provided starting

from Section 2.3.2.
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2.3.2 Feature residuals

Given a partially observed video with a set of frames X.;, let (mid-level) features extracted at
time ¢ be denoted as d; € RE>*W*H with C the number of feature channels, 1 the feature map
width and H the feature map height. Temporal feature residuals at time ¢ are then calculated

via pointwise differencing along each channel

nl,=df —dof, 2<t<k1<e<C (2.4)

c c’

where | indicates application to channel ¢, i.e., the value at spatial position (w, h) in channel ¢
at time ¢ — 1 is subtracted from the value at time ¢ and assigned to the residual, r; € REXWxH
at the same spatial position and channel. Owing to the differencing operation, the cardinality

of the set of calculated residuals, {r,.; }, is one less than the set of features, {d;.; }.

From the limited feature set {d;.;} and their residuals set {ry.;}, we seek to recover the
feature representation of {dy,1.x}. To achieve this result, we proceed in two steps. First,
we recursively generate feature residuals {r; 1.} via appeal to a feature Residual Generator
Network (RGN). Second, we sequentially add the residuals to the features that have been

observed or generated so far to reconstruct features into the future according to
dypr =di+r441, F<I<SK-1 (2.5)

In Figure 2.3, P-Residuals and P-Features are used to distinguish predicted residuals and fea-

tures, resp. In the next subsection, we define our feature residual generator.

2.3.3 Residual generator network using dynamic filter

Our Residual Generator Network (RGN) is schematized in Figure 2.4. At its core is a kernel
motion transformation, G. Given a set of stacked temporal observations, G produces a set of
kernels, {, }, that can be convolved with the most recent residual input to predict the next
(unobserved) result. We choose the kernel motion transformation because it has proven useful
in synthesis of future intensity frames [51, 183], can be applied with various kernel sizes,
n X n, to capture multiple motion scales and has lower complexity than its deep regression

counterpart [233].
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Figure 2.4: Temporal Extrapolation Residual Generator Network (RGN) for Predicting Next
Time Step Residual. Our model recursively generates motion kernels, K, using a ConvNet,
g, based on a short historical temporal window, m = 3, and performs transformations in
a convolutional fashion on the most recent residual. The newly generated residual joins the
ongoing prediction sequence until the end of the desired sequence. Subscripts n specify kernel
size (i.e., n x n). Convolutions on the residuals are performed on a channel-by-channel basis;

so, multiple kernels are depicted for each n.
We generate motion kernels for each channel, ¢, with multiple sizes, n X n, according to

K= G(roria, o T | T, -, T3 0f) | (2.6)

where G is a ConvNet with learnable parameters, 0/, that inputs residuals over its current ob-
servation window, m, but through its recurrent application depends on the entire history of
residuals and thereby follows the Markov-Chain conditional distribution. Each of these ker-
nels is normalized via the /s norm to avoid abnormal temporal changing, cf. [51]. The archi-
tecture of G is depicted in Figure 2.4, with implementation details provided in Section 2.4.1.
Subsequent to kernel generation, for each channel, ¢, we apply the kernels to the current resid-

ual r; and average the results to predict the next time step residual

(2.7)

c’

|
1“t+1‘c = NZKn ® 1y
n=1

where ® stands for convolution. Based on preliminary experiments we use N = 3, with
n € {3,5,7}.
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2.3.4 Revisiting Kalman filtering

Kalman filter. The Kalman filter was created as a combination of Bayesian filters and state
space functions [97, 43]. It models the dynamics between the system state (e.g., vehicle dy-
namic systems), h;, and the noisy measurement (e.g., GPS tracking signals), x;. Typically,
they are framed as conditional probability distributions that follow a Markov process, i.e.,
p(h|hy_1) and p(x;|h;). The classic Kalman filter needs as a prerequisite the state transi-
tion function, F, for p(h;|h;_;), and measurement emission function, H, for p(x;|h;). Once
decided, both functions, F and H, remain static throughout the filtering process. One easy
realization for both functions is the linear equation, e.g., x;,; = H x;,1 + q, with q the
noise. To associate with new-incoming data, the Kalman gain term, K;, is adopted to bal-
ance between new predictions and real, albeit noisy, measurements. Its value varies from 0
(high prediction error) to 1 (low prediction error), and is dynamically determined from the

{prediction, measurment} pair at each step.

Learnable Kalman filter. Our re-design of the Kalman filter differs with the aforementioned
prototype in several ways. (1) The Markov process functions, F and H, are modeled as neural
network modules, which can model more complicated transitions (i.e., more than just mod-
elling linear equations) and can be easily applied to high dimensional representations (i.e.,
raw RGB images, in general, and deep representations, in particular). (2) The state and mea-
surement variables, h, and x;, are simplified as deterministic variables, which are free from
Gaussian uncertainty constraints of the standard Kalman filter and can be easily determined
through the learning process. (3) The online corrective term, Kalman gain K, is modeled as
the output of a Long Short-Term Memory (LSTM) module [86], which considers the correla-
tion between prior predictions and measurements. Its memorizing and forgetting gate vectors

help capture the long-term temporal evolution of the Kalman gain.

The Kalman filter recursively estimates an internal state from a time series of measure-
ments via alternating Predict and Update steps along the temporal axis. In our case, the inter-
nal state corresponds to the features recovered from the predicted residuals according to (2.5),

while Predict is formulated as the RGN defined in Section 2.3.3 and Update is formulated as
df =d; +Tu(Z —d;), (2.8)

where d; is the updated posterior estimation, Z; is the real measurement at time ¢ (ground
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Figure 2.5: Depiction of Kalman update procedure. Prior estimation of feature (;lt_ is updated
with Kalman gain I';. The transition of I'; is modeled by a ConvNet with LSTM (I';-LSTM)
across time. At each time step, ['; corrects El[ with observed measurement Z; and produces

posterior d;” for next time step inference.

truth framewise feature), d, is the prior estimate, (2.5), and I'; is the Kalman Gain. We use
I' to denote our Kalman gain to distinguish it from the typical classical notation, K, used
with the standard definition. The Update step corrects the current prediction by balancing the

observed measurement, Z;, and prior estimate, d;’ , and the gain, I';, defined as
Ly =(Ziq — 51;1; 0.). (2.9)

In the classic definition, the Kalman gain is estimated from a ratio of the process and mea-
surement noise, both of which are pre-defined by prior knowledge of physical aspects of the
system being modelled (e.g., environmental factors, like air resistance). Such noise factors
can be considered as the source of prediction errors and are readily modelled under Gaussian

assumptions.

However, this design is not feasible in our work, as the size of the action states is too large,
i.e., every feature point is viewed as an individual state variable and the employed features are
large in size, (28,28,192). Further, it is difficult to obtain useful prior knowledge of errors
when using deep networks. Instead, we treat the Kalman gain as the output of a nonlinear
function, 1, of the difference between the real and predicted features, Z;_1) — d?;_l), which
naturally reflects the residual error. We realize ¢ as a ConvNet with an LSTM and learnable
parameters, 6., cf. [30]. The architecture is depicted in Figure 2.5, with details provided

in Section 2.4.1. To validate this design choice, in our empirical studies, Sec 2.4.3, we also
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conduct a complimentary experiment where rather than input the difference, Z;_1)— cfz;l), we

~

simply directly input both Z;_;) and da_l) without differencing, to the ConvNet and thereby

more poorly captured the desire for the update to be conditioned on the prediction error. This

former Kalman gain is named KF-2 and the later one KF in the following.

We explicitly incorporate the Kalman filter Update step into the training of the RGN,
where correction happens after the estimate of &[ is obtained, as depicted in Figure 2.5. The
corrected feature aj is subsequently used for ¢ + 1 prediction and loss computation there-
after. During training, the Kalman filter has access to true observations, Z; throughout the
video. In testing, however, the Kalman filter only has access to true observations up through
the final input partial observation, X}, and is only applied through that point, as detailed in
Section 2.3.1. We find that the instantaneous correction offered by the Kalman filter helps

stablize long-term inference, as documented in Section 2.5.3.

Learning Scheme. In our approach, there are two sets of trainable parameters, 6 and 0, that
are associated with the kernel motion generator, G, of the residual generative network and the

Kalman gain transition, v, resp.

Both sets of parameters are trained using backpropagation [66] to minimze loss objective
functions. We adopt a two stage training strategy that initially learns the ¢; values and sub-
sequently learns the 0. values, while also refining the ¢, values. We first train 6 because it
is more central to our overall approach in performing the essential prediction, rather than the
correction. This design choice conforms to the standard Kalman filter paradigm that presup-
poses a sensible transition module and a corrective module built on rational prior estimates
[97]. Nevertheless, ultimately the prediction and correction must work together; so, ¢ and 6,

are trained jointly in our second stage.

The parameters ¢, are optimized with respect to four losses. The first loss pertains to the

residuals

L5°(0f) = |lre = RGN (vy—1,T1—a, ..., Tr—mi 07)|[3, (2.10)

where m is the temporal window size. (In (2.10), note that G is embedded in RGN, but here
we suppress the recursive dependence on all previous residuals beyond the current observation

window that was given in (2.6) for the sake of compactness of notation.) The second loss
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pertains to the features

L3N 0r) = 1|Ze — A7 |3 = |Id; — (deoy + 14)][3. 211

As reported elsewhere [160, 229, 17], L, works under the Gaussian assumption that data is
draw from a single parameterized Gaussian distribution and thus produces blurry outcomes.
To counter this shortcoming, we include an additional two losses by applying the Gradient
Difference Loss [160], which emphasizes high frequency content, on both the features and

residuals to yield

res 0 A 0 ~
gl (05) = H%(rt—rt)||§+Ha—y(rt—rt)|’§ (2.12)
and
ea a q— a N
Ll 6 =15, (20— a0 ) 1B+ 11, (20 d0) I3 @.13)

where  and y indicate the horizontal and vertical image dimensions, respectively.

The overall objective function for G is defined as
g _ res feat res feat

with the \; scalar weighting factors specified in implementation details 2.4.1. Note that during

the first stage of training, the Kalman filter would not be operating, as it has yet to be trained.

After training the RGN parameters, 0/¢, the Kalman gain parameters, ¢, are trained, while
the 0y parameters values are refined to yield a joint optimization. Now, there are only two
losses, both pertaining to the features, d, because that is where the Kalman filter operates.
The losses are analagous to (2.11) and (2.13), except that they are calculated on the updated

posterior d;+ according to
L2(67.6.) = aLL!(d}0,,0.) + BLIG (A :65.6.). 2.15)

with o and 3 scalar weighting factors.
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2.3.5 Connection of Kalman filtering to RNNs

The centre of our contribution is a better alternative to classic Recurrent Neural Networks.
Inspired by one recent work that systematically studied deep Bayesian filtering [69], hereby
we provide further analysis on the subtle differences between our learnable Kalman filtering

and RNNs, and thereby shed light on the intuition behind our design.

Recall that the RNN formula for propagating arbitrary sequential hidden states, h,, is de-
fined as

hy = o(Wprhi1 + Wix, + by,), (2.16)

where ¢ is the activation function (e.g., ReLU), by, is the bias term added on the hidden state,
x; is the new input and finally two learning parameters, { Wy, W, }, serve to project the

previous hidden state, h;_;, together with the input, x;, to the current timestamp.

Similarly, such a formula in the language of Kalman filtering can be given as

ht = Wht_l + Kt(Xt - Vht_1>
= (W — KtV>ht,1 + KtXt
= Wi h;  + Wi x,, (2.17)

where W and V denote the vanilla state transition and measurement emission matrices, K;
is the Kalman gain, Wy, is the projection matrix for hidden states comprised of W, V and
K and Wy; is rewrite of K, for the sake of comparison to the RNN formulation. To further

facilitate comparison, also consider simplifying the RNN Equation 2.16 to become

h, = Wy h, 1 + Wyx,. (2.18)

Discussion. From Equation 2.17 and 2.18, it is seen that Kalman filtering and RNNs indeed
bear much resemblance: Future states will depend on the previous states and the incoming
measurement. Yet, they differ in the matrices that are responsible for transiting the hidden
states and balancing new input. More specifically, in RNNSs, once learning is done, the two
projecting matrices, { Wy, W;;, }, are fixed, whereas the same matrices of Kalman filtering,
{W!, W 1 change over time. The Kalman gain term, K, contributes to the temporal adap-

tive ability of Kalman filtering as it is inferred online. We believe that it is this key difference
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causing our approach to be more effective than the RNN counterparts, as observed in empirical

validation, Section 2.4.3.

2.3.6 Unified model for all observations ratios

Learning a separate model for each observation ratio is not applicable in the real world. To

overcome this difficulty, we design a unified training and testing strategy, as follows.

Training. The RGN begins by inputting the very first batch of residuals [r,,, r,,_1,. .., 2]
and recursively produces all the rest. In other words, our model is trained for predicting the

whole sequence from the same starting point, thereby entirely ignoring observation ratios.

Testing. Our testing also is invariant to observation ratio by switching modes of the Kalman
filter operation so that it only corrects the estimates while data observations are available
according to the observation ratio, p. For example, when p = 0.6, the proposed approach
still starts from the beginning observations and propagates to the end, but in two modes:
While the observation ratio is not yet reached, i.e., p € [0.1,0.6], we update predictions
via reference to the observed true data by using the Kalman filter update step, (2.8). After

entering p € [0.7,1.0], only prediction is performed, (2.7).

This procedure resembles tracking objects under a Kalman filter: When objects are ob-
served, the system corrects its estimated coordinates based on true observation measurements;
however, while objects are occluded, the system extrapolates possible locations based on “up-

to-now”’ system parameter values, i.e., only the prediction step is performed.

2.4 Empirical evaluation

2.4.1 Evaluation protocol

Datasets. To evaluate our approach, we choose three widely examined datasets, UCF101
[211], JHMDB21 [92] and BIT [110]. UCF101 consists of 13,320 videos of 101 action cat-
egories containing a wide range of activities (e.g., sports, music and others). JHMDB21, a

subset of HMDB [118], contains 928 videos of 21 realistic, nuanced human action categories
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(e.g., catching, throwing, picking). We use the provided RGB images rather than body joints
of JHMDB21. BIT consists of eight classes of human interactions, with 50 videos per class.
Different from the other datasets, BIT has similar behaviors of people in the initial stage of
different actions (e.g., they tend to be standing still) [113], which leads to challenges from

limited discriminatory information.

Protocols. For all datasets, we use their standard train/test splits: UCF101 and JHMDB21
come with multiple train/test splits and we average over the results in our reporting, unless
otherwise noted; BIT has a single train/test split, with the first 34 videos in each class for

training and the rest for testing.

We present action classification accuracy as a function of observation ratio, p, which is
the ratio of observed to total frames in a video, as used elsewhere [111]. Classification is
always based on the concatenation of features derived from the observed frames and those
that are predicted. For mid-layer features, which are the subject our propagation, we use the
intermediate output of two convolutional layers and two max-poolings € RZ*28*192 ynless
otherwise noted. This layer is selected because empirical comparison to others generally

yielded superior performance; see Section 2.4.4.

2.4.2 Implementation details

Classifiers. To examine the propagation module with minimal influence from other factors,
classifiers for chosen datasets are obtained beforehand. While a pretrained TSN model is
available for UCF101 [237], models for JHMDB21 and BIT are not available. To adapt the
TSN model to the JHMDB21 and BIT datasets, we append a simple two layer MLP classifier
consisting of two hidden layers to TSN pretrained for HMDB-RGB and UCF101-Flow. For
JHMDB?21, the two hidden layers have 32 and 21 activations. For BIT, the two hidden layers
have 64 and 8 activations. Softmax is used for final probability generation in all cases. During
the training process all pretrained weights are frozen. For training of weights added for adap-
tation to JHMDB21 and BIT, we randomly select three RGB samples or three optical flow
samples (each sample has 5 frames) from the videos and get video labels by segment consen-
sus. We employ a learning rate of 0.0001, batch size of 64, Stochastic Gradient Descent and

the Adam optimizer. Data augmentation is the same as for the original TSN [237].
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Network configurations. For the kernel generator of the RGN, G, stacked residuals are first
convolved with a 1 x 1 kernel that reduces the feature dimension. Then, two residual convolu-
tional blocks [81] with kernel size 3 x 3, bottleneck dimension 48 and stride of two are used to
capture temporal evolution. Subsequently, with batch and channel axis fixed, flattened spatial
features are individually processed with three fully-connected (FC) layers to produce 3 x 3,
5 x 5 and 7 x 7 kernels. So the shape of feature map is (28, 28, 192 xm)-(28, 28, 192)-(28,
28, 192)-(28, 28, 192)-(9, 192), (25, 192) and (49, 192), with m = 3 the empirically selected

temporal window size. Convolution is performed on each channel.

For Kalman Gain, [';, a set of convolutional layers with kernel size 3x3 and stride of two
are used to capture the covariance. Each layer is appended with a ReLU layer [63]. The
shape of feature map is (28, 28, 128)-(28, 28, 64)-(28, 28, 32)-(28, 28, 1). Subsequently, the
flattened feature is taken as input by I';-LSTM to produce Kalman gain, I, € R*", which then
is reshaped to I'; € R¥*", corresponding to feature map spatial dimensions. The size of the
hidden state of the LSTM is 784, the same size as the input feature. The gain is then applied
according to the update, (2.8).

Training. We train our model with four NIVDIA TITAN X GPUs, under PyTorch [3]. Train-
ing of the spatiotemporal feature residual generative network (RGN) employs the Adam op-
timizer and a learning rate 0.005 with 8; = 0.9 and 5 = 0.99 to minimize the loss, (2.14).
Empirically, we set A1, Ao, A3, Ay with ratios of 1:1:5:5, which places more emphasis on the
spatial gradient rather than raw mean square values. The batch size is set to 56. Following
initial training of the RGN, we fine-tune it together with the Kalman gain transition ConvNet
with LSTM, %), to minimze the loss (2.15). Mini-batch-Stochastic Gradient Descent is used
with a learning rate of 2¢~* and exponential decay of 1e~°. « and 3 are set empirically with

aratio of 1:5.

For training on UCF101, we sample 30 frames from each video and use the first three to
initialize our entire prediction system. For BIT and JHMDB21, we sample 25 frames from
each video and use the first three to initialize our system. The TSN architecture [237] serves to
provide feature extraction and classification. We apply our system to the RGB stream for JH-
MDB21, flow stream for BIT and both streams for UCF101. We make these choices following
typical state-of-the-art practice on JHMDB21 (e.g., RGB features previously yielded top per-
formance [194, 205]), BIT (e.g., flow features greatly outperform spatial features [110, 112])
and UCF101 (e.g., two-stream previously yielded top performance [113]).
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Once features are generated, no additional modifications to TSN are needed to yield action
labels. Generated features are inserted into the selected TSN mid-layer and processed up
through the network tower until the MLPs produce probability scores. Video level labeling is

gathered by averaging scores from each frame.

2.4.3 Comparisons to alternative approaches

UCF101. Figure 2.6 (a) shows comparative results for our algorithm RGN-KF-2 versus var-
ious alternatives on UCF101 as well as the variant of our approach, RGN-KF, where rather
than input the difference of the observed and predicted measurements to the gain calcula-
tion, (2.9), we more simply input the two measurements independently, as motivated in Sec-
tion 2.3.4. It is seen that both our approaches, RGN-KF-2 and RGN-KF, outperform all
others at all observation ratios, improving accuracy by ~3-4% on average. The performance
improvement is especially striking at lower observation ratios, e.g., p = 0.1, where we out-
perform the second best (AAPnet [113]) by 83.78% versus 59.85%. When being compared
with the simpler approach, RGN-KF, our final approach, RGN-KF-2, uniformly surpasses it
on low observation ratios, e.g., p € (0.1,0.2,0.3), with the largest improvement at p = 0.2
(i.e., 86.22% versus 85.16%). Beyond that, RGN-KF-2 performs equally well. Since the task
is early action recognition, improvements at the lowest observation ratios are of particular

interest.

Notably, AAPnet also builds on TSN backbone features; however, it apparently does so less
effectively than our approach does. There are likely two reasons for this state of affairs. First,
AAPnet is not trained exclusively for inferring action labels, but also for adversarial learning
on feature transformation, which might lessen its optimization for action prediction. Second,
AAPnet more radically modifies the TSN architecture in aggregating across all frames at a
given state of progress, which underlines the fact that our approach may be more adaptable to

various architectures as it has less impact on their native operations.

BIT. Figure 2.6 (b) shows comparative results for our algorithm versus various alternatives
on BIT. It is seen that our results are equal to or better than all others, except at the lowest
observation ratio, p = 0.1. For example, compared with AAPnet, our approach achieves
69.12% accuracy at p = 0.3, which is 4% higher. Notably, our RGN-KF-2 obtains non-trivial
improvements over RGN-KF on multiple lower ratios, e.g., p € (0.1,0.2,0.3). Particularly at
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p = 0.2, our final approach boosts the accuracy from 46.09% to 49.96%, which demonstrates
the solid benefit of explicitly modelling the Kalman gain from error signals, as given by, (2.9).
Again, improvements at lowest observation ratios are of particular interest for early action

recognition.

In interpreting the results on BIT it is important to recall that the beginning and ending
portions of the videos tend be very similar in appearance (e.g., two people standing facing one
another), so that the most discriminatory information largely is limited to the intermediate
portions. Correspondingly, there is a tendency for rapid performance rises after the initial
portion, which levels out in the final portion. In our case, a peak performance of 92.28% at
p = 0.7 increases that at the previous ratio by 4%, whereas AAPnet achieves no significant

increase (0.78%) at the same stage.

Given that we train a modified TSN architecture in adapting TSN to BIT (Section 2.4.1),
we compare how well that modified architecture works when forced to classify on just the ini-
tially provided frames without propagation into the future. These results are shown as Baseline
in Figure 2.6 (b). It is seen that by propagating into the future our approach exceeds the base-
line by large margins when p € [0.1, 0.4]. For higher observation ratios, as the discriminating
parts of the input videos become available to the baseline (as well as our full approach), per-

formance becomes on par.

JHMDB221. The standard reporting protocol on JHMDB21 is to report recognition accuracy
only when the initial 20% of the videos are observed, i.e., p = 0.2, which we show in Table 2.1.
It is seen that our algorithm once again is the top performer, e.g., RGN-KF-2 exceeding the
RBF-RNN by 6% and RGN-KF by 1%. We also provide a baseline comparison, where we
compare to classification made purely on the basis of adapting the TSN architecture to the
JHMDB21 dataset, analogous to the baseline comparison provided on BIT. Once again, it is
seen that our full propagation approach adds considerably to the performance of the baseline
alone. As there exists no previous approach that evaluate on all observation ratios, we provide
our version of such results in Figure 2.7. The baseline is from direct inference on partial
observations, without future predicting. Other variants shown in the figure are explained in
Table 2.2. It is seen that the residual processing together with the KF-2 design yields the best

performance.
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Figure 2.6: Action Prediction Results on the UCF101 and BIT Datasets at all Observation
Ratios p € [0.1, 1].
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Figure 2.7: Action Prediction Results on the JHMDB-21 Datasets at all Observation Ratios
p € [0.1,1].

2.4.4 Ablation studies

Temporal models. In this section, we examine the influence of different temporal modeling
approaches to feature propagation using JHMDB21, with ConvLSTM as an extra baseline, cf.
[249, 17]; see Table 2.2. For both scenarios, we find that propagation on residuals is superior
to propagation on raw features and the Kalman filter provides further benefits. Performance
of ConvLSTM is on par with our RGN approach applied to the original features without the
Kalman filter; however, for all other configurations our RGN approach performs better. Espe-
cially, our final version of the Kalman filter, KF-2, seems to benefit all used temporal models.
Overall, we find that our full approach to temporal modeling (mid-layer convolutional feature

residuals, RGN propagation and Kalman filtering) yields best performance.

Feature levels. We now examine the influence of different intermediate feature spaces on
prediction. We consider layers that yield feature maps of dimensions [56, 56, 64], [28, 28,
192], [14, 14, 512] and [7, 7, 1024], where [w, h, c] indicate the width, height and number of
channels, resp. Table 2.3 shows the results. For JHMDB21 and BIT, the [28, 28, 192] feature
stage almost always achieves best results. Moreover, deeper layers, [14, 14, 512] and [7, 7,

1024], are more useful than the shallower layer [56, 56, 64]. This pattern of results may be
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Method Accuracy (%)

ELSTM [194] 55
Within-class Loss [150] 33
DP-SVM [210] 5
S-SVM [210] 5
Where/What [209] 10
Context-fusion [90] 28
RBF-RNN [205] 73
RGN-KF [266] 78
RGN-KF-2 79
Baseline 74

Table 2.1: Action Prediction Results on JHMDB21. Following the standard protocol, accu-
racy results are shown only for the case where initial observations are limited to the first 20%

of frames, i.e., p = 0.2.

explained by the earliest layer not providing adequate abstraction from the raw input, while
the highest layers have lost too much distinguishing detail. Interestingly, for UCF101 differ-
ent feature stages have less impact on accuracy. This may be due to the fact that UCF101
is generally less difficult than the other datasets, as indicated by the fact that for any given
observation ratio, p, in Table 2.3 the results on UCF101 are always better than for the others;
correspondingly, the specifics of feature selection are less important. More generally, how-
ever, the results of Table 2.3 support our use of intermediate layer features, especially as the

prediction task becomes more difficult.

