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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 (AI). 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 di�erence

betweensitting down onandstanding up fromthe 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 brie�y introduces

each of the three sub-areas in turn.

To help machine vision gain insightful understanding on world dynamics, great e�ort 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] andevent 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

1



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 visualodometryestimation [157],tracking[255, 19] andoptical �ow 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 �ow and/or trajectories as compo-

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

Di�erent 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 �ow 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

2



Figure 1.2: Illustration of three types of video predictive understanding.

can help foresee the next step of pedestrians in tra�c 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 �rst 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, arti�cial 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 e�orts have applied either the extrapolation or the interpola-
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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 adepth andbreadth.

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 �ltering 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 e�ectively 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 uni�ed 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
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to diverse outcomes. Take kitchen cooking scenarios as an example: Many things can follow

washing vegetables, such ascutting vegetables, put vegetables to pot, etc. The di�culty 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 di�culty 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 e�cient 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 athttps://github.com/JoeHEZHAO/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 e�ciency. Rather than directly predicting future pedestrian trajectories, our

work targets bridging the initially observed trajectories and the �nal 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

e�orts 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 athttps://github.com/JoeHEZHAO/expert_traj .

4. Finally, for the procedure planning task, we also study interpolation but with instruc-

tional videos. This task tackles �lling 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 �rst is �nding an expressive sequential model for proce-

dure inpainting and the second is learning e�ciency. Instructional videos are minutes long,

and thus providing detailed annotations for each training sequence is human labor intensive.
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Yet, model training needs good annotations. We tackle the �rst 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 di�erent 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 �nal/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 �rst 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 de�nition, review

extant approaches (including discussions of pros and cons), introduce our novel contributions

and �nally show results of empirical evaluation. In the �nal chapter, we summarize our tech-

nical �ndings, societal implications and provide outlines of several future directions.
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Chapter 2

Interpretable early action recognition

2.1 Motivation

Action recognition has received much research e�ort 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 �nished [111, 192]. In this dissertation, this approach is calledearly

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 su�er 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, wherefast responseis

needed for real-time processing. Another applicable situation is tra�c scenes, where harmful

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

Problem de�nition. Following early work on this topic (e,g., [111]), the task is formally

de�ned and evaluated in terms ofobservation 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,y1:T , is divided uniformly
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Figure 2.1: Representative applications of early action recognition. Sub-�gures (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-�gure (c) illustrates the application for early recognition of

pedestrian behaviors at tra�c intersections.

into K segments

y1:T =
KX

k

y[
T
K

(k � 1) + 1;
T
K

(k)]; (2.1)

wherek = 1; : : : ; K is the index of the segment,K is the number of segments andT is the

number of video frames. The length of each segment isT=K and a partial observed video

sequence can be described asy[1; T
K (k)]. Following existing work, the number of segments,

K , is set to 10 and the observation ratio is de�ned as the ratio ofk to K , i.e., � = k
K ; 2

[0:1; : : : ; 1] and performance is evaluated on recognition accuracy as a function of� .

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 de�ner of the problem

[192]. Experiments were conducted that evaluated recognition algorithms on various partial

action clip segments (i.e.,y1:t ; t 2 (1; : : : ; T)) and demonstrated that insu�cient 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 su�cient

information in and of itself to de�ne the appropriate overall action class regardless of the

unobserved clip portions. What appears to be the �rst work [192] made use of sequentialfea-

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
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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 classi�ers

[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 �ne-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 e�ort 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 e�ort 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 di�use information among nodes. Following this direction, a multiscale spatiotemporal

graph based method further explores �ne-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 di�cult when incomplete. To deal with such di�cult 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 ishow. 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 classi�ers to recognize partial data with ease.