2.5 Interpretability

In this section, we provide interpretation of the various components of our approach to early
action recognition. We begin by investigating why mid-layer features are especially useful for
this task, as documented in the previous section. (More general interpretation of TSN features
is available elsewhere [237]). Subsequently, we provide detailed examination of the two major
learned components: 1) dynamically inferred motion kernels, { K, }, that propagate feature

residuals into the future; 2) the Kalman Gain, I', that updates sub-optimal prior estimates.
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Temporal Propagation Approach Accuracy (%)

ConvLSTM(3x3)-128-192-Org 71.1
ConvLSTM(3x3)-128-192-Org-KF 734
ConvLSTM(3x3)-128-192-Org-KF-2 74.3
ConvLSTM(3x3)-128-192-Res 76.8
ConvLSTM(3x3)-128-192-Res-KF 77.1
ConvLSTM(3x3)-128-192-Res-KF-2 773
RGN-Org 70.9
RGN-Org-KF 74.4
RGN-Org-KF-2 74.7
RGN-Res 77.4
RGN-Res-KF 78.3
RGN-Res-KF-2 79.0

Table 2.2: Accuracy results for different temporal propagation approaches on JHMDB21 split
1. Org denotes applying motion kernel transformation on original features, Res denotes resid-
ual propagation and KF* denotes inclusion of the Kalman filter. For ConvLSTM, (3x3), 128
& 192 represent kernel, hidden state & feature dimension, resp. Here KF indicates Kalman

gain calculated in a fashion of joint inputs, while KF-2 is their difference (2.9).

2.5.1 Intermediate layer features

To understand why intermediate layer features and their residuals are especially useful for

action prediction, we show comparative visualizations as well as associated statistics.

Figure 2.8 provides an example from the action baseball-swing. It is seen that the earliest
layer features concentrate on low-level information (e.g., lines and edges) that may be too
closely tied to a specific example, rather than the action class. In contrast, the latest layer
features tend to lose too much distinguishing detail (e.g., merely a blob in the vicinity of
the actor at the top-layer). Comparatively, the mid-layer features tend to concentrate on the
actor, but also delineate details of the actor’s parts. In comparing the raw features to their
residuals, it is seen that the residuals concentrate more on temporal changes, which are good

for propagating information that is especially useful for action prediction.

The provided visualization, Figure 2.8, suggests that the residuals provide a more sparse
(and hence compact) representation compared to the features per se. To quantify this obser-
vation, we define feature sparsity as the percentage of near-zero points (absolute value < 0.01)

versus total points. Figure 2.9 shows comparative results for original features and their resid-
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UCF-101 BIT JHMDB-21

observation ratio 0.1 0.2 0.3 0.8 0.1 0.2 0.3 0.8 0.2

56x56x64 83.16 85.03 87.92 92.10 3341 46.65 67.51 84.38 75.83
28x28x192 83.78 86.22 89.01 93.07 37.33 4996 69.12 88.82 79.00
14x14x576 83.29 85.46 88.19 93.06 36.62 48.70 68.19 87.50 77.63
Tx7x1024 80.51 84.94 88.17 92.77 36.12 49.22 67.61 87.50 77.42

Table 2.3: Prediction Accuracy (%) at Various Intermediate Feature Stages with RGN-KF-2,
Ordered by Decreasing Spatial Receptive Field Size. Observation ratio p € {0.1,0.2,0.3,0.8}
for UCF101 and BIT datasets. Set p = 0.2 for JHMDB21.

Conv, 56x56, Conv, 28x28,
64 192

Conv, 14x14, Conv, 7x7,
576 1024

Ny

"
.
)

Figure 2.8: Visualization of Features and Residuals. The example shows a sequence of frames
for the action baseball-swing along the left side. Feature maps extracted at various layers are

shown along the upper/bottom row, while their residuals are shown along the middle row.

uals. It is seen that the residuals have approximately five times the sparsity of the originals,

which quantitatively confirms the relative sparsity of the residuals.

Overall, both the visualizations and the quantitative analysis confirm that mid-layer feature
residuals are especially information laden for action prediction without unneccesary redun-

dancy.
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Figure 2.9: Sparsity Comparison of Features and Residuals. The top row shows frames from
a video of a kicking action. The bottom row shows sparsity as the ratio of near-zero value
points (absolute value < 0.01) to total points over time. On average, residual and original

feaure points are 65% and 14% sparse, resp.

2.5.2 Learned motion kernels

Convolutional spatial shifting. To understand what has been learned by the motion kernels,
we begin by visualizing them, as typically seen in deep network interpretation, cf. [259, 225,
48]; representative results are shown in Figure 2.10. In all the cases, it is seen that the learned
kernel has a high intensity value displaced from its center in the direction and magnitude
of the depicted motion. For example, in the top row the motion is mainly from the actor
stretching his arm towards the left by approximately one pixel, with additional minor motion
towards the top (denoted as white arrow). Correspondingly, the motion kernels have peak
value toward the left at approximately one pixel and also some smaller values in the top and
top-left. The other rows also show similar patterns of a displaced bright spot capturing the
motion direction. Moreover, not only is the motion direction captured, but also its magnitude:
For the largest motion (second row) the displacement in the largest kernel is displaced by
three pixels from the center, while the smaller kernels displace to the extent they can; for
the intermediate magnitude motion the displacement never goes beyond two pixels; for the
smallest displacements (top and bottom rows) the displacement is one pixel for all kernels.

Interestingly, learned kernels across all actions in all datasets tend to show similar patterns.
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Figure 2.10: Visualization of Learned Motion Kernels. Left-to-right: Input frames and sym-
bolized extracted features; learned kernels (3 x 3, 5 x 5, 7 x 7); ground-truth prediction target
frames that follow the inputs, with an overlaid vector showing the dominant motion direction.
Top-to-bottom are boxing, catching, lunges and opening bottle actions. Plots of the learned

kernels resemble unit impulses that capture the depicted motion.

Here, it is important to note that the motion kernels are computed on a per feature channel
basis and that different feature channels capture different components of the images: Some
channels are better matched to foreground actors or even actor parts, while others are better
matched to backgrounds. These different channels may therefore yield different motions and

our per channel learning automatically follows these various motions.

What is the significance of such learned kernels? An explanation can be had by recalling
that signal shifting via convolution is captured by operating on the signal with a unit impulse

that is shifted by the desired amount, i.e.,

g(t) ®6(t — At) = 6(t — At) @ g(t) = g(t — At), (2.19)

where J(-) denotes the unit impulse and g(-) denotes an arbitrary function [16]. In this light,

the learned kernels can be interpreted as (noisy) unit impulses that through convolution shift
the feature maps into the future according to the motion that has been observed in previous

frames.

To give more intuition, Figure 2.11 depicts the convolutional shifting operation with a

toy example: Moving a triangle within an image using convolution. In the left subfigure, we
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Figure 2.11: Illustration of spatial shifting via convolution using 2D unit impulse kernels.
The positions of the impulse signal (yellow block) specifies the movement directions (a) and
the displacement magnitude of the motion kernel specifies the movement stride (b). Optical
flow kernels, K9%', can be constructed from Histograms of Oriented Optical Flow (HOOF) to
propagate frames in a convolutional manner (Section 5.1.2) and thereby can be compared to
our learned motion kernels to verify that they are capturing observed motion through convo-

lution (c).

demonstrate that there are eight degrees of freedom in terms of motion directions for a 3 x 3
unit impulse kernels, i.e., the eight outer entries. Once applying the convolution with any
of them, the targeted triangle would be shifted accordingly by one pixel distance, or v/2 for
the diagonals. Arguably, the limited shifting stride can be a shortcoming for temporal feature
propagation, as it enforces a small motion assumption. In the middle subfigure, however, it is
shown that the shifting stride can be extended by expanding the size of motion kernels, i.e.,
moving by two or three pixel distance per operation with 5 X 5 and 7 x 7 kernels, respectively.
Thus, kernels with multiple scales are more flexible to capture motions that cross greater
distances and also support fine-grained orientations, e.g., 5 X 5 kernels can provide 16 more

directions. Our approach has adopted this multiscale scheme.

0 <||v(u,v)|| < 0.3 € No-Motion
0.3 <|[v(u,v)|| < V2 € K3OF
V2 <[lv(u,v)|| < 2v2 € KPF
W2 <||v(u,v)|| < 3v2 € KOF v

Figure 2.12: Discretization of flow magnitude for conversion to motion kernel format. Motion
kernels are divided into 0, 1, 2 or 3 rings, for no motion, 3 x 3,5 X 5 and 7 x 7 kernels, resp.,

with rings corresponding to flow magnitude.
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Motion kernels from optical flow. To further verify that the learned motion kernels are
capturing the observed motion, we compare them to optical flow estimated from the same
input frames. Apparently, no previous approach for comparing learned motion kernels with
optical flow has been proposed. In response, we proceed by building on the classic Histogram

of Oriented Optical Flow (HOQOF) [26, 145], with details as follows.

Let v(z,y) = (u(z,y),v(x,y)) be optical flow, where we use a standard estimator to
recover the flow [44]; although, that particular choice is not critical, i.e., any reliable optical
flow estimator could be used. Note that since we will be comparing to kernels that are learned
on a feature channel basis, the corresponding feature channels are used as input to the flow
estimator, rather than raw grey-level images. We define the flow magnitude, ||v(u,v)| =
Vu2 + 02, and direction, 6 = tan_l(ﬁ), in the usual way, where we suppress dependence on
(z,y) for compactness of notation. For conversion to the motion kernel format, we quantize
the flow magnitudes and directions across (, y) into histograms with bins that correspond to
the discrete kernel elements. The magnitude is quantized as shown in Figure 2.12. Note that
different rings are available for quantization depending on the kernel size: 3 x 3 kernels only
encompass the inner most ring; the 5 X 5 kernal encompasses both the inner most and middle
rings; the 7 x 7 kernel encompasses all three rings. Flow direction is discretized according
to an angular range for bin b, out of a total of B bins as —7 + 771’%1 <0< -5+ W%, where
1 < b < B and B is the number of orientations that can be captured by the outer ring of the
motion kernel (i.e., 8, 16 and 24 for motion magnitudes mapped to the inner, middle and outer
rings, respectively). Each bin of the histogram includes designated flow vectors weighted by
their magnitude, as in classic HOOF. Finally, the histograms are smoothed with a Gaussian
filter [145] and normalized to complete the conversion of optical flow to motion kernel format,

yielding K9F.

Match results. Figure 2.13 (a) illustrates our methodology for quantifying the comparison of
learned motion kernels, K, with ground-truth optical flow kernels, KSF , as defined in the
previous section. As specified in the figure, we take the inner product between the vectorized
versions of &, and K OF to quantify their match, with~denoting vectorization. Notice that
since both K,, and K9 are normalized by construction, their inner product is equal to their
cosine similarity, which tends to focus more on the correlation of shifting directions between
the learned motion kernels and the optical flow kernels. In the following, we present results

for all three datasets, JHMDB21, BIT and UCF101 as well as overall discussion as a series of
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Figure 2.13: (a) Pipeline for computing the match between learned motion kernels, K,,, and

optical flow kernels, K T? | for the entire prediction horizons on JHMDB21, in the deep feature
residual domain. (b) Box plots of match results across 192 feature channels. In each column,
the vertical extent of the box encompasses the interquartile range, the horizontal line in the
box indicates the median score and the whiskers extending above and below the box indicate

the 90" and 10" percentiles, resp.

questions and answers.

Results for JHMDB21 are shown in Figure 2.13 (b) for 10 timesteps that are sampled out
of all prediction horizons (i.e., 22 timesteps). It is seen that all three sets of learned kernels
can demonstrate high matches for the first 7 timesteps: 3 x 3 kernels have median match score
of ~0.8 with OF-kernels; 5 x 5 are at ~0.7; 7 x 7 are at ~0.6. Thereafter, the matches decline

along prediction horizons (e.g., beyond the 9 timestep, 3 x 3 kernels can only achieve 45%).

It also is notable that for the 15-7"" prediction timesteps, the 3 x 3 kernels achieve the
highest matches and the 7 x 7 kernels the lowest. It also is interesting to observe that the 3 x 3
kernels degenerate more remarkably than the other two when above the 9" prediction step.

We return to both of these observations below.

Similar patterns of correlation results for BIT and UCF101 are given in Figure 2.14. As
the BIT dataset includes mostly small actions (e.g., high-five, patting and handshaking) and
actors execute their actions smoothly, the match scores for the 3 x 3 kernels are generally
higher than the other two kernel sizes compared to that seen with JHMDB21. However, due
to BIT depending on stacked optical flow input, which naturally contains noise, its best match
value is still lower than JHMDB21. Notably, the variability of its 7 x 7 kernels are much larger
than those for JHMDB21, which likely is because the depicted slow actions do not yield large
displacements that would be relevant for the largest kernel. For the UCF101 dataset, the
results are not as well correlated as the others, i.e., the median match scores for all three sets

of kernels are lower (e.g., 0.56 at the Ist timestep). These results may arise because of the
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Figure 2.14: Box plots of correlation scores between learned kernels, K,,, and optical flow
kernels, K ,? F for the BIT (a) and the UCF101 (b) datasets.

greater complexity of the motions captured in UCF101, e.g., arising from real-world sports

video.

Are there performance differences by feature channel? Recall that the employed deep fea-
ture residual input to the motion kernels is a multi-channel tensor from the TSN middle stage,
i.e., intermediate feature with dimensions [28, 28, 192]. Our approach propagates each chan-
nel with a distinct set of kernels. Here, we visualize a few representative channels and examine
the match differences between them; see Figure 2.15. It is seen that certain feature channels,
e.g., eight and seventy, do well in capturing the actions (i.e., high feature map responses delin-
eating the actor), while other feature maps (e.g., 184), are mainly noise. Thus, their matches
differ greatly: Clean channels show reasonable match scores between the learned and ground-

truth kernels, whereas noisy channels show very low values throughout the predictions.

Is it necessary to use larger kernel sizes? From the 7 x 7 kernel plots in Figure 2.13(b),
it is seen that these kernels have relatively low correlation scores even at early timesteps,
which raises doubt regarding their usefulness. Those results aggregate across all frames and
actions. Examination of particular cases, however, shows the importance of larger kernels.
Figure 2.16 provides an illustrative comparison. The top row depicts a kicking action where the

execution leads to a relatively large displacement (i.e., half of its pixels exhibit flow magnitude
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Figure 2.15: Visualization of three distinctive feature channels (top). Plots of the averaged
matches of the learned 3x3 kernels for three selected channels across the test set (bottom).

The visual quality of feature channels reflects the match scores.

greater than two) and our learned 7 x 7 kernels have high valued impulses at the three pixel
displacement positions (the outermost ring). In the bottom row, however, the standing action
executes slowly and the learned kernels reject having high values at the outermost ring. By our
counting, 21% of deep feature residuals across the entire test set encompass flow magnitude

larger than two and these are captured best by the 7 x 7 kernels.

What are the failure modes of the learned motion kernels? Another observation from
Figure 2.13 (b) is that the 3 x 3 kernels tend to degenerate more severely at longer prediction
horizons than the other two, e.g., its correlation goes down to 0.4 when prediction horizon
reaches the 9" timestep and onward. To probe further, we show visualizations of a sequence
of learned and ground-truth 3 X 3 and 5 x 5 motion kernels; see Figure 2.17. It is seen
that the learned 3 x 3 kernels eventually degenerate to indicating no-motion (i.e., highest
response at the center position), whereas the learned 5 x 5 kernels continue capturing the
motion and thereby yield higher matches. This pattern is likely due to the depicted motion
being relatively large and the smaller kernel has limited ability to encompass the displacement
even at the beginning; this imitation is exacerbated as the shifts that it propagates lead to ever
less accurate predictions at longer horizons. Thus, we see that a failure mode of the approach

is capture of larger motions at longer horizons, especially as predicted by the small motion
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Figure 2.16: Plots of kernels for action videos whose deep feature residuals have flow magni-

tudes larger than 2 (top) and smaller than 2 (bottom).

kernels. This limitation is the major one that we have discovered.

Is easy-to-propagate equal to easy-to-predict? Our approach is based on the assumption that
propagation into the future would bring benefits, e.g., discovering the unobserved information.
To examine this assumption, we consider the relationship between accuracy improvement
versus mean feature propagation error on every action category. Results on JHMDB21 are
show in Figure 2.18. The lower left subfigure shows that when being compared with the simple
baseline approach (i.e., using only the first 20% of the video to predict the entire action without
any further processing, as discussed in 2.4.3), our approach, RGN, sees the most performance
improvement on the sit and picking actions, i.e., sit is improved from 33.4% to 58.3% accuracy
and picking is improved from 66.7% to 91.7% accuracy. The lower right subfigure shows a
plot of mean-square-error between propagated and ground-truth deep features. It is seen that
the smallest error arises for sit and pick features, showing that these actions are relatively
easy to propagate for our approach. These observations suggest that our success on action

prediction is from the effectiveness of our feature propagation.
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Figure 2.17: Visualization of failure modes of 3x3 and 5x5 kernels on a picking test action

video. Smaller learned kernels (upper part of figure) are less able to capture larger motions
than larger learned kernels (bottom part of figure), especially as the temporal horizon in-

creases.

Finally, visualizations of these most improved examples and their most frequently con-
fused categories are shown in the upper portion of Figure 2.18. It is seen that sit can be
easily confused with standing when looking only at the static image, as they both share the
same physical environments (e.g., chairs). Similarly, picking and climbing stairs share some
common subtle movements, e.g., lifting-up legs. Nevertheless, our system yields greatest ad-
vantage on these examples, suggesting that its approach to predicting the future yields gains

in discriminative power.

2.5.3 Learned Kalman gain

We now examine the learned Kalman gain by plotting its values across prediction horizons.

To place our results in context, we begin with a brief discussion of related work.

Injecting ground-truth mid-stage information into a recursive generation process has been
seen in various previous efforts to stabilize learning, e.g., scheduled sampling [12] and teacher
forcing [239]. Long-term sequences often suffer from error accumulation due to the poor

quality of intermediate results; therefore, these approaches use real midway data at scheduled
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Figure 2.18: (Top) Visual examples for action sit and climb stairs, along with their most con-
fused categories in red boxes). (Bottom) Early action recognition accuracy from our frame-

work and baseline approach, (a). Mean feature propagation error per action category, (b).

times to replace the undesired results. The Kalman filter update step serves similar purposes,
but does not simply replace some predictions with real measurements: Instead of completely
discarding the predictions, it corrects them proportionally to current estimates of prediction
quality according to the Kalman gain. Moreover, the update is continual, rather than simply

at predetermined schedule times.

In our approach, the Kalman gain is derived (i.e., learned) from the difference between
the prediction and measurement, (2.9), and maps to a value range (0, 1), with larger values
providing a larger update. By design, the gain update is continual and the question becomes
whether it follows the prediction and measurement difference, as desired. An example is
shown in Figure 2.19 showing an example of baseball swing. When the prediction reaches the
7th timestep, the propagated feature begins to degenerate (shown in red boxes) and meanwhile
the Kalman gain increases, indicating that the prior estimate is less reliable. After the update
at the 11*", timestep, the corrupt feature is corrected (shown in green box) and accordingly

the gain value returns to a lower vale, e.g., declining from 0.83 to 0.47.
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Figure 2.19: Illustration of learned Kalman gain values.

We further observe that for smooth actions, e.g., Figure 2.19, the Kalman gain starts with
small values and then smoothly increases to larger values until a major update is needed
and applied, after which it decreases. This behaviour follows the standard scheduled sam-
pling strategy [12], where the probability of using on-going predictions decays as timestep
increases, but in our case the update is continual and is driven directly by the current state of

the estimation, rather than a predefined schedule.

In contrast to the case of smooth motion, Figure 2.20 illustrates performance in more
complicated scenarios. Subfigure (a) depicts the situation where there is a sudden change in
the direction of motion at the very beginning of the propagation and the gain immediately goes
from high to low values. This behaviour relates to recent work that found reverse scheduled
sampling useful for video frame prediction training [243], but again our approach is adaptive to
the input. Subfigure (b) provides an even more complicated example (clapping) of multiple
changes in motion directions in short time periods and the behaviour of the Kalman gain,
which is seen to provide larger corrections when the direction of motion changes. These
examples illustrate that scheduling strategy should be adaptive for action videos, as there exists
quite diverse motion patterns, and our Kalman filter design fullfills the need in providing

updates when the motion direction changes and the prediction fails.
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Figure 2.20: Visualization of learned Kalman gain of RGN-KF-2 and RGN-KF on examples
from the JHMDB21 dataset.

In addition to the plots of our final Kalman gain shown in Figures 2.19 and 2.20 we also
show the values provided by the simpler approach to learning the gain, RGN-KF. As noted in
Section 2.3.4, the simpler approach was based on inputting both the prediction and observation
to the learning procedure, rather than their difference. It is seen that our final approach does
much better at providing corrections when most needed. In contrast, the simpler approach
provides uniformly high gain values, which will be prone to induce exposure bias when testing

[184].

Finally, we consider why the UCF101 dataset enjoys the least accuracy improvements us-
ing the new versus final Kalman gain formulation among the three datasets considered. We
illustrate with representative examples in Figure 2.21. It seems that certain action videos,
e.g., ShotPut, WallPushup and JumpingJack, have solid benefits and their Kalman gain val-
ues show a similar pattern as for JHMDB21 (Figures 2.19 and 2.20), i.e., the gain increases
only at particular timesteps to correct predictions and otherwise stays relatively low. In con-
trast, for the HighJump class, the gain remains uniformly high, likely due to the fact that
the videos in the class show continual dramatic changes across time, e.g., actors are missing

at the beginning of videos and scene backgrounds drift in a substantial way due to camera
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Figure 2.21: Visualization of changed early action recognition accuracies from RGN-KF-2
versus RGN-KF (in parentheses) on UCF101 at observation ratio p = 0.2 (left). Plots of

RGN-KF-2 gain at observation ratio p = 0.2 across time for all four classes (right).

motion. These changes make it necessary for RGN-KF-2 to update with high Kalman gain
across time, similar to what was seen for RGN-KF in Figures 2.19 and 2.20; therefore, the
two approaches yield similar accuracies. UCF101 tends to depict the most continual temporal
changes compared to the other datasets considered, which leads the gain, and therefore final
result, of the two approaches to be especially similar on this dataset. Indeed, cases where the
two Kalman formulations across all datasets yield similar performance typically arise when
the change within the videos is large and ongoing. Still, the final approach is important for
cases where updates are required less frequently (e.g., in the top three rows of Figure 2.21 as

well as Figures 2.19 and 2.20) and can thereby help avoid exposure bias, as discussed above.

2.6 Conclusion

In this chapter, we reviewed recent developments in early action recognition, introduced a
novel contribution along this line, i.e., a Kalman filtering inspired deep network that propa-
gates intermediate ConvNet feature residuals into the future, and deeply investigated what has
been learned by the presented model. Our study shows that incorporating classic temporal
modelling ideas with current trends (e.g., deep networks) is very beneficial, e.g., state-of-the-

art results for early action recognition on three public benchmarks. Moreover, our investiga-
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tions reveal that the learned components can be well understood with the basic knowledge of
convolution, e.g., convolution with shifted unit impulse as well as adaptive schedule sampling,

and thus bring an important perspective into deep network interpretability.

A number of limitations to the described approach can be noted. First, and foremost, the
current implementation practice (i.e., video data pre-processing) fails to support the problem
definition: The observation ratios, p, can be misaligned with the phase of action, which
breaks the validity of the study. For instance, it could happen that the first 30% of the video
contains the full execution of the associated action, which breaks the definition of “early”.
Notably, this limitation holds not just for the presented work, but also more generally for all
contemporary early action recognition studies. Second, even though major parts of our ap-
proach have been well interpreted, there are other components awaiting to be further analyzed,
e.g., the behavior of LSTM modules in the learned Kalman filtering, in particular. Third, there

is a need to extend current studies to unconstrained environments, e.g., untrimmed videos.
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Chapter 3

Future activity prediction

3.1 Motivation

Other than recognizing certain single actions at their early stage, another emerging topic has
caught researchers’ attention, that is long-term future activity prediction. It differs from the
previously discussed problem, early action recognition, in that its goal is to produce predic-
tions of subsequent future actions. As illustrated in Figure 3.1, the observed frames (as solid
boxes) and unobserved frames (as boundary-dotted boxes) in early recognition (bottom row)
share the same label, such as weight lifting, whereas in activity prediction (top row) the ob-

served and unobserved are often different yet logically related.

The ability to deduce possible future events from previous and current observations is
one of the core functionalities needed by contemporary intelligent systems. In the example
of automated traffic systems, i.e., artifical integellience guided vehicles, every driver needs
to be cautiously aware of surroundings and would benefit from smart prediction systems that
can tell the specific next action of in-coming vehicles (e.g., turning-right), to better plan its
own motion in response (e.g., slow-down or keep driving). Early action recognition does not
satisfy such a demand, as it simply predicts the completion of an in progress action and thereby
lacks sufficient prediction horizon to anticipate future actions. Exploring the plausible future
is well studied in other fields, e.g., weather forecasting [249] and stock price prediction [151].
In the computer vision community, however, researchers have only recently become heavily

active in exploring solutions.
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Figure 3.1: Illustration of the general dissimilarity between future activity prediction and early
action recognition. The latter (bottom row) aims to infer a class label for an ongoing action
from partial initial observations; the former (top row) aims to anticipate (strings of) future
actions from initial observations. Solid and dotted boxes symbolize observed and unobserved

portions of a video, respectively.

3.2 Related work

To examine future activity prediction in detail, we group existing research into three major
divisions: (1) activity singleton or sequence prediction, (2) joint prediction of activity se-
mantics and times and (3) egocentric video based prediction. The first division discusses the
most frequent setting for future action prediction: given the raw video frame observations,
Y1.t, and/or its action semantics, x1.;, produce the semantic label for actions that would hap-
pen afterward. The prediction can be either the immediate single following action, i.e., z;;1,
or a sequence of future actions, i.e., xy11..+,. Note that the prediction provides only action
semantics (e.g., labels); time of occurrence and duration are left ambiguous. The second di-
vision considers not just prediction of sequences of future actions, but also their times. The
last division tries to assist action forecastings in egocentric settings, where observed frames

are taken from first-person-view and thus mimic real life carry-on camera settings.

48



3.2.1 Activity singleton or sequence prediction

This section describes the general version of future action prediction, which is mapping the
video input, that often contains a sequence of observed actions, into its subsequent sequence

of actions. The length of the predicted sequence can vary from one to many.

Hereby, we formally define the problem according to one of the initial works in future ac-
tion prediction [23]. Let a sequence of observed video frames be given as 4y = (y1, 2, . . ., Us)

bs

and their corresponding frame-wise action labels be given as 2°° = (xy, z,...,2;). Note

obs

that the symbol x°® represents the ground-truth video level labels annotated through human
labor. However, in most studies, researchers estimate the action labels with existing methods,
rather than directly use the ground-truth video level labels. To clarify this nuance, we denote
the estimated action labels as 2°°°. Since actions can take large time spans, the frame-wise
action labels can be either repeating or idle (no activity performed). Our task is to produce
the future action semantics 2“"** = (4,1, 442, ...) that happen at unobserved time indices,
i.e.,, t +mn,n > 0. The set of future time indices of interest, N = (n,n+ 1,n +2,...), are

referred to as the prediction horizon. So in other words, the task is to seek a function, f, that

maps 3 — 2""°% with specified prediction horizon, V.

An initial research effort relied on a Various order Markov dependency Model (VMM) [132],
i.e., a generative model implemented as graph (or tree) structures, to model the temporal re-
lation among activity sequences, as shown in Figure 3.2 (a). The intuition is to use the depth
of trees to represent the temporal development of activities. To represent complex activity
sequence with action atoms (e.g., simple action units), these approaches advocate represent-
ing such information as a sequence of ordered discrete alphabet symbols (e.g., grammars) and
group them with n-gram representations. Work that relies on such structures for future activ-
ity parsing include [133, 173, 132, 77]. In the example of [132], the authors choose to build
a Probabilistic Suffix Tree (PST) for representing complex activity structures [132]. The PST
structure is learned from training data, with the pretrained tree providing the chained transi-
tion probabilty for each suffix. Thus, the inference of future actions can be viewed as finding

the most probable suffix leaf node given prefix node inputs, as seen in Figure 3.2 (b).

The obvious drawback of Markov based methods is that the length of prediction is pre-
defined in the training set. For example in [132], the height of the PST is decided during

training and thus the model can not be easily extended to undefined future lengths. More-
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Figure 3.2: (a) Example of representing an activity sequence as a tree graph [73]. The tem-
poral development is structured as tree nodes and leafs in a top-down fashion, where the top
stands for the start and bottom for the end. (b) A path through the tree yields a set of ordered
symbols, {A;}, that capture an entire action sequence. Figure reproduced with permission
from [132].

over, the n-gram representation of video activity is an over-simplified approach, as critical

information contained in image space is ignored (e.g., appearance of agents or objects).

Instead of using generative probabilistic models as above, a discriminative instance of
Markov Chains, Conditional Random Fields (CRFs) [119], has been suggested to combine
with particle filters for anticipating future human-object interactions [114]. This combination
enables a straightforward temporal extrapolation, as the particle filters are a type of recursive
Bayesian filter that can propagate into unlimited time and space. In particular, they jointly
modeled the future activity semantics with object affordances as well as movement trajecto-

ries.

The aforementioned approaches build predictive models on a structured high-level se-
mantic space, mostly for long-term activity predictions. In real life, however, scenarios exist
where the instantaneous (e.g., short-term) future needs to be predicted from raw video in-
put or even visual features. For example, pedestrians walking can happen in a wide range of
places and times. As another example, in surveillance camera settings, actors can enter the
field of view at times that obscure their previous actions, in which cases observing one’s full
activity sequence is impossible. To solve such problems, many researchers resort to a direct

mapping from °* to future actions.
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One early effort that followed this scheme proposed to rely on cues distilled from multiple
visual sources to predict the next driver maneuver [89]. Specifically, it collected information
from four information sources: (1) facial motion trajectories and head angles detected from
the driver-facing camera and feature tracking techniques, (2) speed logger from the vehicle
system, (3) outside context from the road-facing camera and (4) the GPS map. They fused
these four types of features with a novel HMM model where the maneuvers of drivers play
as the hidden variables, outside sensory as control units and inside sensory as observations.
However, since HMMs can not handle very high dimensional data, they converted most sen-
sory cues into binary features, e.g., if vehicle speed is larger than 15km/hr, set the feature flag
as 1 otherwise 0. To encourage more expressive features, e.g., 3D human head/facial models,
the authors made an upgrade on the sequential modelling module [90]. They replaced the
hidden Markov model (HMM) with a recurrent neural network (i.e., an LSTM) and modu-
lated four sensory channels with two individual RNNs. The final fusion was done by MLPs,

followed by softmax classifiers.

Similar work that focuses on single short-term (e.g., singleton) action prediction directly
from past raw video input appears in many sub-areas. One such effort proposed to lever-
age environment-agent interactions to anticipate the very next risky action as well as localize
future risk regions [260]. Another worked on anticipating traffic accidents from vehicle cam-
eras through stacking local detected object features and global context [221]. Yet other work
built a graph Convolutional Network (GCN) to model interactions between multiple agents
and contextual objects to forecast next future activities [140, 137, 138, 136]. Pedestrian
road-crossing intention prediction is another concrete example of action prediction in traffic
scenarios [179, 181, 180]. Again, in these efforts, past observations contain little or no useful
activity semantics, instead researchers found it helpful to mine cues from subtle details. As an
example, an effort on anticipating crossing of pedestrians fused human poses, human visual
representation extracted from deep networks, scene contextual information and vehicle speed,

with a RNN, to make predictions [181].

3.2.2 Joint prediction of activity and occurence time

Activity anticipation has drawn considerable recent attention and has evolved from relatively

simple next frame prediction to more challenging asynchronous sequences of activities and
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Figure 3.3: Predicting future activity labels and time durations. The left hand side depicts ini-
tial observed portions of a video from which semantic activities with their temporal duration
are extracted (box length indicates duration in the illustration). The right hand side shows sev-

eral possible predictions. Uncertainty is intrinsic to both future semantics and time duration.

times that occur further into the future [154, 156]. Indeed, the occurrence time is an impor-
tant attribute of activities, e.g., cutting meat often takes longer than open lid. The ability to
know how much time would it take to finish can be critical in applications like automated
navigation, human-computer interaction as well as for the intellectual challenges it presents.
All video-based action prediction work forecasts upcoming activities, here, the distinction is

that both the activities and their times are predicted. An example is provided in Figure 3.3.

One particular characteristic of activities, uncertainty, is also gaining consideration [161,
1]. For example, given certain starting procedures of preparing a meal in a kitchen, initial
actions take_egg, butter_pan can be followed by crack_egg, fry_egg for a fried egg breakfast,
or alternatively spoon_flour, pour_milk, etc. for a pancake breakfast, as well as many other
possibilities as in Figure 3.3 for yet another activity (making a salad). Indeed, not only the
activities, but also the durations can vary (e.g., cooking time differs between soft and hard
boiled eggs). This phenomenon, referred to as diversity in prediction, is one of the core
abilities of the human prediction system, while it is much less well captured in contemporary

computer vision.

An initial effort in this direction [155] adopted the Poisson process [103] as a key technique
for activity inter-arrival time modelling. Notice that inter-arrival time differs from the absolute
activity occurrence time in that it stands for the duration between the starting and ending of

a certain action. The probability density function for the action interval random variable, 7,
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Figure 3.4: (a) Probability density function of Poisson distribution regarding various param-
eters \. (b) Histogram distribution of 1000 sampled inter-arrival times from Poisson process
with A = 5. Since Poisson is a member of the exponential family, its distribution looks some-

what similar to a Gaussian distribution, but its data points are always positive integers.

under the assumed Poisson distribution is

(3.1)

where A is the intensity function that controls the shape of the Poisson probability density
function and its physical meaning is the average number of events among the whole time span.

The Poisson distribution and sampling are plotted at Figure 3.4 (a) and (b), respectively.

There are three properties of the Poisson process that are worth noticing: (1) Its samples
are constant values. Equation 3.1 incurs a factorial function on time, 7, thus its result must
be an positive integer; additionally, by default researchers assume there is no negative time
value, so that 7 > 0; (2) its shape is unimodal, e.g., an exponential family distribution with
one mean centroid; (3) it is memoryless in that the sampling of the current step is independent

from any previous samples.

To support a stochastic modelling of time, the authors pre-defined a Gaussian Process
prior for A(7) and learned its parameters (i.e., the mean and variance for certain actions and
times) from training data for every action. Then, they performed testing through importance
sampling. Unfortunately, they only train and test on a single action input and single action

output, without considering recursive temporal predictions.

An extension of the initial work [155] used the temporal point process, i.e., the auto-

regressive version of Point Process, where the intensity parameter, A, is dynamically calcu-
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lated from past observations and therefore the probability density function (PDF) is
p(T = Tk) = /\(l‘l:k)e_/\(xlk) Tka (32)

where 1., represents past information up to the ky, time index, such as raw frames, semantic
labels or past action times, and A(7y|x1.) can be viewed as a conditional intensity whose value
is regressed from past information, x,.,. The PDF of k;;, time stamp, i.e., 7%, can be obtained
by the integration of all previous time-intervals, i.e., foﬂzl”“ A(T)dr, and it is an instance of
the exponential family distributions, e.g., ¥ = Ae™*7. Their model also supports stochastic
time and action predictions via sampling latent variables through a Variational Auto-Encoder
(VAE) embodied as LSTMs, which, however, needs some extra effort on overcoming the la-

tent variable collapse issue [161].

Although the temporal point process has been known for modelling inter-arrival events,
not all researchers adopt it. Some have suggested intensity-free approaches for modelling
such processes instead and found success [246, 203]. They argue that the intensity function is
unnecessary for some sequence generation tasks and the generative model can be better trained
using more advanced learning schema, e.g., generative adversarial learning. In this regard, a
research direction modeled time as a real-valued output directly from regression models for
joint action and time prediction, e.g., using an MLP to generate the output [156, 2, 1, 99, 58]
as shown in Figure 3.5: For any next-step action, the “length of future action" and “remaining
length of current action" will be regressed from fully-connected layers. In comparison to
previous Poisson methods [161, 155], these approaches choose deterministic time models
rather than the Poisson distribution and therefore their outputs for a given input will be fixed.
An exception to this general trend instead assumes a Gaussian prior and approximates the

mean and variance [1].

A third way to model temporal data is to treat time in terms of discrete categorical values.
Along these lines, research on recommendation systems found that modelling time with a
categorical representation and optimizing with cross-entropy consistently outperformed the
use of real valued modelling [135]. Itis worth noticing that the range of the discrete categorical
variable normally needs to be defined beforehand. For example, in image classifications, the
ImageNet dataset defines 1000 categories and thus its models (i.e., AlexNet) would output
probability score vectors € R, For discrete times, the maximum time index is often chosen

as the time range value [168].
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Figure 3.5: A regression approach to modeling action and time prediction [2]. Notice the
observed input action is pre-processed into a one-hot encoding and the input time is framed
as a real value scalar. Subsequent processing alternates use of fully connected (FC) layers and
Gated Recurrent Units (GRUs). The whole scope of the future requires recursive inference.

Figure reproduced with permission from [2].

3.2.3 Egocentric action prediction

First person video analysis has attracted increasing attention due to the rich information con-
tained in egocentric visual data and easier access to wearable recording devices. As seen in
Figure 3.6, egocentric filming exhibits much closer viewing angles of objects, environments
and interactions of daily activity compared to third-person views (e.g., UCF101 [211]). How-
ever, another critical difference in the third person view is the lack of notable motion of actors,
i.e., only the hand motion is typically visible. Moreover, since the camera moves along with

its carrier, there usually exists large background motion as well as jittering in video frames.

Wash hands Put on shoes Use fridge Drink water Put on clothes

Figure 3.6: Examples of egocentric activity footage. Top and bottom figures in a column are

two different frames of the same action. Figure reproduced with permission from [34].
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Missing actors in activity videos makes classic human action analysis methodologies not
naturally applicable and larger view-point changes as well as camera jittering makes motion
feature extraction (e.g., optical flow) very noisy. These obstacles incentivise researchers to

tackle egocentric data in a slightly different way.

Related research can be grouped into two main divisions: (1) work that actively explores
non-traditional visual cues (i.e., hand motion, gaze salience, object trajectory, etc.) that are
especially salient in ego-view data and (2) work that follows regular techniques and treats
egocentric data in a similar way as third-person view data. In this approach, even though
videos are filmed under egocentric view, performed actions can be inferred without direct
observation of large portions of the actor. In the following, we briefly introduce some major

visual cues used by the first division.

Gaze information. One beneficial information source hidden in first person video is gaze
information. Gaze moving on/off of a certain object can closely correspond to the occur-
rence/ending of a particular action. Much work has enjoyed the incorporation of such infor-
mation (e.g., [216, 128, 204]). Yet, gaze localization does not come freely. One way to obtain
gaze information is the 3D reconstruction of actors and then inferring the gaze direction from
head direction and body poses [216]. Another way to gain gaze information is through man-
ual annotation and/or use of additional instrumentation. Though expensive, it is easily doable

through eye-tracking devices [204].

Some other work that considers gaze as an important visual cue focused efforts on predict-
ing future gaze fixations from observed frames [263]. Their framework proceeded in a similar
way to video frame prediction but output binary gaze heat-maps. However, the authors did

not show any application of the predicted gaze on other related problems.

Hand information. In first person videos, hand movement typically is the major human visi-
ble action. Human-object interactions often consist of a movement part and one or more object
parts, with “take bowl” as an example. First person videos capture complex hand movements
during a rich set of interactions, thus providing a powerful source for studying the connection

between hand actions and future representation.

In imitation of the acquisition of gaze information, hand motion can be either annotated or
estimated online. For example, an extant hand shape detector [272] can be applied to obtain

a hand mask across frames [204]. The use of the estimated hand mask is straightforward:

56



Overlaying the hand mask on RGB input frames. In other recent work, it is proposed to
use the hand movement trajectory as an output regularizer [142]. The authors enforced the
learned network model to jointly predict future actions, future hand trajectories and interactive
hotspots (regions where interaction would happen with high likelihood). In an ablation study,

it was shown that the three related tasks were complementary to each other.

Object information. Objects that are interacted with are another potentially important source
of information for predicting future actions. While such information can be generally useful
for action prediction, it can be of particular importance in first-person video where the move-

ments of the actor may be obscured.

An early work along these lines investigated the relevance of egocentric object trajectories
in the task of next-active-object prediction [54]. Provided that an object detector/tracker is
available, they proposed to analyze object trajectories observed in a small temporal window

to detect next-active-objects before the object-interaction is actually started.

A more recent work incorporated information on the spatial location of objects into ego-
centric action prediction [56]. The authors adopted a pretrained deep object detector to local-
ize objects and merged their deep features with another two feature modalities (i.e., RGB and
optical flow) captured globally from the entire frame. However, their major inference engine
is a novel Rolling-Unrolling (RU) LSTM system and object features are simply used as input.
In an ablation study, they found that inclusion of the object information helped achieve much

better results compared to neglecting that information.

As mentioned above, there are other efforts that treat ego-data no differently from regular
third person data. One such approach processed egocentric video with a standard deep neural
network action recognition model pretrained on third person video datasets [34, 236], but now
fine-tuned for ego-action future prediction assisted by top-k loss [55]. Other research made
use of standard third person analysis tools to anticipate events that might occur in different
places than those currently in view [185, 15]. For example, the current view is of the living
room, while the future activity will occur in the kitchen. In response, they proposed to merge
3D point cloud location information obtained from a simultaneous localization and mapping

(SLAM) system with interactive objects and high-level scene labels to do the predicting

57



3.3 Overall contribution: Diversified discrete GAN for joint

activity and time prediction

We now detail our second major contribution, investigation of the joint anticipation of long-
term activity labels and their corresponding times, with the aim of improving both the nat-
uralness and diversity of predictions. We address these matters using conditional Genera-
tive Adversarial Networks for Discrete Sequences (cCGAN-DS) [68]. Central to our approach
is a re-examination of the unavoidable sample quality vs diversity trade-off of the recently
emerged Gumbel-Softmax [70] relaxation based GANs on discrete data [91]. In response, we
ameliorate this trade-off with a simple but effective sample distance regularizer. Moreover, we
provide a unified approach to inference of activity labels and their times so that a single inte-
grated optimization succeeds for both. With this novel approach in hand, we demonstrate the
effectiveness of the resulting discrete sequential GAN on multimodal activity anticipation.
We evaluate the approach on three standard datasets and show that it outperforms previous
approaches in terms of both accuracy and diversity, thereby yielding a new state of the art in

activity anticipation. Figure 3.7 provides an overview.

3.3.1 General pipeline

We seek to anticipate what will happen next from an observed initial part of a video, cf. [2,
161, 99]. We are interested in not just anticipating a single action that immediately follows
the observed video, but potentially an entire sequence of subsequent actions. Specifically,
the input contains a sequence of n observed action tokens A;.,= (ai,...,a,), with a; the
i" token in the sequence. Actions are taken to belong to an action vocabulary of size V,
i.e., a; € RY, and each a; is a one-hot vector action encoding. Correponding to each action
sequence, A;.,, is a time sequence, T1.,= (ti,...,t,) with t; the temporal length (e.g., in
units of seconds) of the i*" action belonging to a duration vocabulary of size H, t; € R,
Each t; is a one-hot vector encoding of the duration of action at position 7 in the sequence,

taken from the vocabulary of temporal durations.

Our temporal representation is motivated by a desire to treat encoding, decoding and ad-
versarial learning in a consistent fashion across input, output and ground truth and will be

shown to yield state-of-the-art results. In all three of the considered standard datasets, the
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Figure 3.7: Proposed Activity Anticipation Process Overview. An initial observation of an

activity, as a discrete sequence of actions and times (e.g., take_egg, 88s, etc.) and a random
variable, z, input to a sequence generator, G. The generator combines adversarial learning
with Gumbel sampling and normalized distance regularization so that sampled outputs are

both diverse and realistic.

time data format (e.g., seconds) is given as discrete. Previous work [1, 99, 161], using MLPs
for time decoding of future activities causes difficulty in learning, given discrete ground truth.
Also, recursive predictions that rely on preceding results suffer in such settings, as only dis-
crete values are in the training data. We match our representation to the data by enforcing
one-hots for prediction. It has been shown beneficial to treat such formatting as categorical

under adversarial learning in allied domains [32, 120, 169].

We formulate the task as: Given such a partial sequence as an ordered pair, <Ai.,, T1.,>,
we produce a distribution over subsequent action-temporal duration pairings, <A, 1.7, Tpi1.7>,
up to and including time 7. Our activity anticipation pipeline has three parts: (1) an input se-
quential token embedding module, (2) an output sequential generator, G, and (3) an ensemble
of ConvNet based discriminators, D, for adversarial learning, which are elaborated separately
in the following sections. Prior to diving into details, we first illustrate the mode-collapse

issue in discrete Gumbel-Softmax based GANSs.

3.3.2 Gumbel-Softmax for differentiable discrete variable sampling

To enable discrete random variables sampling with differentiable backward-gradients, two
groups (e.g., [91, 152]) simultaneously proposed using softmax relaxation on top of the Gumbel-
max trick. The Gumbel-max trick [70] was first introduced to approximate the sampling

operation on un-normalized categorical probability logits (e.g., multi-nomial), o, and it is
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Figure 3.8: Illustration of the impact of the temperature hyper-parameter on Gumbel-Softmax
function (3.4). Figure reproduced with permission from [91]. Top row shows the expectation
from a collection of Gumbel samplings. The bottom row shows one single sample with respect
to the temperature, o. As o — 0, the sample is closer to one-hot; when o — o0, the sample

is more akin to uniform.

formulated as

o ~ argmax(o + g), g ~ Gumbel i.i.d., (3.3)

where the Gumbel noise, g, is drawn from the standard Gumbel distribution [70], which can
be easily obtained via two consecutive logarithmic transformations from uniform distributions

(e.g., —log(—log U), with U drawn from ¢/(0, 1)).

To better work with the one-hot vector embedding design in current discrete stochastic
machine learning models (e.g., VQ-VAE [182] and SeqGAN [257]), the softmax function is

used as an approximation to one-hot vectors, according to

exp((log(ox[i]) + gk[1]) /)
> =1 exp((log(ox[j]) + gels]) /)’

Gumbel(oy[i]) = (3.4)
with m the dimension of unnormalized probability logits, oy, and g;. the i.i.d. Gumbel noise

for logit dimension & and ¢ indexing logit elements.

The above equation can support two essential operations: (1) It imitates the sampling
procedure of categorical distributions, oy, through adding the logits with Gumbel noise. The
distribution represented by o, equals to that of samples draw from the argmax operator over
perturbed logits, i.e., argmax (o + gx); see [70] for mathematical proof. (2) It approximates

one-hot vectors with the softmax function as well as the temperature hyper-parameter, i.e., a.

In the definition of the Gumbel operator (3.4), the « is a tunable parameter, called the
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temperature, which controls the similarity of the approximated one-hot vector (3.4) to the
actual one-hot vector, as shown in Figure 3.8. Intuitively, smaller o provides more accurate
outputs for the discriminator, thereby leading to better sample quality. However, the associated
drawback is mode-collapse [169] caused by high gradient variance regarding the temperature
as
8Gur;ﬂ())el(o) o é. 35)
It is seen that when o — 0, the backward gradient will explode. To combat this situation,
one can adopt a temperature annealing strategy to encourage diversity [152, 91], which is
heuristic in terms of how much and when the temperature should be annealed. Some others
attempt applying an entropy loss on logits to encourage more exploration [68]. Instead, we
make use of the recently proposed Normalized Distance Regularizer (NDR) [254] to augment

(3.4). In the next subsection we illustrate the utility of the NDR, but delay its formal definition

to subsection 3.3.6 where we incorporate it into our activity prediction model.

3.3.3 Mode collapse in discrete GANs

Most likely due to the high-variance of updating gradients, GAN training is prone to failing on
capturing multi-modal distributions of the training data, which is known as the mode-collapse
issue. In the continuous domain (e.g., GAN for image pixel intensity generation), researchers
typically reveal and examine this notorious issue using some simple synthetic datasets to pro-
vide a sanity check. Popular test datasets for such experiments include a “Gaussian Grid” or
“Gaussian Circle”. Consideration of such datasets allows the effectiveness of the approach to
be verified in relative isolation of other issues and thereby focus on the particular abilities to
combat mode collapse. With the effectiveness demonstrated in these simplified scenarios, the
approach is then applied to more complicated real-life datasets and tasks. Yet, no analogous

experiment has appeared for the discrete domain, especially not for discrete GANS.

Here, we provide a novel experiment setting for verifying mode-collapse mitigation in the
discrete domain (e.g., one-hot vector generation) and use it to evaluate our approach. Similar
to above continuous Gaussian examples, we synthesize a dataset with 8 modes located on a
(5 x 5) 2D grid at (x, y) positions, namely (1, 1), (1, 2), (1, 3), (2, 1), (2, 3), (3, 1), (3, 2),

(3, 3). Each mode is given as a unit impulse shifted to one of the specified locations. The
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Figure 3.9: Simplified demonstration of the quality vs. diversity trade-off with Gumbel soft-
max relaxation (3"¢ and 4" rows) and the improved result provided by the proposed regularizar
(1°¢ and 2"? rows). The first four columns show the evolution of results across training. The
far right column shows ground truth. Each bar chart in the 2% row displays the numeric distri-
bution of modes after every 1K training steps, which ideally should resemble the ground-truth

bar chart (uniformly distributed among eight modes), last row of the far right column.

rightmost column of Figure 3.9 (e.g., “Ground Truth eight Modes”) provides an illustration.

To simulate a stochastic conditional generation environment, we construct a simple dis-
crete GAN with a two-layer multilayer perceptron (MLP) as generator, that maps the input,
(0.5,0.5), to two logit vectors, that represent the generated (x,y) coordinates. In comple-
ment, a separate two-layer MLP is used as a discriminator to provide an adversarial loss for
optimization. Standard Gaussian noise is injected into the model during the generative pro-
cess to provide stochastic capacity. During training, Gumbel-Softmax relaxation, is used to
sample from learned multi-nomial distributions and obtain the approximated one-hot vector.
We compare results for optimization that solely works under a pure adversarial loss vs results
for optimization that augments the adversarial loss with the normalized distance regularizer.
Figure 3.9 shows three sets of experimental results to help understand the quality/diversity
trade-off issue in discrete GANs and especially to demonstrate the effectiveness of the pro-

posed NDR regularizer in mitigating mode collapse.

Vanilla Gumbel discrete GAN (Gumbel GAN without the normalized distance regular-

izer) suffers from low diversity with low temperature (e.g., for a = 1, only a single mode is
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Figure 3.10: Illustration of the dual token embedding process. Both the action labels and
times of partial videos, in one-hot vector format, are embedded through a dictionary. Then,
embedded feature vectors are concatenated, denoted by Cat(-, -), together as input to the se-

quence generation module.

preserved) and low quality with high temperature (e.g., for a = 100, we find the presence of
false modes along with the correct ones). Overall, either choice leads to undesirable outcomes.
In response, the majority of recent alternative approaches seek to find a reasonable balance
between quality and diversity, which can be expensive and heuristic. Instead, we augment the
vanilla approach with the normalized distance regularizer and find that it supports both high
quality and diversity, while mitigating mode collapse. This ability is documented in the 4"
column of the 1% row of Fig 3.9, where all eight modes are captured much better than when

the regularizer is lacking (even though not all modes are captured equally).