Initial work trained video segment classi�ers 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 speci�cally, they evenly divided action videos into equal-length

segments, extracted features from each segment, integrated segments into one chunk, such

asy1:k , and trained SSVM classi�ers according to the following constraints (without loss of

generality, two progress levels (k � 1; k) are given):

� T
k� 1 1(y1:k� 1; x) 6 � T

k  1(y1:k ; x); (2.2)

wherey1:k is the video segment feature accumulated from the very begining till thekth level,

x is the ground-truth label,� T
k is the score matrix for progress levelk and 1(y1:k ; x) is a joint

feature map that represents the spatiotemporal features of action label,x, given a partial video

y1:k . The authors assumed 10 progress levels, such thatk 2 (1; 10).

The above formulation emphasized temporal label consistency: Besides assigning a cor-
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rect class label to given input videos, classi�ers 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 e�ort focused on re�n-

ing the classi�cation con�dence score at each time-step in an incremental manner [87]. That

work relied on an attention mechanism to provoke high con�dence 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(y1:t ), and full observation,g(y1:T ) (t 2 (1; : : : ; T)), in the training stage, and

proposed to reconstruct the full from partial according to:

argmin
W;�

jjg(y1:T ; � ) � Wg(y1:t ; � )jj 2; (2.3)

whereW is the feature transformation matrix andg(y; � ) is the feature extraction function with

parameter� . 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 classi�cation probabilities. Some follow

on e�orts emphasized both the feature reconstruction consistency and semantic knowledge

consistency via integrating multiple loss functions (e.g., feature distance loss, adversarial loss

and classi�cation 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 signi�cant 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 �rst extrapolates the visual representations along

the time-axis and then applies an existing classi�er. Mathematically, propagation based ap-

proaches start from any incomplete inputy1:t , assumingt < T , and produce the subsequent

information(yt+1 ; yt+2 ; : : : ; yT ); 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 �ow) 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 �ltering network that

propagates current states to the future. Our study provides solutions to the following techni-

cal di�culties: (1) compound error, where errors from �rst few predictions are carried along

to later stages, (2) de�nition of good features to propagate, given many feature representations

available, and (3) interpreting what has been learned in the devised Kalman �ltering 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 �lter 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 �nal classi�ca-

tion, because of its generally strong performance on action recognition [237]. While we use

the TSN features and classi�er, our prediction framework does not rely on the speci�cs 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 di�erences. MPEG-4 compression is a representative exam-

ple of such processing [223], as is more general coarse-to-�ne motion estimation (e.g., [7]).

Moreover, recent work that exploits residual processing has considered optical-�ow 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 dubbeddata 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[X t ; X t+1 ; X t+2 ]; subsequent frames (e.g.,

[X t+3 ; : : : ; X t+7 ] 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 di�erencing 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 Filterserves to minimize error accumulation across time. TheKalman Filterop-

erates across an entire video sequence during training, but only across the initially observed

partial sequence during testing. Final action classi�cation (not shown in �gure) 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 �lter design [97] into our approach,

cf. [30, 146]. To generate the �nal action label, the partially observed and propagated features

are concatenated together as input to pre-trained classi�ers. 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 framesX 1:k , let (mid-level) features extracted at

timet be denoted asd t 2 RC� W � H , with C the number of feature channels,W the feature map

width andH the feature map height. Temporal feature residuals at timet are then calculated

via pointwise di�erencing along each channel

r t

�
�
c

= d t

�
�
c

� d t � 1

�
�
c
; 2 � t � k; 1 � c � C; (2.4)

where
�
�
c
indicates application to channelc, i.e., the value at spatial position(w; h) in channelc

at timet � 1 is subtracted from the value at timet and assigned to the residual,r t 2 RC� W � H ,

at the same spatial position and channel. Owing to the di�erencing operation, the cardinality

of the set of calculated residuals,f r 2:kg, is one less than the set of features,f d1:kg.