3.3.4 Dual token embedding

As widely discussed in the NLP and image/video captioning literatures, the expressive power
of raw discrete tokens can be greatly enhanced through dictionary embeddings in higher di-
mensional continuous feature spaces, cf. [2, 99, 161]. To this end, each entry of the initial
pairing of action and temporal tokens, a; and t;, are projected to higher dimension continuous
spaces, R® and R?, resp., via dictionary mapping matrices W, and W,. Here, W,, of dimen-
sion R® x V/, is the mapping for actions, while W,, of dimension R’ x H, is the mapping for
times. The embedding matrices are constructed such that their j** columns are the mappings

for actions and times indicated by the one-hot vector encodings of actions and times. (Note
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Figure 3.11: Depiction of our diversity improved discrete sequential GAN architecture. For
both training and inference, input action and time duration token sequences <A;.,T;.,,> are
embedded via learnable matrices W, and W,, (3.6), to generate a compact feature represen-
tation, Fy.,. Fy., is processed iteratively along with latent noise signals, z, by an encoder
(3.7) and decoder(3.8) (RNN or LSTM) along with a linear mapping, (3.9), to produce logits
<0%.,.;,0L,1..>. Atinference time (not shown), the logits are simply sampled with arg max,
(3.10), to produce predicted activity sequences. At training time (shown), Gumbel sampling,
(3.4), is performed to facilitate gradient-based learning. Pairs of samples, <An+1:7'i'n+1,> |2,
and <An+1:7'i'n+1:7> |.,» produced with different latents, z; and z5, are compared under a nor-
malized distance regularizer, (3.16), to define a loss, £, that encourges a generator capable of
diverse ouputs. In complement, a sampled output is adversarially compared, (3.17), to ground
truth, <A, 1., Ti1.7>, by a discriminator, D, under multiple embeddings, W 2ise® \pyDise(®

to define an additional loss, LN, that encourages a generator capable of realistic outputs.

that for a given observation pair, <a;, t;>, 7 generally is different for the action and time.)

Our overall embeddings are then given as
f, =Cat [Waai, th,-], (3.6)

with f; associating action and temporal features at the i*" index via concatenation of their
respective embedding vectors; see Figure 3.10. Analogous to the input sequences, A;.,, and

T1.n, we define embedded sequences, Fi.,,= (fi,...,f,).
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3.3.5 Sequence generation

For computing outputs, <A, 1.-, [ ,+1.->, given a sequence of input feature embeddings,
F1.., we use the seq2seq generator [220]. To lend insight into the generality of our approach,
we consider two different backbones, RNN and LSTM, as instantiating mechanisms for the
generator and results for both are reported in Section 3.4.3. While this design choice might be
replaced by additional alternatives (e.g., a temporal convolutional network (TCN) [170, 35]
or relational memory [199, 169]), RNN and LSTM are general sequence learning structures
also adopted by our main comparison approaches [2, 1]. In the following, we make use of a

general notation such that Sequence stands for either RNN or LSTM.

Sequence generation proceeds by sequentially encoding and decoding the embedded fea-
tures, followed by mapping to logits and sampling. More specifically, the components of the
input feature sequence, (fi,...,f,), are iteratively injected into an encoder, Sequence*, to
obtain a fixed dimensional representation v, given by the last hidden state of Sequence®,

according to

h"e = Sequence®(fy, h{™),1 <k <n and v = h{", (3.7

h{" the k" hidden encoder state and the initial hidden state, hy, randomly set.

Next, a decoding sequence model, S equence®®, whose initial hidden state is set to v and
first input variable to the last observation f,,, is used for producing output hidden state sequence

(hdec, ... h?*) according to

h{e, = Sequence™ (£, h{*),n < k <1 — 1. (3.8)

Then, a pair of linear transformations defined by matrices W and vectors b?, ¢ € {a, t},

maps hidden states, hiec, to logits according to

of = W3hi" + b
n+1<k<r, (3.9)
of = Wb + b

where of and o}, are vectors representing the logits for each entry of action or time vocabulary,

i.e., they are of dimensions R® x V and R* x H, resp.
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Finally, the logits, (3.9), are sampled in one of two ways, depending on whether the system
is operating in inference or training mode. Atinference time, traditional discrete data sampling
is used to select the most likely probability index, which is then reformatted as one-hot vectors

according to

a;, = one_hot (arg max(oj, [2]))

n+1<k<rT, (3.10)
tr, = one_hot (arg max(oy, [2]))

7

with 0¢[i] and ol [7] selecting the i*" element of o¢ and o}, resp.

Unfortunately, the arg max operator incurs zero derivative with respect to parameters of
operations coming before it, i.e., in the present context those of the embedding matrices and
generator, which interferes with gradient-based training. Therefore, to obtain differentiable
one-hot vectors from logits o, during training, we adopt the Gumbel-Softmax relaxation tech-
nique [91, 152] that mimics one-hot vectors from categorical distributions. In particular, we
replace (3.10) with Gumbel sampling, (3.4), which yields the output discrete tokens according

to

1= G bel(0?[;
a1 umbel(oyd]) ntl<k<r (3.11)
tx[i] = Gumbel(oL[i])

For both sampling techniques (3.10) and (3.11), for each iteration on &, we use
f, = Cat[Woag, Wity ], n+1 <k <7 (3.12)

in the encoding, (3.7), to reinitialize subsequent decoding (3.8), logits mapping (3.9), and
sampling (3.10) or (3.11), to give the next generation of action/time tokens. Having pro-
duced ay and t;, forn + 1 < k < 7 via (3.11), we define A, 1 1..,= (ani1,---527), Toi1r=

(tni1,--.,t,;) and ultimately <A, 1.;, T,41.,> as output.

Overall, the generating process, G, of our approach entails sequential application of the
embedding (3.6), encoding (3.7), decoding (3.8), logits mapping (3.9) and sampling, (3.10)

or (3.11), to each element of the input, <A;.,, T1.,>, formalized as
<An+1:77Tn+1:T>: g(<A1:n>T1:n>7z;eg)> (313)

where 0, includes learnable parameters of Sequence®, Sequence®®, Wy, W? b?, ¢ € {a,t},
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and z is a randomized input that encourages diversity during sampling; see Sec 3.3.6. From
a probabilistic view, the overall sequence generation procedure can be seen to operate as a

Markov process,

p(An+1:7-, Tn+1:T|A1:n7 Tl:n) = H P(ak, tk"’; fna hn+1a ceey hkfl)- (314)
k=n+1

3.3.6 Diversified discrete adversarial learning

To get diversity in generated sequences, we use a Normalized Distance Regularizer [254, 143],
as motivated in Subsection 3.3.3. This regularizer operates via pairwise distances between

various outputs from the same input according to

- <|yg<z,zl> - g(z,z2>||77) ] G15)

|21 — 22|

mgx L.(G)=E, s

where Z is input (e.g., in our case, an observed action-time sequence pair, <A;.,,, T1.,> ), E[]
is the expectation operator, ||- || is a norm, z;~N (0, 1) is arandom latent variable that converts
the deterministic model into a stochastic one and 7 is a margin for thresholding the minimum

distance. The normalized distance regularizer, (3.15), operates such that the denominator,

||21 — 22||, encourages the two random codes to be close in latent space, while the numerator,
||G(Z, 1) — G(Z, )|, encourages the outputs to be distant in the output space. The intuition
is to encourage G to visit more important modes given an input variable, but with minimum
traveling effort in the sampling space. In this way, distinctive outcomes are circumscribed

within a tighter latent space, so that the model is less likely to ignore some modes.

In application to our case, the overall generated sequence <A, 1., Tpi1..> = G(<Arn, T1.,>

, 2), is used to calculate the [; distance between samples,

Hg(<A1:na Tl:n>7 Zl) - g(<A1:n; Tl:n>7 Z2)||11

||Zl—22||

L.(G) = E., - , (3.16)

where || - ||;, denotes use of the [; norm; explicit dependence of G on 6 is suppressed for

conciseness.

Let <An+1;TTn+1:T> |,, and <An+1:;i'n+1#> |, be two samples generated by our genera-
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tor, G, from input <A;.,,, T1.,> with two different latent noise signals, z; and z», respectively.
Then, Equation (3.16) is realized by calculating normalized [; distances separately between

the actions and temporal durations and then combining through averaging according to

G (<AL, T1n>, 21) — G(<A1a, T1>, 2)| |1

= H <An+l:7'7-i—n+1:7'> ’zl_ <An+1:77—i—n+117> ‘ZQ)Hll

1

= 5 (Whnssela = Avssclall + [ ostole = Trvslalla )

1/ 1 K
~ 5 (2 Sl il
=1
1 T—nN
t o Z |[ti] — tz’|zQHh)-
=1

It appears that our solution to preserving both quality and diversity in discrete sequence

generation is novel.

3.3.7 Ensembled discriminator

To train our generator, G, adversarially, we refer its output to a discriminator, D. Successful
examples of deep discriminators for sequence generation include DNNs, ConvNets and RNNs
[228, 100, 120], amongst which incorporation of a ConvNet classifier with an ensemble of
multiple embeddings has achieved top performance [169]. Notably that approach has shown

an ability to dispose of discriminator pretraining. We adopt that approach.

Given a generated output sequence, <An+1:7, Tn+1:7>, and real (i.e., ground truth) se-
quence, <A, 1.7, I n11.->, we embed the elements of the sequences analogous to the embed-
dings of Section 3.3.4, and execute our discriminator, D. Let WPs¢ and WP, be discrimina-
tor embedding matrices, distinct from, but analogous to the embedding matrices used earlier,
(3.6). Then, the process unfolds in three steps. First, for each pair <a;, t;>,i € {n + 1,7},
and <a;,t;>,i € {n + 1,7} we produce embedded vectors 2 and fP*¢ by replacing W,
and W, with WPis¢ and WP's¢, resp. in (3.6). Second, the complete sets of produced embed-
dings P and P are converted into matrices, F?*¢ and F2'$_ whose i columns are

fiDis‘C and f'iDisc, resp. Third, the resulting F,; - and IA:nH;T are processed akin to 2D images

with a discriminator ConvNet, D, consisting of multiple convolutional, nonlinear activation
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and max-pooling layers with a fully connected layer at the top to produce a label, i.e., 1 versus

0 for real versus generated.

Finally, to account for the desired multiple embeddings, the entire three step process is re-
peated M times with distinct embeddings, WP and W? isel) 4 {1,..., M}, and the final
adversarial loss from D comes by averaging across the results of those embeddings according

to

M
1 rDisc( Disc(<

=77 Zl log(1 — D(FL*5,0;64)) + log(D(FEEY 15 64)), (3.17)
with 6, the learnable parameters of the )/ matrix embeddings and D.

Combined objective Our learning goal is to generate samples that are both realistic (high

quality) and diverse. To this end, we merge the standard adversarial learning formula (for

quality)
Lccan(G,D;04,0a) = Eyllog D(y, 1;0a)] + E, . [log(1 — D(G(x, 2;0,),0;64))], (3.18)

which in our case specializes to lp, (3.17), with the normalized distance regularizer, (3.16),

for diversity, to consider
mginmgx Al‘ﬁCGAN(g:D;egaed) - )\Z‘Cz(g?eg)a (319)

which we optimize over 6, and 6, according to methods documented under implementation

details. The overall learning process is summarized in Figure 3.11.

3.4 Empirical evaluation

3.4.1 Evaluation protocol

We evaluate on three standard datasets: Breakfast [117], 50Salads [214] and Epic-Kitchens [34].

Breakfast Dataset. The Breakfast dataset contains 1,712 videos of 52 actors making breakfast
using 48 fine-grained actions. We follow the data processing strategy used elsewhere for

ConvNet modeling [2], which generates four sets of training examples by using the first 10%,
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20%, 30% and 50% of the video, resp., as observation and the rest of the video as ground
truth for prediction evaluation. This procedure yields 7305 training samples and 253 testing

samples. We report average accuracy across four splits, as elsewhere [117].

50Salads Dataset. The 50Salads dataset has 50 videos of 25 subjects, each making two
salads using 17 fine grained actions. The same processing used for the Breakfast dataset is
adopted here, which leads to 160 training samples and 40 testing samples. We perform five-

fold cross-validation for evaluation, using previous splits [124].

Epic-Kitchens Dataset. The Epic-Kitchens dataset contains 1%*-person videos of 32 actors
in 32 kitchens performing unscripted daily activities. There are 272 training videos recorded
from 28 subjects, with the rest used for testing. In total there are 128 actions. We follow the
preprocessing strategy used previously that randomly split the training video into 7 subsets,
each containing four subjects [99]. The final result is averaged across all subsets. For each
train and test input, an arbitrary clip is sampled by applying temporal windows of 30 seconds

and the following 60 seconds is taken as ground-truth prediction.

Ground truth time format. We conform to previous temporal formats [2, 161]. For Break-
fast and 50Salads, we use temporal intervals in units of seconds as observed in the original
videos. For example, in the minutes long egg_cake video from Breakfast, the 3"¢ action in the
vocabulary is cracking_egg and occupies 15s, which we correspondingly represent as (3, 15).
Accordingly, the column entry size of the time embedding matrix, W4, is set to the maximum
action length across the entire dataset, which is 5791s for Breakfast and 4149s for 50Salads,
by our counting. For Epic-Kitchens, time units are also in seconds. Random temporal crops
of 90s are extracted from the videos, with the first 30s taken as observation and the remaining
60 for prediction. So, the column size of W, is 90, [99]. We set the output length to 25 and 20
for Breakfast and 50Salads, resp., based on the maximum sample length in each dataset and

pad zeros for shorter samples. The generated length is 60 for Epic-Kitchen by default [99].

3.4.2 Implementation details
Network configurations. We set the embedding dimension for input actions and times to

be 32 while the hidden states of Sequence®* and Sequence? to have dimension 128. The

number of embeddings for the discriminator is /=64, each of dimension 32. For noise, z,
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we sample a 32-dimensional random latent variable from the N (0, 1) distribution, [91] and
concatenate it to the input at each time step of the generator, G, [254]. For the ConvNet based
discriminator, D, four 2D convolutional layers with 2 x 2 kernels are followed by ReLLU [63]
and max-pooling with factor of two subsampling. A fully connected layer is appended on top
for 1 versus 0 classification for ground truth/real versus generated, resp. These configurations

are applied identically for both RNN and LSTM backbones.

Training. Sequential GANs suffer from training difficulties that usually necessitates pre-
training with maximum likelihood estimation (MLE) for both generator and discriminator
[257, 45, 71]. Recently, ReIGAN [169] successfully avoided discriminator pretraining, while
still relying on it for the generator under the Gumbel GAN structure. We also found pretraining
unnecessary for our discriminator, but still begin with generator pretraining using MLE. Both
pretraining and adversarial training employ the Adam optimizer [101]. Mini-batch-Stochastic
Gradient Descent is used with a learning rate of 1e~2 for pre-training and 1e~* for adversar-

ial training, both with exponential decay of 1le~>.

Empirically, we set A\;, Ao to a ratio of
1:1. For both training and testing we input ground-truth tokens (action and time labels), with
subsequent ground truth beyond the input (i.e., prediction) used for training only, as with the

compared results [2, 99, 161]. A NVIDIA TITAN X GPU is used for model training.

3.4.3 Comparisons to alternative approaches

Breakfast dataset protocol 1. When evaluating on this dataset, we first conduct experiments
under the setting where partial observation video is obtained by arbitrarily cutting from the
entire sequence [2, 99, 1]. Results are reported for combinations of observation (20% and
30%) versus prediction (10%, 20%, 30% and 50%). Table 3.1 shows comparisons. As our
model captures uncertainty via use of randomized latents, we report two evaluation metrics,
average and maximum (i.e., mean or max accuracy across multiple samples, 16 for results

shown).

It is seen that our approach using RNN or LSTM outperforms the alternatives in almost
all settings by an average of 5—8% accuracy under the average metric, with the exception
being the most extreme case, i.e., 50% prediction from 20% observation, where TOS-Dense
[99] performs slightly better (by merely 0.16%) than our RNN backbone; however, our LSTM

backbone still outperforms by 0.96%. Given more information to start with, as in 30% obser-
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Observation 20% 30%

Prediction 10% 20% 30% 50% 10% 20% 30% 50%

RNN [2] 0.6035 0.5044  0.4528 0.4042 0.6145 05025 0.4490 0.4175
CNN [2] 0.5797 0.4912  0.4403 03926 0.6032 05014 04518  0.4051
TOS-Dense [99] 0.6446  0.5627 0.5015 0.4399  0.6595 0.5594 04914  0.4423

RNN-HMM (Avg) [1] 0.5039 04171 03779 0.3278 05125 04294 03833  0.3307
RNN-HMM (Max) [1] 0.7884  0.7284  0.6629  0.6345  0.8200 0.7283  0.6913  0.6239

Ours-RNN (Avg) 0.7101  0.6200  0.5421 04383 0.7304 0.7053  0.6257  0.5119
Ours-RNN (Max) 0.8076  0.7010  0.6649  0.6283  0.8210 0.7539  0.7134  0.6251
Ours-LSTM (Avg) 0.7222  0.6240  0.5622  0.4595 0.7414  0.7132  0.6530  0.5238
Ours-LSTM (Max) 0.8208 0.7059  0.6851 0.6406  0.8336 0.7685  0.7213  0.6406

Table 3.1: Breakfast Dataset Protocol 1 results with dense anticipation mean over classes
(MoC) accuracy. Avg stands for averaged results across 16 samplings, while Max stands for

taking the best result among 16 samples. Best Avg is highlighted with bold font.

vation, both of our models uniformly surpass the others. The biggest difference between our
instantiations reside in remote predictions, i.e., 30% and 50%, affirming that LSTM generally

is better than RNN in long-term performance [99]

Compared with another stochastic approach, RNN-HMM [1], our RNN model achieves
similar performance on the Max metric, while notably excelling on the Avg metric. Under
both metrics our LSTM model is the top performer. Arguably, our model uses a similar base
architecture as RNN-HMM [2] and is less complicated than TOS-Dense [99], which intro-
duced skip-connections and attention, yet achieves better results. We attribute this pattern
to two reasons: 1) Our approach avoids error propagation coming with iterative long-term
generation [2, 1], where anticipation errors in early stages are propagated to the end. 2) Our
adversarial learning focuses on the quality of overall generated sequences, rather than any
single prediction. The discriminator pushes the generator to produce outputs that are more

realistic as a whole.

Breakfast dataset protocol 2. To further demonstrate our strength in capturing uncertainty,
we present an experiment using the protocol from Action Point Process (APP-VAE) [161],
which aims to capture stochastics of single next action anticipation, but with a variational
inference structure. In this scenario, the input sequence is obtained by clipping the whole
video at the exact end point of random actions. Log-Likelihood (L L) is used as a metric for
measuring the approximated posterior via standard importance sampling [161]. Our method

is accommodated to this evaluation by selecting the immediate next action from the generated
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Model Loss stoch. var. accuracy MAE LL

TD-LSTM [161] CE + MSE - 53.64 173.76 -
APP-LSTM [161] CE + NLL - 61.39 152.17 -6.668
RNN-HMM [1] CE + MSE v 57.80 - -
APP-VAE— [161] NLL+KL v 27.09 270.75 >-9.427
APP-VAE+ [161] NLL+KL v 62.20 142.65 > -5.944
Ours-RNN Adv+NormDist v 68.46 87.58 > -4.851
Ours-LSTM Adv+NormDist v 68.96 87.07 > -4.836

Table 3.2: Breakfast Dataset Protocol 2 results with various learning objectives and evaluation
metrics. For training objectives listed in the second column, “CE ” stands for cross-entropy,
“MSE” for mean square error and “NLL” for negative log-likelihood. Note that larger accuracy
is better, while smaller MAE is better. For LL, smaller absolute value is better. APP-VAE—+
and APP-VAE— refer to APP-VAE with and without a learned prior, resp. For the evaluation

matrics in the last two columns,

sequence. To report a lower bound LL, we chose the worst score (largest absolute value) from

multiple runs. Results are shown in Table 3.2.

Both our models achieve better LL compared to the previous best of -5.944, with our
LSTM at -4.836 slightly outperforming our RNN, after averaging inference results from test
sets. Since this protocol focuses on a single next action, results from our two backbones
are close. We also calculate the Mean Classification Accuracy over the entire anticipated
sequence for action category performance and find our results outperform APP-VAE by ~7%.
For temporal duration estimation, we use Mean Absolute Error (MAE), i.e., the averaged
[, distance between ground truth and predictions, as the evaluation metric and find that our

approach reduces the time length estimation error by ~40%.

50 Salads dataset. We adopt the same experimental design as for Breakfast Protocol 1; re-
sults are in Table 3.3. As in the previous experiment, both our models achieve better average
performance than the alternatives for most cases, but slightly worse at the 30% observation
versus 10% prediction ratio (LSTM worse by merely 0.27%). When it comes to 30% and 50%
prediction scales, our models hold a larger lead of >5%. Comparably, the CNN approach [2]
also anticipates the whole sequence in one-shot but does so less effectively. A critical differ-
ence from ours is that they optimize category and temporal length with the MSE loss, which
is known to produce blurred outcomes [67]. Instead, we directly work in the discrete domain
with adversarial learning for sharper outcomes, which provides further support for our discrete

representation of time.
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Observation 20% 30%

Prediction 10% 20% 30% 50% 10% 20% 30% 50%

RNN [2] 04230 03119 0.2522 0.1682  0.4419 0.2951  0.1996  0.1038
CNN [2] 0.3608 0.2762  0.2143  0.1548 0.3736  0.2478  0.2078  0.1405
TOS-Dense [99] 0.4512 03323 02759 0.1727 0.4640 03480 0.2524  0.1384

RNN-HMM (Avg) [1] 0.3495  0.2805 0.2408  0.1541 03315 0.2465 0.1884  0.1434
RNN-HMM (Max) [1] 0.7489  0.5875 0.4607  0.3571  0.6739  0.5237 0.4673  0.3664

Ours-RNN (Avg) 04571 03517 03182 0.2095 0.4597 03591 0.3073  0.1746
Ours-RNN (Max) 04903 03998 0.3596 0.2537 04926 0.4582  0.3572  0.2646
Ours-LSTM (Avg) 0.4663 0.3562 0.3191 0.2137 04613 03637 0.3310  0.1945
Ours-LSTM (Max) 0.5150 03845 03606 0.2762  0.5079  0.4754  0.3783  0.2908

Table 3.3: Results for the 50Salads dataset with dense anticipation mean over classes (MoC)

accuracy.

If we choose the best results across multiple samples, our accuracy is further boosted by
~26.5%, which while an improvement over mean accuracy, is not as large as for Breakfast and
not as good as the best max results [1]. The difference likely owes to 50Salads being much
less multimodal compared to Breakfast and the 50Salads dataset being too small (merely 160
training samples) for learning GANs well. Although our RNN model has similar structure to

[1], the discriminator incurs extra parameters and therefore requires more training data.

Epic-Kitchens dataset. Figure 3.12a shows results for Epic-Kitchens as prediction accuracy
at specific times in seconds, i.e., (1, 3, 5, 7, 10, 20, 30, 40, 50, 60) with both backbones. Our
LSTM results are the top performer when prediction time is up to 20 seconds. Afterward, we
are on par with TOS [99] at 30s, but then trail by an average of ~1.7% out to 60s. The largest
difference happens at 60s, where the gap is 3%. Resembling observations by comparable work
in related areas [257, 169, 71, 45], we find the quality of generated samples decreases as the
required prediction length increases. Still, our approach outperforms classic RNN and CNN
approaches at all prediction times. It is notable that TOS uses a joint learning of long-term
prediction with recognition of current observations [99], whereas RNN/CNN [2] and ours
solely focus on sequential modelling. These results might indicate that the auxiliary term
helps stablize long-term performance. Our RNN results outpeform alternatives (except our
LSTM) only at one temporal position, i.e., 1s, and otherwise are analogous to the alternatives

[2].
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Figure 3.12: Comparison table for the Epic-Kitchen dataset (a). Ablation study on Ours-
LSTM for the Epic-Kitchen dataset. Adv_x indicates * adversarial training epochs (b).

3.4.4 Ablation studies

Analysis of adversarial learning. We now show the benefits of adversarial learning by ex-
amining the accuracy curve at various training stages using Epic-Kitchens, reporting averages
across 16 samples. We use Epic-Kitchens as our above experiment with this dataset showed
the largest performance change with prediction time; Figure 3.12b has results. Just after MLE
pretraining, accuracy is lower than our comparison approaches, Figure 3.12a. As we start
adversarial learning, accuracy immediately rises and does so essentially monotonically with
increased training epochs for lower prediction times, and begins to converge at 1200 epochs.
For epochs beyond 1500, there is evidence of overfitting at longer prediction times, as perfor-

mance decreases.

Analysis of number of samples. We now examine the influence of the number of samples
on accuracy using the Breakfast dataset as it is larger than the others; see Table 3.4. We see
the largest accuracy increases occur as samples go from two to eight and (less so) eight to
16. Afterwards, improvements grow much slower and performance is stable. In accord with
Section 3.4.4 results, adjacent predictions (e.g., 10%) benefit more than remote ones (e.g.,

20-50%). Empirically, we find 16 samples work for both accuracy and efficiency.

Analysis of normalized distance regularization and diversity. We now provide experimen-
tal analysis of the influence our model has on the quality-diversity trade-off. Here, we use

the Breakfast dataset because of its large number of videos and relatively high diversity. To
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Observation 20% 30%
Prediction 10% 20% 30% 50% 10% 20% 30% 50%

2 Samples  0.6157 0.4525 0.3541 0.2382 0.6408 0.4839 0.3775 0.2570
8 Samples  0.7060 0.5950 0.4395 0.3927 0.7032 0.6564 0.5716 0.4320
16 Samples  0.7222 0.6240 0.5622 0.4595 0.7414 0.7132 0.6530 0.5238
32 Samples  0.7464 0.6319 0.5475 0.4643 0.7611 0.7155 0.6566 0.5219
64 Samples  0.7572 0.6325 0.5547 0.4674 0.7758 0.7150 0.6650 0.5291

Table 3.4: Influence of various number of samples for Breakfast Dataset, Protocol 1, with

dense anticipation mean over classes (MoC) accuracy under Avg metric and LSTM backbone.

Temperature Loss LL Diversity Accuracy
a=0.1 Adv -10.83 0.033 23.01
a=1 Adv -6.77 0.124 60.98
a=10 Adv -8.42 0.345 35.19

a =100 Adv -8.52 0.423 33.78

a =1000 Adv -11.46 0.582 19.97
a=0.1 Adv + NormDist -9.04 0.062 (+-0.029) 27.61 (--4.60)
a=1 Adv + NormDist -4.83 0.262 (+-0.138) 68.96 (--7.89)
a=10 Adv + NormDist -8.19 0.358 (--0.013) 36.64 (4-1.45)

Table 3.5: Comparison across various temperatures as well as impact of the normalized dis-
tance regularizer. indicates improvement of adding the normalized distance regularizer

(NormDist) to pure adversarial learning (Adv). LSTM backbone is adopted.

evaluate quality, we adopt the accuracy metric, as in Table 3.2. To evaluate diversity, we cal-
culate the averaged pairwise cosine distance amongst 10 samples, cf. [254] as well as LL, as
in Table 3.2. Both metrics are presented for pure adversarial learning (Adv) and with the aide
of normalized distance based adversarial learning (Adv + NormDist); Table 3.5 has results.
With pure adversarial learning (i.e., no normalized distance regularizer), too small or too large
of a temperature, e.g., « € {0.1,10,100, 1000} leads to unsatisfactory results. Best results
are obtained when a=1; however, the diversity score is not as good as with higher v and the

quality score merely equals that of deterministic APP-LSTM in Table 3.2, row 2.

After joint training with the distance regularizer, quality and diversity scores grow to-
gether. Especially, when a=1 the model receives the most benefit in terms of quality and di-
versity (+2% for LL, +0.138 for cosine distance and +7.89% for accuracy), while with a=10
the model yields smaller improvements. The reason for this pattern is that large o values
already yield adequate diversity; so, there is little for the distance regularizer to offer. In the

case of a>10, however, LL suffers noticably. Theoretically, small temperature yields accurate
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Observed Input Sequence:  Cutbun

Gumbel GAN without Cut_bun Take_butter \
Regularlzer ((X = 1) Cut_bun Take_butter

Cut_bun Take_butter
Gumbel GAN without Cut_bun Peel_fruite Pour_coffee Spoon_sugar Pour_water
Reglﬂarlzer (a - 100) Cut_bun Add_teabag Pour_water Take_glass Take_nife

Samples

Full Proposed Cut_bun Take_butter Smear_butter Take_topping put_toppingOnTop
ApproaCh (a = 1) Cut_bun Smear_butter

Cut_bun put_toppingOnTop

Cut_bun Take_butter Smear_butter Take_topping  put_toppingOnTop

Cut_bun Take_butter Smear_butter Take_topping  put_toppingOnTop j
GrOund-Truth Sequence Cut_bun  Take butter Smear_butter Take_topping put_toppingOnTop

Figure 3.13: Visualization of multimodal samples from our full model vsour model lacking

normalized distance regularization.

one-hot approximation; however, in our experiments =0.1 does not perform better, possibly

because even with our regularizer, gradient variance is too high.

3.4.5 Visualization of diversity and quality

Figure 3.13 shows sampled outcomes for our full approach versus our approach lacking nor-
malized distance regularization. Without regularization the small temperature (o = 1) samples
lack diversity (i.e., Take_butter is always generated after Cut_bun), whereas large temperature
(a = 100) samples are diverse to the point of being unrealistic (e.g., Add_teabag generated
after Cut_bun), i.e., they lack quality. In contrast, our full approach gives both plausible and
diverse outputs. Figures 3.14 and 3.15 provide two further illustrations of the efficacy of our

approach.
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Figure 3.14: Visualization of multimodal samples from our full model vsour model lacking

normalized distance regularization.
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Observed Input Sequence: ~ Take cup

Gumbel GAN without Take_cup Pour_coffee
Regularizer (@ = 1) Take_cup Pour_coffee

Take_cup Pour_coffee
Gumbel GAN without Take_cup Spoon_powder Pour_coffee Spoon_sugar Pour_water
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Figure 3.15: Visualization of multimodal samples from our full model vsour model lacking

normalized distance regularization.
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3.5 Conclusion

In activity anticipation, it is desirable to produce results that realistically capture the poten-
tially multimodal distribution of future actions given initial observations. We have responded
with a novel model combining a sequential GAN (for realistic predictions) with a sample dis-
tance regularizer (for diverse predictions). By unifying action and time representations, the
proposed model can produce outputs that are both realistic and diverse, thereby yielding new
state-of-the-art performance on standard activity anticipation datasets. We demonstrated our

approach with two different sequence generation backbones (RNN and LSTM).

In terms of limitations, the interpretability of certain parts of our approach needs to be
enhanced. Although the used distance regularizer loss is self-explanatory, other parts, e.g., the
seq2seq model and embedding layers, need further analysis regarding what has been learned.
Moreover, daily activity videos are often minutes long and it is unrealistic to use frame-wise
features, which motivates researchers (including our work) to use high-level abstraction (e.g.,
activity semantic labels) as input. The drawback of this approach is a loss of detailed feature
information; therefore, to maintain a manageable feature history that balances fine-grained
details and high-level abstraction is the key to effectively associating past events with future

predictions and deserves further investigation.
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Chapter 4

Video trajectory prediction

4.1 Motivation

Video predictive understanding on physical motion patterns of human or robotic agents (e.g.,
2D coordinate trajectories) is as essential as those discussed in previous chapters (i.e., early
action recognition and future activity prediction). Forecasting the future trajectories of pedes-
trians in crowded scenes is an example of such research and recently has received considerable
attention [4, 72, 256, 115, 131]. It studies the ability of artificial vision systems to anticipate
the future motion of individuals from current observations and therefore is of importance to
a variety of allied areas, including self-driving vehicles, service robots and surveillance sys-

tems [190].

Research on modeling pedestrian walking trajectories has evolved from relatively simple
physical motion models (e.g., social force [82] or constant velocity [202]) to more sophisti-
cated efforts that take into account social compliance [165, 264, 198], environmental aware-
ness [140, 195, 215, 139] as well as end-goal policies [158, 37]. Recent efforts have found
notable performance improvements by encoding goal positions (also dubbed destinations or
endpoints) together with historically observed trajectories, with special effectiveness noticed
on long-term prediction horizons. These efforts operate essentially in two steps: (i) Inference
of goal positions from estimators typically trained in parallel with trajectory estimators; (ii)
subsequent trajectory prediction that forecasts unseen movement, conditioned on both the past

motion history and the inferred goal information. In nature, this scheme implicitly converts
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trajectory extrapolation to interpolation (i.e., bridging the pathway between initial trajectories

and goal positions).

Goal-based research has been seen in a variety of places, e.g., motion planning [95] and
reinforcement learning [96, 167, 53, 61]. These efforts either pre-define the desired goal space
with human supervision [40, 172] or leverage a learnable module to obtain that information
directly from input, e.g., preliminary states or raw images [167]. The latter is favored by the
general trajectory prediction field [ 158, 37], because typically pedestrians walk through scenes
that do not have a priori specified goal positions. However, this choice raises an additional
need: Training side models to infer goal positions during testing, which demands extra learn-
able parameters and goal annotations, if not given by default. Moreover, the learned goals

might not be of ideal quality, e.g., violating road boundaries or traffic rules.

4.2 Related work

4.2.1 Collective dynamic modelling on pedestrians trajectories

Human trajectory forecasting has seen great recent progress. Exploring the collective dynam-
ics behind a group of walking pedestrians in complex scenes is one of the main focuses in
the past few years [4, 72, 14, 264]. Trending techniques for modelling this social compliance
include attention [227] and graph neural network [104] frameworks. The core idea is to pass
the information of each individual pedestrian (e.g., motion history) to the neighboring agents,
therefore the decisions that are made considering his/her surroundings can contribute to a
more sensible motion forecasting, e.g., notable improvements on collision-avoidance [165]

compared to solely modelling the information of a single trajectory.

4.2.2 Modelling physical constraints

Meanwhile, modelling the constraints from physical environments (e.g., obstacles, walls,
walking/driving lanes, etc.) is another direction that has shown solid benefits [195, 130, 140,
198, 215]. Some research has implicitly conditioned the trajectory forecasting on the raw

landscape image (e.g., RGB image of the viewed scenes) [195] or corresponding semantic
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extractions (e.g., semantic segmentation maps) [130, 140, 198]. Yet, some others explicitly

build potential fields to guide pedestrians using the prior knowledge from scene images [215].

4.2.3 Future distribution modelling

Producing multi-modal predictions also has received considerable attention, as it captures
the stochastic possibilities of human daily walking patterns, cf. [72, 198, 130]. Generative
probabilistic models are used as the major source for this purpose, e.g., Variational Auto-
Encoder (VAE) [102] and Generative Adversarial Networks (GAN) [67]. Social-GAN [72] is
such a work that used random latent variables sampled from a standard Gaussian distribution
to capture variability. Meanwhile, Trajectron++ [198] provides a typical use of VAEs for
future distributions modelling. Also, there are parallel research efforts that enforce a Gaussian
Mixture Model (GMM) distribution prior on regressed output trajectories, e.g., [88, 165].
More recently, some efforts have demonstrated that the mixture of non-parametric generative
models can enhance the distribution modelling by considering the out-of-distribution (OOD)

samples [36].

4.2.4 Goal conditioned prediction

Recently, goal conditioned approaches have shown superior performance over the aforemen-
tioned approaches [222, 179, 158, 37]. One such effort models the causal relationship between
semantic goals (e.g., right-turn or go-straight) and future trajectories [179, 222, 186], while
others rely on positional goals (e.g., destination coordinates) [158, 37]. Common across these
approaches is establishment of a supervised goal estimator to assist later trajectory forecasting.
In contrast, while our work exploits goal information, it does so with a novel, nonparametric

search-based approach.

4.2.5 Expert learning

Learning from an expert is an established principle. This research direction assumes that a
group of representative examples can act as an intelligent system to model versatile real world

data. For instance, an earlier effort grouped a set of human walking examples to model crowd
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trajectories in simulation environments [129]. Some recent work also found it useful to assist
multi-modal video frame prediction [251] as well as adaptive robot locomotion generation
[253]. Other work has used example extrapolation to remedy data under-representation for
robust learning [126]. The intuition of using expert examples also has been used in recent
efforts aimed at data efficient learning (e.g., one-shot [230], prototype [208] and few-shot
[273] learning). Here, research finds that training of intelligent models can depend on only
a small amount of annotated examples, as other unobserved data can be self-annotated by

matching with adjacent expert examples [10, 64, 230, 208, 247, 126].

4.3 Overall contribution: Dynamic trajectory prediction with

expert goal examples

Our proposed solution is inspired by techniques seen in expert learning and data efficient
machine learning; see Figure 4.1 for an overview. We apply their insight on the use of ex-
pert examples to the task of goal conditioned trajectory prediction, with a particular focus on
helping the goal inference step. We make use of available trajectory training data to serve
as an expert repository that we can index into based on observed test trajectories. Then, the
goals of the indexed trajectories are used as input to our full trajectory estimator. We found
that running similarity search with a customized dynamic time warping (DTW) [197] metric
yields high-quality goal estimations for unseen test trajectories, which further produces su-
perior evaluation results for the overall forecasting. Notably, the searching step can be sped
by existing tools [166] to satisfy real-time inference. In the following sections, we provide

detailed descriptions on each introduced component.

4.3.1 Problem formulation

We seek to predict the correct future trajectory of the i pedestrian in 2D coordinates: Y =
{(#t,91) € R%t = {topst1, - tena}}» given M co-existing pedestrians and their observed
trajectories X; = {(at,y!) € R%*t = {1,...,tos}} as inputs, where i € [1, M]. More
specifically, we assume the predicted coordinates (Z°,4") are random variables that follow

a bivariate Gaussian distribution, i.e., (', 4") ~ N(uz, fiy, 0z, 0y, cOIT,, ), so that diverse
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Retrieval

Figure 4.1: Overview of the Query-Retrieval based framework. A test trajectory with un-
known future goal position is matched with expert examples that previously have been seen
and stored in an expert repository. Comparisons are based on same observation length test
(query) and stored expert example (shown as solid lines) trajectories. This step results in
multi-modal nearest trajectories with high similarity being retrieved, i.e., those shown in pur-
ple, red and green, as well as their goal positions (denoted as colored flags) as potential goals

for subsequent full trajectory forecasting.

outcomes can be sampled to support multi-modality.

Our approach proceeds in the following two steps: First, we query pseudo goal positions
(:%';e"d, Qfe”d) of the testing input, X, through a search in an expert repository of example
trajectories, X. Each entry in this repository is comprised of a trajectory sequence, X, in
the same format as X; and its corresponding end positions (e, ylend). The end positions
of the K, nearest neighbors of the test trajectory, X; € X, are returned, with K, the number
returned. The repository is built from training data, as detailed in Section 4.4.2. Second,

A,

we predict the future trajectory, Y; = f(X;, 21, 9;***), with f(-) denoting the subsequent

i
trajectory predictor. In the following sections, we elaborate how these two steps work in detail.

Figure 4.2 provides a summary of our overall approach.

4.3.2 Goal retrieval via dynamic time warping

The first component to our approach is a search engine that runs a similarity comparison on

testing data and expert examples, i.e., those contained in X. We retrieve useful goal estimates

85



according to

K
{(@, gim i)k, =S (arg min(D(X;, Xe>) , (4.1)

XeeX
where D is a distance function between two trajectories, K, above the arg min operator sym-
bolizes that the K, entries in X that yield the smallest distance are returned and S selects the
end positions of those matches. We select the K. smallest distance X, by calculating the dis-
tance between the test trajectory, X;, and each entry in X, sorting them by distance and taking
the K, with the smallest distance. S simply selects the end positions associated with each of
these trajectories in the repository. In other words, we take the goal position out of the closest

K. expert examples as the pseudo goal for testing data.

For the matching function, D(-), we find Dynamic Time Warping (DTW) works effectively
for our needs. DTW is a well-established approach for measuring the distance between tempo-
ral sequences [197]. Originally, it was solved via dynamic programming, which is prohibitive
to real-time systems due to the quadratic time and space complexity. Recently, however, it has
been relaxed in computational expense (i.e., parallel computing with CUDA acceleration),
made differentiable and gained in popularity, e.g., [31, 269, 24, 153]. What is particularly in-
teresting to us is its computational efficiency. Specifically, we follow some existing examples

[31, 24] to define the matching function y-Soft-DTW as

D(X;,X.) = DTW, (X, X.)
4.2)
= min, {(A, A(X;, X,)), A € R™™},

where A(+) is the distance matrix (e.g., Euclidean) measuring element-wise adjacency, A is
the alignment matrix that denotes the matching choices and the inner product operator, (),

yields the similarity score. Here, the soft min, min,, with v > 0, is defined as [31]

min;<, a;, v=0
min, (ay, ..., an) = : 4.3)
—ylogZi ™7y >0,

where the a; represent entries in the distance matrix and + is a smoothing factor with value

set empirically; see Section 4.4.2.

Finally, for better informed matching, we enrich the trajectory descriptors by concatenating

their motion information as velocities (V;, V.), i.e., the argument to D in (4.1) becomes
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Predicted Trajectory {Y;}

[
—_
1
Query Expert Repository

Input Trajectory {X;} Goal Fusion Encoder Social ATTN Decoder

Figure 4.2: Pipeline of our goal-retrieval based trajectory prediction algorithm. Groups of par-
tially observed trajectories, {X; }, are processed initially by a Query-Search engine operating
over an expert repository, X, to produce pseudo goal candidates, {i’ge"d, Qfe"d} (purple dashed
box). Subsequently, the fused information of observed trajectories and estimated goals, {5(1},
is forwarded through a sequential encoder ( ) where inputs are embedded in
a high dimensional feature, {h;}. Following social attention processing (Social ATTN), a
sequential decoder ( ) recursively predicts a bivariate Gaussian at every time
step. Final predicted trajectories, {?z}, are obtained via multiple sampling from the bivariate

Gaussian.

(cat(X;, V;), cat(X,, V.)). Thus, similarity considers not only geo-location, but also speed

and direction.

Figure 4.3 plots goal search results on the evaluated datasets using our approach. It is
seen that a large portion of goal retrievals are of high quality, e.g., 83% of test data from
the Stanford Drone Dataset [189] yield retrieval error smaller than 10 pixels, amongst which
more than half are close to perfection, i.e., <1 pixel error, (a). Goal searching on another
five datasets [129, 174] demonstrates consistently good results, (b)-(f). Notably, we are able
to achieve this level of performance without the need to learn a model, as the training data
serves as its own model in terms of the repository, X. Moreover, our similarity search through

the repository can be implemented with modest computational cost; see Section 4.4.5.

Following the protocol for goal conditioned trajectory prediction proposed elsewhere [158],
we assess all K, goal candidates with respect to groundtruth and select the one that provides
smallest error. Thus, only a single goal candidate, (&'"¢, §‘"*), is used along with the test

trajectory, X, as input to the trajectory predictor, as described next.
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Figure 4.3: Illustration of goal retrieval quality by plotting the bin histogram by grouping
retrieval errors (/o norm) into "bins" of equal width over test data of all datasets in our exper-
iments. X-axis stands for the error, with values closer to O the better. Y-axis stands for how
many data points are in that bin. These results are achieved via similarity searching across an

expert repository using dynamic time warping.
4.3.3 Goal conditioned trajectory predictor

We now detail our subsequent trajectory predictor incorporating past observations, X;, and

queried goal positions, (&', ¢ji***), to infer diverse and accurate predictions. Figure 4.2

1

provides an overview.

Goal encoding as shifting by goal. Our model handles goal information differently from ex-
isting work, where goal positions were concatenated with motion history in high-dimensional
feature space [158], or explicitly used to compute the remaining distance as an additional

input, e.g., [37]. Both methods lead to extra embedding efforts.

Instead, we are motivated by the intuition of shifting data according to the mean, adopted
by work in machine learning (e.g., batch normalization) and sequence modelling (e.g., tem-
poral substraction for trajectory stationarization in Trajectron++ [198]), and find it equally
sufficient to subtract goal position values from all past motion trajectories before encoding

them with Multi-Layer Perceptrons (MLPs). By performing this transformation, we incorpo-
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rate goal information into feature embedding with zero extra effort; in particular, we define

X — X ( 'end7ylend)
4.4)
en ~ten,
= {5 p0) — (@ gim), t = {1, o tons t
as our shifted input trajectory and
Fi = Wene(X) 4.5)

as the shifted encoding. F; associates the projected high-dimensional feature of 2D coor-
dinates for every time stamp, i.e., F; € RP*%bs and W,,,. € R**P. W,,,. is realized as a
MLP. An ablation study on our choice over concatenating goals with input motion history is

provided in Section 4.4.5.

Note that during training, we use the ground-truth goal positions, (z;**, y/*"*), as input for
(4.4) to prevent the learning process from being disturbed by noisy data, whereas the queried

goal positions are used for testing.

Trajectory Prediction. For computing outputs, Y, given a sequence of input embeddings,
F,, a seq2seq generator implemented as two Long Short-Term Memory (LSTM) units [86] is
adopted. Sequence generation proceeds by sequentially encoding and decoding the embedded
features, followed by mapping to intermediate results that are used recursively for subsequent
prediction according to

h* = LSTM...(FF, h¥- 1), ke (1, to), (4.6)

enc enc

where h”* _is the k" hidden encoder state and the initial hidden state, h, is sampled from a

normal distribution.

For decoding, another LSTM whose first input is set to the concatenation of the encoded
history, h.,., and the last observed coordinates, Xf””s, is used to produce an output hidden

states sequence in a recursive fashion according to

dec

hA ! — LSTM,,. (cat(henc,Yk) hdec) k€ (fopes tona), @7

where ?f is the next coordinate produced online.
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To allow multi-modal forecasting, we set the output to be the parameters of a bivariate

Gaussian cf. [165, 198]:

Py fby, Oy Oy, COITyy = Wdec(hljec); (4.8)
f/f ~ N (g, [y, Oy Oy, COITy); (4.9)
YE =Y 9k (4.10)

where W, is a MLP decoder that projects the decoded LSTM hidden state, h%_, to a five-
dimensional vector representing the bivariate Gaussian, N (fiz, fy, 04, 0y, COIT4, ). Finally,
the full prediction, Yf, can be recovered by adding the previous prediction, Yf’l and the

sampled motion vector, {ff, according to (4.9) and (4.10).

Social Compliance. To consider the collective effect from co-existing pedestrians, we fol-
low recent findings and use an attention mechanism on pedestrians that are near to each other
according to a threshold. Within the threshold, neighboring pedestrians, e.g., (X;, X;), are
given a connectivity value, C; ; of 1, otherwise 0, i.e., if d(X;, X;) < threshold: C; ; = 1; else
Ci; = 0. We use the /; norm as the distance function d(-) and choose thresholds using prece-
dent procedures [158, 198], as detailed in Section 4.4.2. The attention mechanism operates

on the last output of LSTM,,,., here simplified as h;. In particular, letting
e(i, j) = softmax(Wy - (h;) Wy(h;)), (4.11)
the attention weighted output is given as
hy =) Ciyeli,j) Wy(hy), (4.12)
jeM

where Wy and W are learned linear transformation matrices on arbitrary pairs of pedestrians

prior to normalized weights conversion, e(i,j). Subsequently, a weighted sum operation,
(4.12), is applied on the results of another learned linear transform matrix, W, to produce
the outputs. This socially attentioned embedding is more informative since it accounts for
neighboring agents’ motion history as well as their destination plans. We use this output as

the input to the trajectory decoder, (4.7), i.e., he,. = fli.
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4.3.4 Learning scheme

We found it sufficient to train the model end-to-end solely by minimizing the negative log-

likelihood of the bivariate Gaussian on all pedestrians and future times,

tp'red M

LO)=— Y Y 10g(Yi|y, fty, 0p, 0y, COITLy ), (4.13)

k:tobs+1 1=1

where 6 refers to parameters associated with all learnable modules, i.e., We,.c, Waee, LSTM,c,

LSTM. and attention module weights {W,, Wy, W, }.

4.4 Empirical evaluation

4.4.1 Evaluation protocol

Datasets. To evaluate our approach, we choose three widely examined datasets, the Stanford
Drone (SDD) [189], ETH [174] and UCY [129] datasets. SDD is a human trajectory predic-
tion dataset that consists of 20 scenes in top down view. We follow the train-test split in the
TrajNet++ challenge [116] and focus on pedestrians. The ETH dataset contains two scenes
(ETH and Hotel) and the UCY dataset contains three scenes (ZARA1, ZARA2 and UCY).
They together consist of 1536 pedestrians. For both datasets, our model takes as input an
observation of an eight timestep long trajectory and predicts the trajectory for the next twelve

timesteps.

Metrics. We present prediction accuracy in terms of two well-known metrics, Average Dis-

placement Error (ADE) and Final Displacement Error (FDE), given as

M ten Y
2 2 17 = Yl

ADE =
M xT

(4.14)

and
S|t — Yiend|

FDE =
M Y

(4.15)

where M is the number of targets, 7" is the number of predicted timesteps, Y* and Yf’ are
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the predicted and groundtruth (resp.) positions of target ¢ at time step k and t.,4 is the final

predicted timestep.

Goal-based evaluation. Extant protocol for goal-based trajectory prediction assesses an ini-
tial set of goal samplings, selects the one closest to the ground-truth final trajectory position
and then proceeds to produce midway predictions [158]. We follow the same procedure to
evaluate our model, but substitute the goal sampling with our approach to goal retrieval by
searching through an expert repository, as detailed in Section 4.3.2. Prior to selection of the
single goal candidate passed to the trajectory predictor, the initial set of candidates searched
for in the repository is K. = 20, which we found to be effective and efficient, which is vali-

dated in the ablation studies; see Section 4.4.5.

Best-of-N Sampling. We report the best ADE and FDE accuracy out of multiple sampled
results from our trajectory predictor, using the single selected goal retrieval. In the follow-
ing evaluations, NN is set to 20 for fair comparisons with existing work [4, 72]. We denote
this minimizing value as Min,, e.g., Ming, for N = 20. Various values, N € [5,10], are

considered in an ablation study in Section 4.4.5.

4.4.2 Implementation details

To build our model, we specify that LSTM,,,. and LSTM,.. have hidden states of dimension
128. For the motion history encoder, W.,,., we adopt a MLP that consists of sequential activa-
tions with shape of [2 — 512 — 256 — 128]. A similar MLP that has activations with shape
of [128 — 64 — 32 — 5] is used for the bivariate-GMM decoder, W ... For the attention
module, we specify the linear transformation matrices, Wy and W, as two MLPs with the
same shape, [128 — 256 — 64], and the W, as the same but with shape [256 — 256 — 128].

Throughout, the ReLU activation function is used to increase nonlinearity.

For the SDD dataset, training employs the Adam optimizer and a learning rate 0.0003 with
£1 =0.9 and 52 = 0.99 to minimize the loss (4.13). The batch size is 512 and the training
proceeds through 350 epochs. For the ETH and UCY datasets, the same optimizer is adopted
to train the model for 250 epochs, with a batch size of 128. The learning rate is initialized as
0.01 for the first 150 epochs, which decays to 0.002 for the rest, cf. [165]. The values for 3;

and [, are the same as for SDD.
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Evaluation Metrics (ADE / FDE) on Minyg

Models ETH HOTEL ZARAI ZARA2 UNIV AVG

Linear [4] 1.33/294 039/0.72 0.62/121 0.77/1.48 0.82/1.59 0.79/1.59
Social-GAN [72] 0.81/152 0.72/1.61 0.34/0.69 042/0.84 0.60/1.26 0.58/1.18
SoPhie [195] 0.70/1.43 0.76/1.67 030/0.63 0.38/0.78 0.54/1.24 0.54/1.15
Social-STGCNN [165] 0.64/1.11 0.49/0.85 0.34/0.53 0.30/0.48 0.44/0.79 0.44/0.75
Goal-GAN [37] 0.59/1.18 0.19/035 043/0.87 0.32/0.65 0.60/1.19 0.43/0.85
PECNet [158] 0.54/0.87 0.18/0.24 0.22/0.39 0.17/030 0.35/0.60 0.29/0.48
Trajectron++ [198] 043/0.86 0.12/0.19 0.17/032 0.12/0.25 0.22/0.43 0.20/0.39
Ours 0.30/0.62 0.09/0.15 0.15/0.31 0.12/0.24 0.19/0.44 0.17/0.35

Table 4.1: Evaluation results on the ETH and UCY datasets for next 12 timestep prediction.
Numbers are taken from the minimum ADE/FDE of 20 randomly evaluated samples, denoted
as Minyy. Though Linear is deterministic, we list it here as a sanity check. Bolded numbers

indicate best performance.

We build the expert repository, X = {X,, xfend ylena} with the same training data intro-
duced in Section 4.4.1 for all datasets. We also enrich the repository of the ETH and UCY
datasets by rotating all trajectories in a scene over a range of angles from 0° to 360° with an
interval of 15°. Random rotation is often used as a data augmentation method in recent work,
to combat overfitting [202, 198]. We find this augmentation unnecessary for the SDD dataset,
which indicates SDD is more balanced. Empirically, we set the v-Soft-DTW smoothing pa-
rameter to v = 2. The social attention threshold in Section 4.3.3 is set to 100 pixel distance for
SDD and three world distance for ETH/UCY, cf. [158, 198]. The entire framework is coded
in PyTorch and trained on a NVIDIA TITAN X GPU.

4.4.3 Comparison to alternative approaches

ETH and UCY datasets. Table 4.1 shows comparative results for our algorithm versusvarious
alternatives. Ours perform on-par with the previous best method Trajectron++ on the average
ADE (i.e., 0.17 versus0.20), while further reducing the FDE by 10% on average, with the
biggest improvement happening in the ETH subset (e.g., around 30%). We find the lowest
absolute displacement error in both ADE and FDE when evaluated on the HOTEL subset, i.e.,
0.09/0.15. The overall relative success of our approach can be explained by the discrepancy
in data use. Trajectron++ uses the full future trajectory (i.e., more than just goal positions)

to learn a latent structure in training. This structure is supposed to implicitly provide future
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information for testing. In contrast, we go further to use goal information more explicitly in
both training and testing. (We further explore the pecularities of the HOTEL dataset in the

ablation studies.)

Especially when compared with two other goal-based methods, i.e., Goal-GAN [37] and
PECNet [158], ours has shown to be more effective, likely for two reasons: First, both methods
use deep generative models with a fixed prior distribution (standard Gaussian) to approximate
the goal distribution. This paradigm has been found to suffer from diversity collapse as well
as limited sample quality [251]; second, their methods are constrained to modelling the di-
versity of goal positions, not that of other trajectory points, which naturally lose the ability to
cover a diverse set of midway trajectories. Instead, ours uses a nonparameteric approach to
goal retrieval, which decouples the goal inference from subsequent trajectory sampling, and

therefore reprioritizes the sampling on the overall trajectories.

SDD dataset. The evaluation results on this dataset can be viewed in Table 4.2 (i.e., Ours).
Looking especially at the goal based methods (Goal-GAN [37], PECNet [158] and Ours),
it is seen that more desirable performance is observed when compared to all others (e.g.,
graph neural network based EGraph [131], scene image conditioned CGNS [130] and the rest
[72, 195]). These results show solid improvement from incorporating goal information into
trajectory forecasting. Notably, our approach again achieves best results overall. Similar to
the earlier discussion, we can explain these improvements in terms of goal search with respect

to an expert repository being more effective than alternatives, which we further document in

Section 4.4.5.

To explore further the possible performance of our model, we also show results from full
twelve step trajectory sampling given retrieved goals (denoted as ours-F), rather than the
standard protocol we report elsewhere, i.e., using the goal prediction (or retrieval) results
for FDE and then merging them with the first eleven timestep trajectory sampling for ADE.
If allowed, our model produces exceptional results on FDE (e.g., 9.03 versus14.38) through
refinement of initial goal estimates. This result suggests that current goal-based evaluation

does not adequately consider the power of goal-based estimators to influence final destinations.

94



Evaluation Metrics (ADE / FDE) on Minyg
Metrics S-GAN -[72] Sophie [195] CGNS [130] EGraph [131] Goal-GAN [37] PECNet [158] Ours Ours-F

ADE 27.23 16.27 15.6 13.9 12.20 9.96 7.69 7.51
FDE 41.44 29.38 28.2 22.9 22.10 15.88 1438 9.03

Table 4.2: Evaluation results on the SDD dataset for the next 12 timesteps trajectory pre-
diction. Numbers are taken from the minimum of 20 random evaluated samples, denoted as
Mingy. F denotes the result of sampling all next 12 steps given the retrieved goals, to reveal

the full power of the presented approach.

SEEEEEmy
8
*

Model ADE FDE MC+t F+1
Goal-GAN [37] 0.55 1.03 9248 89.47
Ours 052 097 9467 91.93

Figure 4.4: Illustration of the feasibility quality of our results on the SDD Hyang4 scene.
Most of our goal retrievals (green flags) are reasonably close to GT goals (yellow flags) and

our trajectory predictions (green dotted lines) respect road boundaries. See text for definition

of metrics.

4.4.4 Feasibility of expert examples

To further validate our approach, we provide additional comparisons using the feasibility eval-
uation protocol [37] on the SDD Hyang-4 scene; see Figure 4.4 for results. Notably, two extra
metrics are designed for this purpose: mode-coverage (MC) that measures the portion of goal
predictions (or goal retrievals in our approach) that are distant to ground-truth goals up to
2m (red dotted circle) and, F, denoting the ratio of trajectories lying inside the feasible area

(manually segmented road boundary).

Mode-Coverage. This metric measures the portion of goal predictions that have distance to

ground-truth goals up to 2 meters in world coordinates. Formally, the MC evaluation metric
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is defined according to

1; W ixel-to-wor Yfend _ Yfend g 2
C() _ || pixel-t ld( )||2 w6

0, else

and R
S C(Yi, Y

M =
C i ,

4.17)

where Y'fﬁ"d and Yfe”d are estimated and groundtruth trajectory end points, resp., Wiixel-to-world
denotes the image-to-world coordinate transformation matrix, C(-) is the mode-coverage cal-

culating function and MC is the final score considering all NV testing data.

Feasibility. The I metric denotes the ratio of trajectories lying inside the feasible area.
The transformation matrix between pixel and world coordinates for this scene is provided

by [195].The feasibility score, F, is computed via

17 Y@ S oundar’
H() = 7 Seoundary (4.18)

0, else

and . )
F = Zi:l H(sz Sboundary)
N 9

(4.19)

where Spoundary is the road contour and H(-) is the function that decides if predicted trajectories

traverse boundaries.

The results of Figure 4.4 show that without using any goal learning, our results outperform
Goal-GAN [37]. We attribute this superiority to expert goal examples respecting environmen-

tal constraints, e.g., staying on walkways.

4.4.5 Ablation studies

Goal search efficiency. Our search engine runs in real-time, thanks to three main factors:
First, relaxed soft dynamic time warping that can be computed with CUDA acceleration [31];
second, fast search for the K. nearest neighbors to a test trajectory in the expert repository

[166]; third, the searched data entity is of low dimensionality, i.e., each entry is a concatena-
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tion of positions and velocities of an eight timestep trajectory. Therefore, each testing entry
would cost about 10ms to grab the nearest 20 goal examples. A thorough study of other
matching options and their efficiency is provided in Table 4.3a. Geo., Vel. and Euc. denote

geo-locations, velocity and Euclidean, resp. Our proposed approach is denoted DTW-Dual.

Use of goal information. Given that existing work has turned to different strategies for em-
ploying goal information, we conduct experiments to systematically validate them. In par-
ticular, we study four goal use strategies: Our proposed Goal-Shift (Eq. 4.4) that subtracts
goal positions from input trajectories; Goal-Cat that concatenates goals with raw inputs before
encoding; Goal-Cat2 that concatenates encoded goals and inputs in feature space, cf. [158];
finally, Goal-Res that concatenates the ongoing prediction and its residual distance to the goal,
cf. [37]. Results are listed in Table 4.3b. Check mark indicates that the approach incurs extra
parameters. We find that the simplest strategy, i.e., Goal-shift, produces the best ADE / FDE

and that is what we use for all results reported elsewhere in this work.

Table 4.4 shows results of using our predictor without conditioning on goal information.
Comparison to results from the full approach (Tables 4.1 & 4.2) shows considerable benefit
of goal conditioning. Table 4.4 also shows results when rather than invoking our predictor,
trajectory prediction is based simply on the next twelve timesteps of the best matched eight
timestep trajectory in the expert repository. Again, it is seen that the full approach provides

much better results.

Number of samples. Table 4.5 has results of different combinations of K, and N, which
always sum to 20, as previous approaches typically rely on a total of 20 samples. We find that

a good balance between goal candidates and trajectory prediction samples, (e.g., K, = 12,

Match D(-) ADE  Time

DTW-Dual. 7.69 10.9ms
DTW-Vel. 795 7.1ms
DTW-Geo. 8.68 7.1ms
Euc.-Vel. 8.43 6.2ms
Euc.-Geo. 901 6.2ms

Methods ADE Param

Goal-Shift  7.69 X
Goal-Cat  10.74 v
Goal-Cat2  9.06 v
Goal-Res  11.43 v

b) Goal ison.
(a) Goal search comparison. (b) Goal use comparison

Table 4.3: Ablation studies for accuracy and search speed versusmatching function as well as

accuracy versusgoal-encoding on SDD. See text for details.
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ETH-UCY SDD
ADE FDE ADE FDE

Predictor w/o goal 0.35 0.65 16.35 20.65
Retrieval only 1.34 1.81 3235 46.46

Dataset

Table 4.4: Ablation results based on our trajectory predictor without goal conditioning and

on a retrieval-only approach.

K. 5 10 12 15 20 20
N 15 10 8 5 1 1*

ADE 1039 9.65 943 989 1324 9.1
FDE 23.40 1843 17.32 15.82 1438 15.20

Table 4.5: Ablation study on two hyperparameters, i.e., K. and /N, which correspond to the
top two rows. Each cell shows results of different configuration on the SDD dataset in the

ADE / FDE metrics. * denotes results from our goal and pretrained trajectory predictor of
PECNet [158].

N = 8), excels on the ADE,; yet, the larger the K, the lower the FDE.

Table 4.6 further shows more generally that while more goal samples yields better results,
in most cases there are diminishing returns beyond 20 samples. We also see that the retrieved
goal results most favor the HOTEL subset amongst the five, i.e., smallest displacement error
with groundtruth goals against goal candidate at all levels. This may be explained by a greater

portion of its trajectories being linear, cf. results of Linear in Table 4.1.

Repository size. Table 4.7 shows accuracy results as the size of the repository is reduced
systematically, i.e., few-shot goal retrieval. It is seen that there is only a gradual fall-off in

accuracy as fewer entries are made available.

Compatibility. As another comparison, for the single-shot trajectory prediction setup (i.e.,
N=1) in the right-most column of Table 4.5, we insert our goal retrieval results into the pre-
trained trajectory predictor of PECNet [158]; we choose that predictor module as it is trained
intentionally for deterministic prediction. We see that our goals bring instant improvement,
without any modification on either side. This result reaffirms our goal retrieval quality, e.g.,
as shown in Figure 4.3, as well as that our goal retrieval module is readily compatible with

other approaches.
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ETH HOTEL ZARA1 ZARA2 UNIV

K.=5 1.01 0.27 0.45 0.45 0.60
K.=10 0.71 0.17 0.34 0.31 0.49
e =20 0.62 0.15 0.31 0.24 0.44
=050 048 0.09 0.25 0.19 0.41

Table 4.6: Goal retrieval quality versusvarious number of repository search candidates, i,
on the ETH and UCY datasets. Lower is better.

R(%) 10 20 30 40 60 80 90

ADE 9.12 868 8.10 802 784 7.73 7.0
FDE 18.83 17.06 16.20 15.80 15.92 14.46 14.40

Table 4.7: Ablation study on few-shot goal retrieval by having only a percentage, R, of the

original repository available for the SDD dataset.

4.4.6 Goal and prediction visualization

To understand further why our model exhibits its strong results, we show visualizations of goal
retrievals and trajectory predictions in Figure 4.5. Results from another goal-based work, i.e.,
PECNet [158], are also given. For both datasets, we provide three types of visual examples to
shed light on the reasons behind our results: equally good for both approaches, ours performs

better and both fail.

For the ETH/UCY datasets, i.e., the top row in Figure 4.5, we plot testset trajectories of the
ETH subset, from which we have seen the most improvement. We observe that our method
performs on-par with PECNet on linear-like trajectories (a), while ours can achieve better
predictions on trajectories with relatively high curvature (b and c¢). The reason might be that
DTW is efficient at curvy shape matching, cf. [269]. Yet, both methods fail at the U-shape
trajectory (d).

For the SDD dataset (bottom row), the same good performance on linear trajectories is
observed by both methods, (a). However, our approach performs much better when it comes
to special road conditions, e.g., 4-way intersections and pedestrian stairs, (b). We believe
the reason is that a few expert examples have been found behaving similarly at nearby geo-
locations. We also see improved results on cases where the alternative fails to match the speed

of future trajectories, e.g., either too fast or too slow, (c). This result can be attributed to use
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of velocity in our goal searching module that explicitly considers matching quality in motion.
Again, for failures, neither approach captures complex motion dynamics, e.g., 180° turn or

unanticipated right turn, (d).
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4.5 Conclusion

We have introduced a novel approach to pedestrian trajectory prediction, where the key in-
novation is the use of goal search through an expert repository to provide endpoints for goal
conditioned prediction. Our approach does not require learning of model parameters for goal
generation, yet produces high accuracy goals at modest computational expense. We also pro-
pose a novel way to use goal data (shifting by goal) that is simpler and incurs less overhead
than current alternatives, yet sets a new state-of-the-art on the SDD, ETH and UCY datasets
with the goal conditioned predictor we implemented. Moreover, when using our goals as
input to an alternative goal conditioned trajectory predictor (PECNet) its performance also

improves, which suggests broad applicability of our approach.

One drawback of our approach is that we assume the existence of expert repositories for
the viewed scenes, which might not hold when it comes to unseen environments. How to
adapt existing repositories for previously unreleased data is a challenge. Domain adaptation
techniques could be a potential solution. Another limitation of the current approach is lack of
interpretability of the learned components in the trajectory predictor. While the goal indexing
via search through an expert repository is transparent as is the shift by goal encoding, the

subsequent components of the predictor require further interpretation.
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Chapter 5

Weakly supervised procedure planning in

instructional videos

5.1 Motivation

Procedure planning is a natural task for humans — one must plan out a sequence of actions that
takes one from the current state to the desired goal. While effortless for humans, procedure
planning is notoriously hard for artificial agents. Nevertheless, solving procedure planning
is of great importance for building next-level Al systems capable of analyzing and mimick-
ing human behaviour, and eventually assisting humans in goal-directed problem solving, e.g.,
cooking, assembling furniture and other tasks that can be represented as a clear set of instruc-
tions. Traditionally, procedure planning has been addressed in structured environments, such
as object manipulation on a table surface [52, 212]. While restricting the environment helps
improve planning it also limits the range of possible applications. Here, we follow more recent
work [25] and tackle procedure planning in the realm of instructional videos [224, 274]. Given
visual observations of the start and goal states, the task is to predict a sequence of high-level
actions needed to achieve a goal; see Figure 5.1. This task is particularly challenging as it
requires parsing unstructured environments, recognizing human activities and understanding
human-object interactions. Yet, the range of applications for such planners is broad, which

motivates research efforts on this problem.

Current approaches for procedure planning from instructional videos share one serious
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Joint Representation Learning
Supervised by language instructions (ours) W|th a Contrastive LOSS

________ I TTTTTTTA
Add 1 ! Open 1 |PutSteak M
Seasoni 1 Lid E On Grill 7 ‘ {ll}
1
1 1 1

Iy [, I3

1:24-1:32 1:43 - 2:07 2:56 - 2:59 3:58 - 4:15 5:07 - 5:31 t

Joint text-video
S1 e Sy ey S3 ez

embedding space*

Figure 5.1: (Left sub-figure) Illustration of weak language supervision for procedure plan-
ning fully supervised approaches (bottom row) learn models from step labels, a;, and interme-
diate visual representations, v;, over 7' finite steps. This strategy requires knowing the starting,
s;, and ending, e;, timestamps, for each intermediate step. In contrast, our approach (top row)
exploits natural language representations, /;, of the intermediate labels, a;, as a surrogate su-
pervision, which only requires labeling the order of events. Note that the action label, a;, is
a discrete variable, whereas the action language representation, /;, is a pre-trained continuous
embedding. (Right sub-figure) The learned joint embedding space of video and language.
Representations (e.g., colored circles connected with {/;} and {v;}) from each modality are
clustered much closer if they share the same semantic meaning, e.g., the text of “cook steak”

and its RGB image. In this way, features of different modalities become interchangeable.

limitation — reliance on strong supervision with expensive annotations [25, 13, 219]. Specifi-
cally, all such methods require access to (i) a list of action labels used to transition from start
to the goal state and (ii) the visual representation of the intermediate states. Using such inter-
mediate visual representations entails very expensive annotation of the start and end times of
each intermediate instructional step; see Figure 5.1 (bottom). In contrast, our work removes
the need for intermediate visual states during training and instead uses their linguistic repre-
sentation for supervision. Relying on language representations allows us to better leverage
instructional videos and significantly reduce the labeling effort; see Figure 5.1 (top). For ex-

ample, language annotations for the intermediate instructional steps could be extracted from
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general procedure descriptions available in recipes or websites, e.g., WikiHow [83]. In con-
trast, to obtain the timestamps for intermediate instructional steps one must watch the entire
instructional video. In addition, a language representation can be a more stable supervisory
signal [176], as the description of a given step (e.g., add seasoning) remains the same, while

its visual observation varies across different videos.

Previous work on procedure planning from video relies on a two-branch auto-regressive
approach while adopting different architectures to model these branches [25, 13, 219]. In
such models, one branch is dedicated to predicting actions based on the previous observation,
while the other approximates the observation given the previous action in a step-by-step man-
ner. Such models are cumbersome and compound errors, especially for longer sequences. In
contrast, we rely on a single branch non auto-regressive model, implemented as a transformer
[227] that generates all intermediate steps in parallel conditioned on the start and goal ob-
servations. Finally, no previous effort has captured multiple possible procedure variants, i.e.,
given a start observation of a raw steak and a final observation of slicing a cooked steak (Fig-
ure 5.1), there are multiple ways to realize the goal from the start. Our approach deals with

this important fact about real-world procedures through probabilistic modeling.

5.2 Related work

5.2.1 Procedure planning

Traditionally, goal-conditioned planning has been studied mostly in physical environments,
e.g., robotic motion planning [95, 53, 61] and human pedestrian trajectory planning [158].
Recently, the task of procedure planning from instructional videos was introduced [25]. Vari-
ous approaches have made use of RNNs [25], transformers [219] and adversarial policy plan-
ning [13]; all have used two-branches and strong visual supervision. In contrast, we model
the actions directly using a non auto-regressive transformer-based architecture. More impor-
tantly, we use low-budget weak supervision in the form of language instructions instead of

supervising the model with “costly”” visual observations as done by all existing approaches.
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5.2.2 Supervision with natural language

A common alternative to training visual models using manually defined label sets is to exploit
semantic supervision from natural language. Using natural language as supervision has sev-
eral advantages: (i) language annotations can be collected automatically [163]; (ii) modeling
language and vision jointly can produce stronger representations [39]; (iii) such supervision
can achieve better generalization to unseen domains [176]. Such benefits resulted in a grow-
ing interest in using language as supervision for variety of tasks, e.g., image classification
[65, 94, 39], representation learning [162, 250], video retrieval [163, 57], step localization
[41, 162] and navigation with instruction following [171]. We use advances in joint video
and language modeling for procedure planning. We use pre-trained features [162] to map
language and video to a common space and replace expensive video supervision with readily

available language instructions

5.2.3 Sequence modeling with transformers

Procedure planning is a task of conditional sequence prediction and thus it directly benefits
from recent advances in sequence modeling. One of the strongest recent approaches to se-
quence modeling is the transformer architecture [227], which has been adopted for a wide
variety of tasks, e.g., image [6], video [9] and multi-modal data [147, 149, 250] tasks. Recent
work adopted the transformer decoder architecture for fixed-size set prediction via learnable
input queries [21, 262]. We build upon similar ideas by setting the first and last queries to cor-
respond to the start and goal observations, while making the intermediate queries learnable.
To improve long-range sequence modeling and help overall sequence coherence, recent work
augmented transformers with an explicit external memory [127, 244]. For the same reasons,

we also integrate a learnable memory module.

5.2.4 Future prediction
The task of procedure planning is closely related to future prediction, where the start and

goal states are given. A key consideration in future prediction is modeling prediction uncer-

tainty from partial initial observations. One common approach for modeling uncertainty is a
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Variational Auto Encoder (VAE) [102] that captures the distribution over future actions. An-
other approach is to use generative adversarial networks (GANSs) to forecast multiple, distinct
and high quality future activities [267, 175]. In this work, we adopt the generative modeling

framework to model distributions over possible plans.

5.3 Overall contribution: Probabilistic procedure planning

via weak natural language supervision

Here, we present our approach to procedure planning that relies on three main components.
First, we predict all steps in the plan in parallel using a non auto-regressive transformer de-
coder. To obtain coherent plan predictions, our transformer is augmented with a learned mem-
ory shared across all possible tasks in a given dataset (Section 5.3.2). Second, to model the
uncertainty inherent to the task, we include a generative component trained with an adver-
sarial loss. As a result, we can infer multiple feasible plans conditioned on start and goal
observations (Section 5.3.3). Third, to supervise the transformer’s outputs, we use the cross-
entropy loss on action predictions and a contrastive loss to match visual state predictions with
the corresponding language descriptions (Section 5.3.4). Figure 5.2 provides an overview of

our approach, which we detail next.

5.3.1 Problem formulation

Given a start visual observation, v+, and a desired visual goal, vy.4, Our task is to predict
a plan defined as the sequence of 7' intermediate action steps, @ = a;.7, taken to transition
from vgsq,4 10 Vgoqr. We overscore with ~ to indicate our predictions, while the lack of such
overscoring indicates ground truth (GT). At training time, given vy, and vgoq, We predict a
plan, 7, and corresponding visual observations, v1.7. We use the intermediate action labels,
a1.7, to train the plan prediction, 7, and corresponding language descriptions (embedded with
a pre-trained text encoder), /1.7, to supervise the intermediate visual observations, v1.7. That
is, we substitute the visual information about intermediate instruction steps, vy.7, with their
language counterparts, .7, to train the planner; see Figure 5.2. We believe such supervision

substitution is meaningful, as we are using a strong pre-trained vision-language encoder [162],

107



1. Construct input query 2. Generate a plan 3. Compute total loss
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Action supervision State weak supervision State adversarial supe
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Figure 5.2: Overview of our pipeline for procedure planing. First, we embed the visual obser-
vations of the start and goal states (i.e., black nodes), attach them to the sequence of learned
queries (i.e., colored nodes) and add random noise to the resulting input sequence. Second,
we pass the input to the transformer decoder that interacts with the global memory to gener-
ate feasible procedure plans. Third, we produce state and action vectors, {?;, a;}, and use a

number of losses, £ (described in Sec 5.3.4), to supervise our architecture.

mapping visual activities and their descriptions in a common space, thus making visual, vy,
and language, [;, features, corresponding to the same activity, interchangeable for training.
In contrast, previous work assumes access to the set of intermediate action-observation pairs
(i.e., a1.7, v1.7) [25, 219, 13], thereby requiring strong supervision to identify all intermediate
visual observations. At inference time, we only use the start and goal observation, to predict

aplan, 7 = ay.p, for a given time horizon, 7.

5.3.2 Memory augmented transformer decoder

To implement our planner, we use a non auto-regressive transformer decoder architecture
[21, 262]. Our transformer decoder takes two input types; namely, learnable queries aug-
mented with the start and goal observations and a learned memory component, and outputs

action and intermediate state predictions, as illustrated in Figure 5.2.

Conditioned learned-query input. The first input to our approach is a set of queries, i.e., Q =
[@start, Q15 - - - G7—1, Qgoat |, Where the first and last inputs correspond to the representations of
our initial and goal visual observations, vs.r+ and vy, respectively, while g;.7—; are a set of
learned queries. Queries, [qi, - .. ,qgoal], are associated with the action labels, a;.r, that we

wish to predict. To communicate information about the order of elements to the decoder, we
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add to each query a fixed cosine positional embedding [11], p;, as follows

Q: [qstart +p07---aqt +pt7'-'7QQoal+pT]a (51)

where ¢, and p, all are encoded as d dimensional embeddings, (i.e., ¢, p, € R?) and t =
1,...,T—1.

Learned memory input. The second input to our transformer decoder is a learned memory
component that is common across all examples in a given dataset. The memory is defined as

a set of d-dimensional vectors
M = [my, ma, ..., my] € R (5.2)

where n is the number of learnable vectors in the memory bank. Notably, the size of the
memory (i.e., number of entries, n, in the memory) is a hyperparameter that is independent
from the prediction time horizon. We use read-only memory [159] and share it among all

layers for simplicity.

Memory-augmented transformer decoder. Our architecture is a stack of standard trans-
former decoder blocks [227] (see Figure 5.3), where each such block has access to the global
learnable memory, (5.2). Specifically, the memory-augmented transformer block consists of
two key operations. First, the input is processed with the self-attention operation. Second, the
cross-attention module attends to the learnable memory to generate the output. The input to
self-attention in the first transformer block corresponds to the query, Q. All cross-attention
blocks access the same memory, M. Intuitively, the memory module can be seen as a collec-
tion of learnable plan embeddings shared across the entire dataset. Empirically, we show that

the memory module plays a key role in our framework.

Our transformer decoder, 7, consists of a stack of N such memory-augmented blocks. We
add two output heads (implemented as multi-layer perceptrons (MLPs)) at the final decoding
layer. One head, h,, yields intermediate predicted actions, a;, while the second, h,, yields

corresponding intermediate visual representations, v;, according to

dl:T - ha(T(Qu M))7 61:T = hU(T(Q7 M))a (53)
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Figure 5.3: Illustration of the transformer block with self-attention and cross-attention with
memory. The learned memory, M, serves as an external memory bank and is globally shared

across all transformer blocks. K, V and Q symbolize key, value and query, resp.

5.3.3 Adversarial generative modeling

To capture the uncertainty in prediction, where multiple plans from v4,+ t0 V404 are plausible,
we augment our model with a stochastic component using generative adversarial learning
[67]. To make the generation process conditional on the input, we augment the entire query
input, (5.1), with a random noise vector, z ~ N (0,1),z € R?, through concatenation. The

new query input sequence to our transformer, 7, thus becomes

Q" ={la; 2] | & € Q}- (5.4)

We employ adversarial training wherein the generator, G, is trained to produce realistic
action sequences, while the critic, C', provides the supervisory signal for training G [8]. In
our case, we treat the memory-augmented transformer, 7, as the generator, G (i.e., G =
ho (T (Q*,M))), while the critic is modeled by a simple MLP. More precisely, we pass the

output of our transformer, v;.7, concatenated along the temporal dimension, to the critic, C,
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which outputs a value between 0 and 1, indicating its ability to discriminate between the
predicted and ground-truth sequence, as depicted in Figure 5.2. Notably, to avoid the notorious
issue of mode collapse associated with training GANSs [213] (i.e., regardless of variations in
random latent noise, 2), we follow previous work [143, 254, 267] and include the normalized

distance regularizing loss, as defined in Equation 3.15.

5.3.4 Training

To supervse our transformer, we rely on two complementary loss functions that enforce our
transformer to decode the correct set of action labels in the procedure as well as corresponding
visual representations. We also use an adversarial loss to train the stochastic component of

our model.

Visual step supervision. One of the outputs of our model at training time is the sequence
of visual features, corresponding to the procedure steps, v1.p. To supervise the visual fea-
tures with corresponding language features, /1.7, we adopt contrastive learning [74]. For each
feature, vy, predicted by the transformer’s head, h,, we use the corresponding ground-truth
language embedding, /;, as the positive example and all the other embeddings in the language

vocabulary, {/;}, as negative examples. The contrastive loss is calculated as
exp(l¢-¢)
Et 1 |:10g > exp(ly vt):| (5.5)

where (-) denotes the dot-product operator. Note, we use all examples in the language vocab-
ulary as negatives as our vocabulary is typically small (< 1K elements) and doing so allows

for better training compared to per-batch negative sampling, cf. [79].

Action plan supervision. We also enforce the action prediction head, h,, to output sequences
of action probabilities, a;, corresponding to ground-truth one-hot labels, a,. For this purpose,

we use the cross-entropy loss

= - alogd. (5.6)
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Adversarial supervision. To model uncertainty, we use adversarial training on the visual
state predictions, v1.7. The goal is to make predicted visual observation sequences indistin-
guishable from feature sequences composed of the ground truth language step description,
l.7. We optimize the generator, (G, (our transformer) and the critic, C, (an MLP) using an
adversarial loss [8]

Loy = mc;ln max V(G,C,Q*, M), (5.7)

where V is the standard GAN objective, defined as
B paara 108C (D] + Einp.flog(1 — C(hy(T(Q7, M))))], (5.8)

with [~pg.:a and z~p, denoting the data distributions of the language representation and ran-

dom noise, respectively.

Diversity regularizer. In addition to the contrastive and cross-entropy losses, we also use
an adversarial loss to train the stochastic component of our model. To effectively capture the
different modes present in the data and avoid the notorious mode collapse problem of GAN:Ss,
we apply the recently proposed latent code normalized distance regularizing loss [254, 143,

258, 267] defined as

17, (T(Q, M)) — A (T(Q, M)

Ere = _Ez1 z 5.9
e [Ea=? 69
Complete loss. Overall, our full loss function is defined as

L(0) = ML+ AL+ A3Lagy + MLreg, (5.10)

where 6 refers to the parameters associated with all learnable modules, i.e., queries, mem-
ory module, as well as the transformer decoder and discriminator parameters and )., are

empirically determined loss weights.

112



5.3.5 Inference

At inference time, we use our transformer as a generative model to sample multiple procedure

¥ = a} , for the same input start and goal observations. This operation is achieved

plans, 7
by drawing K latent noise vectors, z*, and forwarding them through our transformer, 7, con-

ditioned on a single start-goal observation, as follows
7 = ho(T(Q*",M)), 2" ~ N(0,1), (5.11)

fork=1,.... K.

To obtain a probability distribution over actions at each timestep, ¢, of the plan, given by

our model, we calculate action frequencies as follows:
_ 1 K
H:alzT:EZ[a’f,...,&g]. (5.12)
k=1

Given that af are one-hot vectors, each a; results in a marginal distribution over actions at a

specific timestep, t.

Most standard benchmark metrics for procedure planning, such as Success Rate, Accuracy
or IoU (see Section 5.4.2), require a single action sequence output for evaluation. To compute
the most probable action sequence, induced by our action distribution, I, we use the Viterbi

algorithm [231], as commonly seen in sequential labeling work [188, 106, 105, 187].

Traditionally, the Viterbi algorithm is used to find the most probable path in the first-order
Markov model of a dynamic system. For a sequence of length 7" and N, possible states of the
system, the Viterbi algorithm relies on two main inputs: (i) a transition matrix, A € RNa*Ne,
capturing the probability of transitioning from one state, a;, to another, a;, (ii) an emission
matrix, B € RT*Ne describing the probability of each state, a;, given a set of observations.
In our work, we use the marginal state probabilities for each timestep as the emission matrix,
B, and estimate the transition matrix, A, directly from the ground-truth plans. Specifically,
the transition matrix, A, is calculated based on the action co-occurence frequencies in the
training data. To calculate the value of A; ;, we must find the number of times action a; is

followed by action a; in the ground-truth plans. We then normalize each row of A to sum to

1, by applying L;-normalization followed by a softmax with temperature 7 = 1.
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5.4 Empirical evaluation

In this section, we evaluate our overall model in comparison to alternative approaches and also
evaluate the role of each module of the model. We include evaluation on the largest labeled
instructional video dataset, which has not been used previously for the task of procedure plan-
ning due to the need of strong supervision in previous work (Section 5.4.3). We also provide
prediction uncertainty evaluation in procedure planning for the first time, which sheds light

on our approach and the task of planning itself (Section 5.4.4).

5.4.1 Implementation details

Our planner operates on video and language features, pre-extracted by a model trained for
joint video-text embedding [162] using the HowTo100M [163] dataset and self supervision.
We use a memory-augmented transformer with two layers and eight heads, and optimize it for

200 epochs with ADAM [101] on a single V100 GPU.

Our model uses pre-extracted language and vision features, with a model trained on the
HowTo100M dataset for joint text-video embedding [163]. This backbone model embeds both
vision and language inputs into 512 dimensional features. For our model, we use a transformer
decoder [227] with eight heads, two layers and 128 dimensional hidden states. Note that we
provide an ablation on our architecture choices in Section 5.4.5. Since our pre-trained features
are of dimension 512, we embed our initial features using a multilayer perceptron (MLP) with
shape [512 — 256 — 128] interspersed with ReLU nonlinearities. A similar MLP is used
to project the ground-truth language features, /;, to the same dimension. For the memory
module, we empirically set the number of memory entries, n, to 128. For the critic, C, we use
another three layer MLP with shape [256 — 64 — 32] with ReLU activations in all layers.
The dimension of the noise vector, z, is empirically set to 32. We train our model for 200
epochs with an initial learning rate set to 7 x 10~* and decayed by 0.65 every 40 epochs. The

best performing model on the validation set is used to report the final test set results.
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5.4.2 Evaluation protocol

Datasets. For evaluation, we use three different instructional video datasets, namely, CrossTask
[274], the Narrated Instructional Videos datasets [5] (NIV) and COIN [224]. CrossTask con-
tains 2750 videos, depicting 18 different procedures and an average of 7.6 actions/video; the
NIV dataset is much smaller with 150 videos, 5 procedures and 9.5 actions/video on average.
COIN is the largest dataset in our evaluation. It contains 11827 videos, 778 procedures and
3.6 actions/video. Depicted procedures vary widely, e.g. Make Taco Salad and Change Car

Tire.

Data curation. Following previous work [25, 13], for each instructional video, we start by
extracting the ordered list of all actions, a;.y, present in the video. We also collect language
descriptions, [;.y, corresponding to each action, a;. In addition, to obtain various start and
goal observations, we also extract corresponding visual observations, v;.y, by locating the
start and end times of each action following previous work [25, 13]. Note that this information
is only used for data curation and not for training as done in previous work. Each video is

therefore described as the ordered set of tuples

V =[(a1,l1,v1), ..., (an,In,vN)], (5.13)

where N is the total number of actions present in the video.

Given the video, V, represented with (5.13), we curate a set of plans with prediction time
horizon 7" by sliding a window of size T"+ 1, such that a; ... and [, 1.+ 7 represent the set

of action plans we need to predict, whereas v; and v, 7 represent vgq,¢ and vgoq;, respectively.

Metrics. Following previous work [25, 13, 219], we evaluate the performance using three
increasingly strict metrics. (i) mean Intersection over Union (mloU) treats the predicted and
ground-truth action sequences as sets, and measures the overlap between these sets. mloU
is agnostic to the order of actions and only indicates whether the model captures the correct
set of steps needed to complete the plan. (ii) mean Accuracy (mAcc) performs element-wise
comparisons between the predicted and ground-truth action sequences, thereby considering
the order of the actions as well. (iii) Success Rate (SR) considers a plan successful only if it

exactly matches the ground truth.

Protocols. There exist two different evaluation protocols on CrossTask, namely “Protocol 17
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and “Protocol 2”. In all our experiments, save one, we follow previous work [25, 13] and
use “Protocol 17, which relies on the sliding window based data curation procedure described
above. In addition, “Protocol 17, uses a 70/30 train/test dataset split. For the long horizon
planning experiments on CrossTask, we also adopt an additional protocol, proposed in re-
cent work [219] and referred to as “Protocol 2. The main differences of “Protocol 2” can
be summarized in the following three points: (i) Instead of relying on a sliding window to
consider all procedure plans of time horizon I’ for each video, “Protocol 2” randomly selects
one procedure plan of horizon 7' per video. (ii) “Protocol 2 uses 85/15 train/test split. (iii)
“Protocol 2” predicts actions, a;.7_1, which concretely means that, for a prediction horizon,
T', it actually makes 7" — 1 predictions. For COIN and NIV datasets, we use only “Protocol

1”” mentioned earlier in this paragraph, as their evaluation protocols.

Probabilistic metrics. We also evaluate the stochastic nature of our model by measuring
the following probabilistic metrics: (i) The Kullback—Leibler (KL) divergence between our
predicted plan distributions and ground truth; (ii) how well the ground-truth modes are cov-
ered by our results (Mode Recall); (iii) how often our plans correspond to the ground-truth
mode (Mode Precision). To this end, for each {start, goal} observation, we draw (C = 1500)
samples from our generative model and explicitly approximate a distribution, as described in
Section 5.3.5. For completeness, we also evaluate using more standard probabilistic prediction

metrics, including Negative Log Likelihood (NLL) and the cosine distance [32, 161, 267].

Baselines. Here, we provide a more detailed description of the procedure planning compar-
ison approaches considered below. Unlike in previous chapters, we provide these details on
alternatives because some have not been used previously for the task at hand (e.g., Random

and Retrieval-Based).

- Random. As an elementary baseline, we randomly select action steps from the entire vo-

cabulary with equal probability (i.e., uniform distribution) for evaluation.

- Retrieval-Based. For each start and goal observation pairing, {vstart, Ugoa: }» in the test set,
this method retrieves the nearest neighbor in the train-set based on visual feature similarity.

The plan labels associated with the retrieved nearest neighbor is used for evaluation.

- WLTDO [42] and UAAA [1]. These two frameworks use recurrent neural networks (RNN)

[191] for action planning from the visual observation input.
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T=3 T=4

Models Supervision SRT mAcct mloUT SRT mAcct mloU 1
Random - <0.01 094 1.66 <0.01 0.83 1.66
Retrieval-Based - 8.05 23.30 32.06 3.95 22.22 36.97
WLTDO [42] - 1.87 21.64 31.70 0.77 17.92 26.43
UAAA [1] 2.15 20.21 30.87 0.98 19.86 27.09

2.89 24.39 31.56 1.19 21.59 27.85
12.18  31.29 47.48 5.97 27.10 48.46
18.01 43.86 57.16 -
21.27  49.46 61.70 16.41  43.05 60.93
23.34  49.96 73.89 1340 44.16 70.01

UPN [212]

DDN [25]
Ext-GAILw/o Aug. [13]
Ext-GAIL [13]

Ours

C<< <<

Table 5.1: Evaluation of procedure planning results on CrossTask for prediction horizon 1" €
{3,4}. The column name Supervision denotes the type of state supervision applied in training,

with V and L denoting visual and language state representation, resp.

- Universal Planning Networks (UPN) [212]. UPN is a physical-world path planning algo-
rithm with a continuous action policy. We follow previous work [25] to modify it via append-

ing a softmax function for the discrete action space.

- Dual Dynamics Networks (DDN) [25]. DDN models the state-action transition of procedural
plans with a two-branch auto-regressive model. The state branch is modeled with an MLP,

while the action branch uses an RNN.

- PlaTe [219]. This method simply replaces the models used in the two-branch model of DDN

with autoregressive transformer modules.

- Ext-GAIL [13]. This method uses reinforcement learning techniques for procedure planning

and augments the DDN architecture with a context latent variable.

5.4.3 Comparison to alternative approaches

CrossTask (short-horizon). Table 5.1 compares our weakly-supervised approach to a num-
ber of alternatives, including the fully-supervised state of the art, across the two prediction
horizons typically reported in this task. Our results are consistently better, except for the
success rate (SR) at 7' = 4, where we are the second best approach. The performance im-
provement in SR is especially striking at short-term horizon, 7" = 3, where we outperform
the previous best (i.e., Ext-GAIL) by more than 2%, while using weaker supervision. No-

tably, Ext-GAIL achieves its level of performance via data augmentation, which allows it to
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have 30% more training data. In a more similar setup (i.e., when Ext-GAIL does not use data
augmentation) the performance gain of our method over “Ext-GAIL w/o Aug" is 5.3%. Im-
portantly, our results are obtained with weaker supervision, which speaks decisively in favor

of our approach.

We also notice a larger gain in mloU compared to previous work, i.e., 73.89% versus
61.70% for T' = 3 and 70.01% versus 60.93% for T' = 4. This result suggests that our ap-
proach is better at capturing feasible action steps than other approaches (e.g., never producing
pour water when input observations are related to making a salad). We hypothesize that this
performance is enabled by the language-based contrastive learning, which is more effective at
clustering latent representations than its vision counterpart. For example, while some visual
observations can look similar (e.g., pour water and add oil), the distinction between the two
is clearer in natural language. Finally, the level of improvements in mIoU and mAcc is typi-
cally higher than the gain in SR. We attribute this result to the uncertainty inherent to the task
(i.e., multiple feasible plans for the same start and goal observations). We explore this aspect
in greater detail in Section 5.4.4. Moreover, thanks to the non-autoregressive nature, we are
4 times faster at inference, e.g. 6.75ms (ours) versus 27.34ms DDN [25] on CrossTask for
T =3.

CrossTask (long-horizon). We now evaluate our model’s ability to predict plans for longer
time horizons (i.e., 7' € {3,...,6}). We compare to previous approaches that reported results
on such horizons. There are two different protocols for these settings. (i) Protocol 1 [25] and
(ii) Protocol 2 [219]; see details in Section 5.4.2. For a fair comparison, we present our results

using both protocols in Table 5.2 and show that our approach is the most effective on both.

NIV. Following previous work [13], we also evaluate our model on the smaller NIV dataset.
The results in Table 5.3 are consistent with our results on CrossTask. Once again, our approach
is the top performer across all metrics. This result suggests our language supervision works

for smaller datasets as well.

COIN. To show the capability of our method to scale, we evaluate our method on the largest
labeled instructional video dataset (i.e., COIN). As we are the first ones to perform procedure
planning on such a large-scale dataset, there is a lack of comparison methods. Therefore, we
follow existing work [25] and include three baselines: (i) Random selection; (ii) Retrieval-

based; (iii) and a re-implementation of the DDN model [25], using our video features, de-
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T=3 T=4 T=5 T=6

Models SRt SRt SRt SRt
Retrieval-Based 8.05 3.95 2.40 1.10
DDN [25] 12.18 5.97 3.10 1.20
Ours (Protocol 1) 23.34 1340 7.21 4.40
PlaTe [219] 18.5 14.0 10.0 7.5
Ours (Protocol 2) 24.4 15.8 11.8 8.3

Table 5.2: Success Rate evaluation of procedure planning results on CrossTask [274] that

extends to longer prediction horizon, 7.

NIV COIN
Horizons Methods Sup. SRT mAcct mloUf SRt mAcct mloU?T
Random - 2.21 4.07 6.09 <0.01 <0.01 2.47
Retrieval - - - - 4.38 17.40  32.06
T=3 DDN [25] V 1841 3254 56.56 139 20.19 64.78
Ext-GAIL [13] V2211 4220 65.93 - - -
Ours L 24.68 49.01 7429 154 21.67 76.31
Random - 1.12 2.73 5.84 <0.01 <0.01 2.32
Retrieval - - - - 2.71 1429  36.97
T=4 DDN [25] vV 1597 27.09 5384 11.13 17.71 68.06
Ext-GAIL [13] V1991 3631 53.84 - - -
Ours L 2014 3836 6729 1132 1885 70.53

Table 5.3: Procedure planning results on NIV [5] and COIN [224] for prediction horizon
T € {3,4}. The column Sup. denotes the type of state supervision applied in training.

scribed in Section 5.4.1. Table 5.3 shows that our model equipped with language supervision

consistently outperforms the baselines, even strongly-supervised ones.

5.4.4 Evaluation of probabilistic modeling

To evaluate our probabilistic modeling, we compare plan distributions produced by our model,
with the ground-truth distribution over feasible plans. We begin our evaluation of probabilistic
modeling on CrossTask as it is the most suitable dataset in terms of variations in the set of
feasible plans, e.g., avg. 6.76 different paths for 7" = 4. Subsequently, we provide analogous
evaluation using the COIN and NIV datasets.

Plan distribution modeling. Our approach is probabilistic by design as described in Secs. 5.3.3

and 5.3.5. To establish a deterministic baseline, we train our model without the adversarial loss
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Metric | Method T=3 T=4 T=5 T=6

Ours - determinstic  2.31 4.47 6.30 8.81
Ours - probabilistic ~ 2.11 350 4.26 6.89

Ours - determinstic  5.13 6.25 6.68 8.49
Ours - probabilistic ~ 4.89 5.48 6.24 7.67

KL-Div

NLL

Table 5.4: Evaluation of the plan distributions produced by our probabilistic approach versus

the deterministic variant on CrossTask.

Metric T Method T=3 T=4 T=5 T=6

ModePrec Ours - deterministic  27.61 17.21 7.41 4.97
Ours - probabilistic  36.61 18.55 12.48 6.58

ModeRec Ours - deterministic  56.24 37.33  18.38 8.85
Ours - probabilistic ~ 66.13 46.56 26.46  12.67

CosDist Ours - probabilistic  0.384  0.302 0.2471 0.1658

Table 5.5: Evaluation of diversity and accuracy of our samples with respect to ground truth
on CrossTask. Our approach improves both ModePrec and ModeRec metrics. We further
provide averaged pair-wise cosine distance as another indicator for diversity. CosDist for the
deterministic model is not provided, since it only produces a single result with no pairs to

compare.

and fix the latent noise vector, z = 0, both during training and testing. To build the ground-
truth distribution over goal-conditioned plans, we retrieve all action sequences of length 7" in
the test set that share the given start and goal state. The plan distribution of our probabilistic
model (conditioned on the start and goal observations) is obtained by sampling X = 1500
different action sequences, as discussed in Section 5.3.5. For the deterministic baseline, the
model produces only one plan (i.e., £ = 1). In all cases, the probability of a plan is defined
as its frequency in the obtained sample set. To evaluate the quality of the predicted plans,
we measure the (dis-)similarity between plan distributions produced by each model (i.e., ours
vs. the deterministic variant) and that of the ground truth using the KL divergence and NLL.
Table 5.4 shows that our probabilistic approach better matches the ground-truth plan distribu-
tion (i.e., it has lower KLL and NLL). These results come about because our model is able to
sample multiple valid plans with respect to the test set distribution, as opposed to the deter-

ministic model that considers a single feasible plan.

Sample diversity and mode coverage. For given start and goal observations, our approach

produces multiple plan hypotheses, using probabilistic sampling described in Section 5.3.5.
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Metric | Method T=3 T=4 T=5 T=6

Ours - determinstic  6.37 6.38 7.71 8.95
Ours - probabilistic ~ 6.37 6.37 7.79 8.84

Ours - determinstic  5.34 6.88 6.75 7.06
Ours - probabilistic ~ 5.75 6.68 684  7.15

NLL

KL-Div

Table 5.6: Evaluation of the plan distributions produced by our probabilistic approach versus

the deterministic variant on COIN.

In this section, we measure the diversity of our samples and their relation to the ground-
truth plans distribution. To characterize the ground-truth distribution, we define ground-truth
modes as the set of unique action sequences in the test set that share the same start and goal
state. To calculate the relation of our samples to the ground-truth modes we define two metrics,
Mode Recall (ModeRec) and Mode Precision (ModePrec). ModeRec reflects how well the
GT modes are covered by our model and is calculated as the average number of GT modes
captured by at least one sample from our model. In complement, ModePrec measures how
often a sampled plan is feasible according to the test data; it is calculated as the average number
of samples that match at least one GT mode. Intuitively, ModeRec and ModeRec measure
not only how diverse the samples from our model are, but also how useful this diversity is
with respect to the GT. By measuring the average cosine distance among model samples, i.e.,
CosDist — a metric widely used in the GAN literature — we also show that our samples are
diverse agnostic to the data distribution. The results in Table 5.5 suggest our probabilistic

approach can produce both diverse and accurate plans, where it is superior on all metrics.

Probabilistic modeling on COIN and NIV. We now further evaluate the probabilistic mod-
eling abilities of our approach on COIN (in Table 5.6) and NIV (in Table 5.7). In particular,
we again consider the KL divergence and NLL measures to quantify our model’s ability to

capture the plan distributions in those datasets. Interestingly, different from the results ob-

Metric | Method T=3 T=4 T=5 T=6

Ours - determinstic  7.18 7.79 8.49 9.17
Ours - probabilistic ~ 7.07  7.81 836  9.25

Ours - determinstic ~ 5.35 5.60 5.96 8.23
Ours - probabilistic  4.92 5.76 6.28 9.51

NLL

KL-Div

Table 5.7: Evaluation of the plan distributions produced by our probabilistic approach versus

the deterministic variant on NIV.
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Datasets T=3 T=4 T=5 T=6

CrossTask  3.26 6.76 8.40 9.29
COIN 1.51 1.93 2.25 2.35
NIV 1.03 1.07 1.28 1.29

Table 5.8: The average number of unique paths that share the same start and goal across

multiple horizons and datasets.

tained on CrossTask (i.e., Table 5.4), we observe that there is negligable difference between
our approach and the deterministic counterpart on CrossTask, COIN and NIV. We suspect that
this happens because the NIV and COIN datasets are lacking variability in goal-conditioned
plans. To verify that hypothesis, we conduct a quantitative evaluation of such variability on
CrossTask, COIN and NIV. In Table 5.8, we show the average number of distinct plans that
can connect the same start and goal observations for each dataset and prediction horizon. It
is clear that the plans in CrossTask are much more diverse than those present in the other two
datasets. In particular, CrossTask has the largest average number of distinct plans for each
time horizon. Notably, for all datasets, it seems longer horizons tend to have larger variability.
We believe that this is reasonable because any variations of intermediate steps would result in
different paths, which highlights the importance of adopting a probabilistic point of view for

procedure planning.

5.4.5 Ablation studies

Impact of different loss functions. We evaluate the role of each loss component by gradually
introducing each objective. The results in Table 5.9 show the pivotal role of language-based
supervision, as evidenced by increased performance across all metrics. The complementarity
of the three objectives is shown in an incremental manner. Note that improvements from
the adversarial loss might seem minor (e.g., ~1 in success rate for three datasets), as it only
compares a single prediction to a single ground-truth plan. We show its strict superiority to

deterministic models for modelling distribution of procedures in Section 5.4.4.

Impact of Viterbi post-processing. Throughout the empirical results, we use the Viterbi
algorithm on top of the predicted action probabilities, IT (5.12), to produce the optimal plan at

inference time. Notably, the Viterbi post-processing is optional, and one may directly use the
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Datasets | Loss Objective SR {1 mAcctT mloU T

L, 1690 44.20 57.56

CrossTask Lo+ L, 22.12 45.57 67.40
Lo+ L;+ Lag, 2334 49.96 73.89

wi/o Viterbi 22.66  45.95 67.52

L, 8.48 12.19 68.15

Lo+ L, 1441  20.25 73.49

COIN Lo+ L;+ Lygg, 1540 21.67 76.31
wlo Viterbi 14.18 21.01 75.62

L, 17.81  42.35 69.42

NIV Lo+ L, 24.05 46.67 73.89
Lo+ L;+ Lgg, 24.68 49.01 74.29

w/o Viterbi 20.18 47.73 73.09

Table 5.9: Performance of our model trained with different loss functions on three datasets.
The last row of each block represents the results of the total loss but without the Viterbi algo-

rithm.

set 7% to produce the final plan by simply selecting the mode across the set. Comparing the
last two rows in each block of Table 5.9 shows the added advantage of using Viterbi to model
the optimal action order in procedure plans explicitly, for all datasets. Notably, Viterbi post-
processing is especially helpful on the NIV dataset. We hypothesize that the data scarcity
in NIV results in a weaker predictive model at training; therefore, explicitly modeling the

optimal transition between the actions with Viterbi plays a more important role in this case.

Impact of memory configuration. We also include an ablation evaluating the adopted mem-
ory augmented transformer decoder. Table 5.10 shows that the size of our memory plays a
key role in our architecture. Indeed, excluding the memory component yields the worst re-
sults, while too large a memory degrades performance. These results suggest that the memory
component helps capture dataset content, where it yields stronger results when the number of
memory entries is large enough to properly span the actions present in the entire dataset. No-
tably, while tuning the memory size for each dataset might yield better results, for simplicity,

we elect to use the best setting of CrossTask for all datasets.

Impact of the regularization loss. In this experiment we further evaluate our model’s ca-
pability to model plan distributions. For this purpose we follow the evaluation procedure
adopted in Section 5.3.4. The effectiveness of the diversity regularization loss, (5.9), for our
approach is studied in Table 5.11. It is clear that training without the regularization leads to

worse NLL and KL-div values. These results confirm the important role of the regularization
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Memory Size SRt mAcct mloU 1

0 749 22776 31.33
64 16.30 43.62 55.66
128 23.34  49.96 73.89
256 20.81 44.61 59.70

Table 5.10: Ablation study on the impact of external memory sizes for prediction horizon,

T = 3, with CrossTask. All results are obtained using our transformer, with two layers and

eight heads.
Metric | Method T=3 T=4 T=5 T=6
NLL Ours - prob. w/o L,.,  5.07 6.61 7.57 8.28
Ours - prob. 4.89 5.48 6.24 7.67
. Ours - prob. w/o L,.,  2.37 4.45 6.49 7.74
KL-DIV 65 s - prob. 211 350 426 689

Table 5.11: The effect of diversity regularization loss on the produced plans in the CrossTask

dataset.

in the probabilistic model, which indeed seems to suffer from mode dropping in the absence

of such regularization.

Impact of the Viterbi post-processing. In Table 5.9, we have shown that using Viterbi post-
processing, while relying on our predicted plan distribution, II, as an emission matrix, leads
to overall better plan predictions. Here, we further study the role of emission, B, versus tran-
sition, A, matrices, in the Viterbi-based plan inference. In particular, to show the importance
of using our predicted distribution, I1, as an emission matrix, we substitute it with a uniform
matrix, i.e., a matrix with all values equal to Nia, and perform plan inference with a corre-
spondingly modified Viterbi algorithm. In other words, in these settings, the plan inference
will be driven purely by the transition matrix, A. We also experiment with setting A to the uni-
form matrix, and only using B to drive Viterbi’s inference. Table 5.12 shows that our original
formulation gives the best results and highlights the importance of estimating the emission

and transition matrices properly from data, as handled by our model.

Impact of the size of the sample set. For the results shown elsewhere in this chapter, we
provide inference results obtained by sampling ' = 1500 procedure plans from our proba-

bilistic model. Here, we ablate this parameter and show its influence on how well we fit the
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Emission matrix SR 1 mAcc?T mloU T

B Uniform 0.12 7.25 <0.01
A Uniform 22.61 46.12 70.24
Ours 23.34 49.96 73.89

Table 5.12: The effect of estimating transition matrix, A, and emission matrix, B, of Viterbi

post-processing from data. The results are for prediction horizon, 7" = 3, on the CrossTask

dataset.

Metric | K T=3 T=4 T=5 T=6
150 5.03+021 5854031 6.78+0.25 8.73£043
NLL 500 491 +0.11 571+020 6.57+0.13 8.33+0.27
1500 4.89 £0.10 548 +£0.11 6.24+0.09 7.67 +=0.18
2500 4.89 +0.04 5.454+0.06 6.22+0.05 7.63£0.08
150 251+£031 4204+044 4.66+029 723+£0.14
KL.Di 500 2.48+0.24 3.584+0.12 4.51+020 6.94+0.10
V'OO1500 2.114£0.10 3.50£0.06 4.26+0.08 6.89 & 0.03
2500 2.01 £0.06 3.274+0.02 4.18 £0.02 6.83 £0.01

Table 5.13: Ablation study of the number of samples, K, used by our approach for probabilistic
inference. We show NLL and KL-Div results with corresponding variances obtained from 20

runs.

ground-truth plan distribution. Table 5.13 shows that larger value of K generally leads to bet-
ter results as it can better approximate the true distribution. However, it should be noted that
larger value of K require more computation. We therefore chose K = 1500 for our experi-

ments as a reasonable trade-off between performance and computation cost.

Impact of transformer architecture. Here, we examine the impact of the transformer archi-
tecture on the plan prediction performance. To save on the computations, we limit this study
to a prediction horizon of 7' = 3. Table 5.14 shows the performance of alternative transformer
configurations with different number of layers and/or heads. The final model used elsewhere

in this chapter, with two layers and eight heads, performs best on CrossTask.

Alternative uncertainty baselines. Our approach captures the uncertainty of plans by learn-
ing a stochastic model (GAN), which allows it to produce distinct procedure plans when
seeded with different random noise vectors. On the other hand, one can follow a more naive

approach and obtain diverse outputs from a model trained deterministically (i.e., no random-
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layers/heads SR 1T mAcc{T mloU 1

2/1 17.81  40.67 70.85
2/4 20.54 48.32 73.05
2/8 23.34  49.96 73.89
3/4 19.21 4551 72.47
3/8 14.85 39.48 69.72

Table 5.14: Ablation study on the number of layers and heads for prediction horizon, 1" = 3,
with CrossTask.

Datasets SRT mAcc. Tt mloU?T KL-Div] NLL| MCPrect MCRec 1
Ours-prob. (HowTol00M pretrained) 23.34  48.96 73.89 2.11 4.89 36.61 66.13
Ours-prob. (CrossTask pretrained) 10.82  35.11 58.32 3.78 5.56 17.19 12.40
Ours-deter+noise (¢ = 1) 20.02 4476 72.96 2.37 5.77 24.74 67.21
Ours-deter+noise (o = 3) 10.94 4267 63.63 3.53 7.51 4.290 58.96
Ours-deter+noise (o = 5) 5.83 35.53 55.43 5.52 8.53 1.169 37.01
Ours-deter+dropout (p = 0.1) 2227 4543 73.40 2.34 5.49 33.79 44.17
Ours-deter+dropout (p = 0.3) 22.04 43.64 70.97 2.46 5.83 30.61 55.32
Ours-deter+dropout (p = 0.5) 20.77  44.89 70.21 2.73 6.40 24.08 64.61
Ours-prob. (Strong Sup.) 2441 4517 73.83 2.12 4.71 36.89 62.69

Table 5.15: (top rows) Results using features extracted from a model pre-trained on
HowTol100M vs. features finetuned on CrossTask. (middle rows) Ablation study on two al-
ternative ways for uncertainty modeling. (last row) Strong visual supervision results. Blue

indicates the top performer and red the 2"-best result.

ness at training), by adding random noise to the system only at inference, e.g., injecting random
noise in the input or using dropout at inference. Here, we compare our GAN-based formu-
lation to the aformentioned naive approaches for introducing diversity in the predicted plans;
results are summarized in Table 5.15. In particular, we evaluate adding Gaussian random
noise of different intensity to the input, i.e., N (0, o), and applying dropout (of probability p)
to the hidden representation of the network at inference time. We see that both baselines can
increase diversity at the cost of accuracy. The best naive configuration is Ours-deter+dropout
(p = 0.3), which is still inferior to our full GAN-based approach on both deterministic and
probabilistic metrics. This result shows the importance of learning the uncertainty model dur-
ing training, as opposed to simply adding it at inference, confirming that the GAN is useful

for modelling uncertainty in our scenario.

Domain shift in joint video-text embedding. In this study, we choose video+language fea-

tures pretrained on HowTo100M because recent work (e.g., [163] show state-of-the-art results
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Figure 5.4: Sample plausible plans (seen in the test set) for making beverage produced by our

| Pour Powder ‘“’| Pour Water

probabilistic model, for the same {start, goal} observations.

> |Cut Steakl -— | Open Lid | -— | Put On Grill |--> | Add Seasoning |

——>|Cut Steakl -->|Add Seasoning |-->| Put On Grill | - | Flip Steak | —_—

> | Cut Steak | -— | Put On Grill |--> |Add Seasoning |-->| Flip Steak |

Figure 5.5: Sample plausible plans (seen in the test set) for grilling steak produced by our

probabilistic model, for the same {start, goal} observations.

with such features on the datasets we are experimenting with (i.e., [224, 274]). Still, it is inter-
esting to consider using a dataset’s “native” features as a varitation. For this experiment, we
use the CrossTask dataset, employ the video features trained on it (provided with the dataset)
and train language embeddings (not provided by the dataset) by ourselves; we finetune the
langauge model to align with CrossTask’s video features, using contrastive learning. These
features are then used to train our model as described in Section 5.3.4. Table 5.15 (top two
rows) shows that using the “native” CrossTask features is still inferior to the large-scale pre-
training on HowTo100M [163]. This result could be due to the relative scarcity of data in

CrossTask that is insufficient to train strong language+vision features.

Comparison to strong supervision. Our framework can also be trained with strong supervi-
sion, i.e., simply swapping the language supervision signals, {/;}, with visual ones, {v;}. We
show the results experimented in this setting in Table 5.15 (bottom row). Accessing the full
annotations can modestly improve or hurt the performance, depending on the metric. Thus,

our weakly supervised model performs comparably, while being cheaper to train.
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> | Cut Shelve | - |Assemb|e Shelve |--> | Sand Shelve |

——>|Cut Shelve | - |Assemb|e Shelve | -— | Assemble Shelve | -

> | Cut Shelve | - |Sand Shelve | - |Assemb|e Shelve |

Figure 5.6: Sample plausible plans (seen in the test set) for furniture assembly produced by

our probabilistic model, for the same {start, goal} observations.

5.4.6 Plan visualizations

In this subsection, we provide visualizations of the ability of our model to produce multiple
plans given initial and goal video inputs; see Figures 5.4-5.6. In Figure 5.4, our approach
generates three plausible plans for the making beverage instructional video. The first path
contains [ pour powder — pour water — pour juice — stir |. The other two paths depict
possibilities that either uses different ingredients to achieve the same goal, e.g., pour alcohol
rather than pour juice, or operates in different order, e.g., pour juice comes before pour pow-
der. Similarly, in Figure 5.5 and 5.6, multiple plausible paths are sampled from our approach
for the grill steak and furniture assembly videos, respectively. It is seen that the generated

plans are accurate on their own interpretation, but also enjoy variability.

5.5 Conclusion

We have introduced a weakly-supervised approach for probabilistic procedure planning using
instructional videos. Different from previous work, we eschew the need for expensive visual
supervision in favor of cheaper language supervision by capitalizing on pre-trained text-video
embeddings, which, remarkably, leads to superior planning performance. We showed that
modeling the interplay between intermediate visual states and actions step-by-step is not a
necessity for procedure planning. Instead, we efficiently solve the problem with a “one-shot”

transformer decoder architecture. In addition, we demonstrated the crucial role of modeling

128



uncertainty in obtained plans to yield a principled approach to planning from videos. We
introduced a way to evaluate such uncertainty on the test set and show that it is a powerful
metric to better understand the model and the task of planning itself. Hopefully, future work
will adopt the probabilistic view on procedure planning from instructional videos, not only
in training but also in evaluation, such that the next generation of planners can confidently

predict multiple feasible plans to achieve the desired goal.

While our approach has shown state-of-the-art performance under the considered evalua-
tion protocols, it would face challenges when being used in real-life systems. First, the model
training and testing process presumed the prediction horizon (i.e., 7' = 3), which is infeasible
in daily life. There is a need to have a universal estimator that can self-decide the number
of prediction steps. Second, to study the future prediction of a certain horizon, we slice long
videos into short pieces and assume each of them is an independent video clip, which ignores
the long-term history context. There is a need to effectively associate past events to future
predictions. Finally, similar to our approach to future activity prediction, explicit use of a nor-
malized distance regularizer to encourage diversity in predictions lends interpretability to our
procedure planning approach; however, other learned components the system deserve study

of their interpretability.
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Chapter 6

Conclusion and future work

6.1 Summary and overall discussion

This dissertation has addressed the topic of video-based prediction with both breadth and
depth. Various prediction tasks were introduced along with some representative applications
in Chapter 1. Then, we investigated four important sub-areas in detail, namely early action
recognition, future activity prediction, trajectory prediction and procedure planning. They
are studied in Chapters 2-5, respectively. For each task, we propose a novel solution that
greatly improves the performance on multiple public benchmarks and addressed weaknesses
of current machine learning techniques, i.e., interpretability, multi-modality learning as well

as supervision efficiency.

* For early action recognition in Chapter 2, we focus on studying what is the best way
to propagate deep features as well as decoding what has been learned by the speci-
fied deep network. First, to develop an efficient solution that avoids error build-up in
long-term predictions we specify a deep network that (1) propagates features into the
future via learned motion kernels and (2) borrows ideas from classic state-space func-
tions, i.e., the Kalman filter, which is redesigned with learnable components to allow
more expressive power and accommodate high dimensional data (e.g., deep features as
large size 3D tensors). Second, after obtaining improved results on the UCF101 [211],
JHMDB21 [118] and BIT [110] datasets, we investigate the learnable components by

visualizing the learned kernels and the Kalman gain. Our initial exploration suggests
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that the learned kernels behave akin to 2D unit impulse kernels, which can perform
translational operations (i.e., shifting) on pixels. Moreover, the learned Kalman gain is
found to correct poor prior predictions in an adaptive manner, i.e., associating ground

truth measurements to the timesteps where non-smooth motion happens.

For future activity prediction in Chapter 3, how to generate multiple plausible outcomes
is investigated and enhanced. The well-known trade-off between accuracy and diversity
in sequential Gumbel-Softmax based generative adversarial networks is studied. We
re-demonstrate the mode collapse issue in discrete GANs with a toy example, systemat-
ically illustrate that the temperature parameter in Gumbel-Softmax controls the output
distribution shapes and use a distance normalized regularizer to increase the variabil-
ity as well as keep the accuracy. We demonstrate the superiority of our system on the

Breakfast [117], 50Salads [214] and Epic-Kitchens [34] datasets.

For human trajectory prediction in Chapter 4, a non-parameteric retrieval based frame-
work is proposed to elevate the learning efficiency of the goal position inference. We
collect expert goal position examples from the training set, which is augmented by ran-
dom rotations. In testing, we use a relaxed dynamic time warping technique to compute
pairwise similarity between the test input and cached experts. This retrieval operation
can run with CUDA support (e.g., real time) and incurs no extra parameters. Further,
we associate the retrieved goal by subtracting it from observed motion histories, which
further reduces the number of parameters. The overall system is demonstrated to be

both effective and efficient on the SDD [189], ETH [174] and UCY [129] datasets.

For procedure planning in Chapter 5, a language-based weakly supervised training pro-
cedure is used to reduce the expansive human efforts on annotating start and end times of
instructional videos, which yields state-of-the-art results, even in comparison to strongly
supervised alternatives. The weak supervision from language is implemented as a con-
trastive learning loss. Moreover, we present the first approach that can generate multiple
plausible, yet diverse plans at inference via use of a generative adversarial framework.
Additionally, we actively explore a better alternative to generate sequential plans in a
“one-shot” manner, to avoid built-up errors and speed up the inference step. In this
regard, a memory augmented transformer decoder is used to yield the entire plans in
parallel. This external memory module incurs the minimum amount of computational

effort, as it is shared across multiple transformer layers as well as the entire dataset. We
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evaluate our approach with success against both deterministic and probabilistic metrics

on the CrossTask [274], NIV [5] and COIN [224] datasets.

6.2 Societal impact

Being able to precisely predict the future information or plan the intermediate steps in videos

can bring meaningful (positive) impact for the society.

* Such a predictive vision system can greatly reduce the computational cost and save en-
ergy. One of the most urgent needs of video-based vision systems is energy efficiency;
current approaches might fall short of considerations in this regard. For example, recent
action recognition systems rely on the full video observations to produce accurate class
labels, which consumes large amounts of resources (e.g., running on GPUs costs elec-
tricity as well as releases carbon dioxide), especially when the video volume is large
(e.g., minutes long). Existing efforts on alleviating this matter consider either sparse
frame sampling [49, 237] or light-weight architectures [248]. Still, these strategies can
not handle online streaming videos. The early action recognition framework introduced
in Chapter 2 could be a good fit for this purpose: (1) Much less frames are needed as
inputs to yield results, (2) the system can run without receiving the full action execution

of a video volume.

* Predicting the future can contribute to our daily life by improving the safety level in
traffic scenes. Road traffic accidents increase dramatically every year and an estimated
1.2 million people are injured in road crashes. The harm mostly happens to vehicles and
pedestrians. A vision system capable of predicting the next action/trajectory/intention
(e.g., making use of the techniques presented in Chapters 3 and 4) is of great value: (1)
Knowing the future information of other agents on the same road allows for prompt (or
well-prepared) response, (2) predicting our own future enables early warning for self
correction, e.g., when drivers are drowsy-driving or pedestrians are crossing the red

light unconsciously.

* The weak supervision introduced in Chatper 5 for procedure planning also brings sub-
stantial benefits to our society in terms of human labor efficiency. The leading ap-

proaches in machine learning are notoriously data-hungry. Academic labs/companies
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nowadays are collecting, annotating and publicizing datasets very frequently for better
(robust) model learning, which demands huge human annotation efforts. Unfortunately,
many application domains or groups of people do not have access to such human power
resources. The weak supervision from natural languages is a good example of mitigating
such issues. In the future, we hope work in every domain will consider more affordable
learning paradigms, e.g., weak or self-supervised learning, to save our energy for other

important problems.

However, our research on future prediction might come with potential negative impacts as

follows.

* A predictive vision system could create a lack of privacy. Arguably, exposing one’s
plausible future actions to the public can be equal to revealing one’s future privacy.
This might be harmful, as criminals could take the chance and train machines to predict
the behaviors of individuals and profit from this information. For example, a certain
pedestrian who is predicted to be heading to the bank by large chance would have money
on him/her. If surveillance cameras are hacked, this type of people can be easily targeted
by criminals. Also, in social media, being able to forecast one’s activity would naturally
incur scams, e.g., pretending to be a friend of someone if the predictive system suggests

a potential interaction is happening in the near future.

* Wrong predictions can lead to life-threatening events. The performance of current
machine learning models are subject to the quality of the data and the associated biases
induced during data collection. Therefore, employing predictive vision systems on real
life scenarios needs great caution. For instance, for self-drivings vehicles, predictive
models could potentially lead to dangerous events when bad decisions are made on
data it has never seen before, such as, on poor visibility days (i.e., irregular data point),
turning-left is suggested by the system while the left lane has been occupied already. A
key step forward is to improving the prediction accuracy as well as judging on whether
or not to trust the predictions. Similarly, as a second example, a wrong prediction on

the stock market can cause huge financial losses.

¢ The selected datasets can cause biases in models trained on them, which leads to in-
equity. More specifically, in the procedure planing work of Chapter 5, most “How

To” videos are from the Internet and they are subject to the preference of the video
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poster. We observe that most instructional videos on the “furniture assumbly” topic use
packages bought from IKEA. So, models trained on such data tend to perform better
on products from this particular brand, which results in inequity (biases). Perhaps even
worse, datasets constructed with biases toward or against certain groups of people could

lead to similar biases in predictive systems trained on such data.

6.3 Future work

In this final section, several directions for future work are suggested.

* Improving prediction through improving action recognition. Current trending ap-
proaches on video predictive understanding greatly rely on success from the video action
recognition area, where large scale datasets and powerful video discriminative feature
representation are frequently advanced via deep learning. For example in early action
recognition, our work uses the Temporal Segment Network (TSN) [236] as a feature ex-
tractor and that helps the early recognition baseline from our framework surpass several
previous efforts; see results in Table 2.1. Similarly, in procedure planning, we found
feature representations of instructional videos has been greatly advanced by large-scale
dataset cross modality pre-training, e.g., aligning natural language sentences with vi-
sion [163]. This is also true for future activity prediction, where the accuracy of the
off-the-shelf action segmentation algorithm, which is needed to pre-process long-term
videos into high level abstractions, would decide the quality of future prediction. To the
extent that future video activity prediction continues to rely on core action recognition
components, future research will need to address improvements to those components,

perhaps specialized/fine-tuned to prediction.

* Adaptive prediction horizons. Another notable issue in future prediction is that the
prediction horizon as well as the length of historical observations are pre-fixed. For ex-
ample in trajectory prediction, the standard is to predict the next 12 timesteps from eight
past trajectory points. Given that trajectories are sampled from videos with a relatively
high frequency, e.g., each 0.4 second, the current set-up can reach to trajectories of the
next 4.8 seconds at most, which might not be helpful considering humans walk at a

fairly low speed. Moreover, the input length is not adaptable, which can harm scenarios
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where only very adjacent motion information can be observed due to partial occlusion
or narrow camera viewpoint. The current status of procedure planning also has the
limitation of fixed prediction horizons. It is assumed that we know how many steps to
predict during both training and testing, which is impractical in real-life situations. A
breakthrough is needed on making efficient long-term predictions and being capable of
working with variable input length. An essential next step is to designing a criteria by

which the horizon of prediction may be judged or decided.

Better modelling of long-term correlation. It is necessary to have a better model
for capturing long-term correlations to achieve scalable prediction of activities. Take a
movie video as an example, the cue that can precisely indicate the future could possibly
hide in details that are far away from current observations [241]; thus, it is essential to
keep logging historical information and effectively spot the correlations between mi-
nor details and future events. Though some efforts have been made for action recog-
nition (e.g., design of a long-term filter bank to keep track of historically remote fea-
tures [240]), its effects on other areas stays unknown and it is likely beneficial to revisit

such an ability for future action prediction.

Stronger temporal sequence modelling tools. Temporal modelling tools are always
favorable to video understanding. The majority of mathematical tools used in this dis-
sertation are theoretically grounded and widely adopted. Recently, however, it has been
proposed to explore other advances, such as temporal convolution [124], which chal-
lenges the use of memory hidden states, or transformers [62], which get rid of the recur-
rent structure and yet demonstrates superior results, as alternatives to classic sequence
modelling tools. These innovate findings break the traditional design where the tem-
poral modelling has to be sequential and mostly Markovian. Such directions are worth

further investigation.

Learning efficiency. Contemporary machine learning algorithms mostly are data-driven
and consume tremendous amounts of computatiional resources. Al companies have
built up giant GPU clusters and trained models with billions of parameters, which is
not affordable to academic labs and developing countries. It is a concern that closely
associates with most recent learning approaches. Moreover, most studied approaches
prerequisite sufficient size of datasets (e.g., HowTol00OM [163]), which incurs huge

amounts of human labeling efforts, data cleaning and unavoidable data biases. So, how
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to learn meaningful information without strong supervision or with noisy labels awaits
to be answered. Besides, there is also a need for adaptive learning frameworks that can
assimilate unseen data and new action categories (e.g., open set datasets), since peo-
ple’s daily activities would evolve along with their own development. An active and
continuous learning framework would be of great benefit. Unsupervised approaches to
representational learning, e.g., as introduced under the topic of predictive video coding
in Chapter 1, provide a potentially useful avenue to explore to address these concerns.
As another example, the weak supervision from different modalities (e.g., natural lan-

guages discussed in Chapter 5) could be useful.

Creation of better datasets and experimental protocols. Development of improved
datasets and experimental protocols is necessary to better validate prediction algorithms.
From the perspective of datasets and evaluation metrics, it is worth understanding the
specific observation ratios that are practically valuable in real-life conditions with re-
gard to actions, and therefore re-evaluating existing approaches using this new criterion.
Moreover, a better dataset that is free of class imbalance issue is much needed. In our
last work on procedure planning, we have spotted that the class categories are imbal-
anced in the used datasets. For example, the presence of pour water and pour milk is
much more prevalent than some others, e.g., pour alcohol, which causes a bias. It is
also worth investigating the correlation between the video observation ratio and action
evolution ratio of popular datasets, in order to examine the validation of current early
recognition evaluation metrics. Finally, better dataset collection can mitigate some of
the potential negative societal impact discussed in the previous sections, e.g., through

curation that ensures equity across interested parties.

Further interpretability investigation. Our work on early action recognition included
a detailed interpretability study. Future work should seek to interpret the processing
embodied in the other architectures presented in this dissertation. To some extent, these
architectures already are interpretable: The probabilistic modeling of future activity
prediction and procedure planning use distance regularization to yield predictions that
are both realistic and diverse; trajectory prediction uses an expert repository to produce
goals from a previously seen training data. Nonetheless, other learned components of
the systems require further understanding. The methodology used to investigate early
action recognition, i.e., visualization of intermediate representations followed by ana-

lytic modeling and empirical validation, should be equally applicable to the other de-
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veloped architectures.
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