From the limited feature setf d1:kg and their residuals setf r 2:kg, we seek to recover the

feature representation off dk+1: K g. To achieve this result, we proceed in two steps. First,

we recursively generate feature residualsf r k+1: K g 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

d t+1 = d t + r t+1 ; k � t � K � 1: (2.5)

In Figure 2.3,P-ResidualsandP-Featuresare used to distinguish predicted residuals and fea-

tures, resp. In the next subsection, we de�ne our feature residual generator.

2.3.3 Residual generator network using dynamic �lter

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,f K ng, 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 � 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 n , 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. Subscriptsn specify kernel

size (i.e.,n � n). Convolutions on the residuals are performed on a channel-by-channel basis;

so, multiple kernels are depicted for eachn.

We generate motion kernels for each channel,c, with multiple sizes,n � n, according to

K n = G(r t ; r t � 1; : : : ; r t � m j r t � m� 1; : : : ; r 2; � f )
�
�
c
; (2.6)

whereGis a ConvNet with learnable parameters,� f , 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 thel2 norm to avoid abnormal temporal changing, cf. [51]. The archi-

tecture ofG is depicted in Figure 2.4, with implementation details provided in Section 2.4.1.

Subsequent to kernel generation, for each channel,c, we apply the kernels to the current resid-

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

r t+1

�
�
c

=
1
N

NX

n=1

K n ~ r t

�
�
c
; (2.7)

where~ stands for convolution. Based on preliminary experiments we useN = 3, with

n 2 f 3; 5; 7g.
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2.3.4 Revisiting Kalman �ltering

Kalman �lter. The Kalman �lter was created as a combination of Bayesian �lters and state

space functions [97, 43]. It models the dynamics between the system state (e.g., vehicle dy-

namic systems),h t , and the noisy measurement (e.g., GPS tracking signals),x t . Typically,

they are framed as conditional probability distributions that follow a Markov process, i.e.,

p(h t jh t � 1) andp(x t jh t ). The classic Kalman �lter needs as a prerequisite the state transi-

tion function,F, for p(h t jh t � 1), and measurement emission function,H , for p(x t jh t ). Once

decided, both functions,F andH , remain static throughout the �ltering process. One easy

realization for both functions is the linear equation, e.g.,x t+1 = H x t+1 + q, with q the

noise. To associate with new-incoming data, the Kalman gain term,K t , 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

f prediction, measurmentg pair at each step.

Learnable Kalman �lter. Our re-design of the Kalman �lter di�ers with the aforementioned

prototype in several ways. (1) The Markov process functions,F andH , 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,hy andx t , are simpli�ed as deterministic variables, which are free from

Gaussian uncertainty constraints of the standard Kalman �lter and can be easily determined

through the learning process. (3) The online corrective term, Kalman gainK t , 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 �lter recursively estimates an internal state from a time series of measure-

ments via alternatingPredictandUpdatesteps 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 de�ned in Section 2.3.3 andUpdateis formulated as

d̂+
t = d̂ �

t + � t (Z t � d̂ �
t ); (2.8)

whered+
t is the updated posterior estimation,Z t is the real measurement at timet (ground
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Figure 2.5: Depiction of Kalman update procedure. Prior estimation of featured̂ �
t is updated

with Kalman gain� t . The transition of� t is modeled by a ConvNet with LSTM (� t -LSTM)

across time. At each time step,� t correctsd̂ �
t with observed measurementZ t and produces

posteriord̂+
t for next time step inference.

truth framewise feature),d �
t is the prior estimate, (2.5), and� t is the Kalman Gain. We use

� to denote our Kalman gain to distinguish it from the typical classical notation,K , used

with the standard de�nition. TheUpdatestep corrects the current prediction by balancing the

observed measurement,Z t , and prior estimate,̂d �
t , and the gain,� t , de�ned as

� t =  (Z t � 1 � d̂+
t � 1; � z): (2.9)

In the classic de�nition, the Kalman gain is estimated from a ratio of the process and mea-

surement noise, both of which are pre-de�ned 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 di�cult to obtain useful prior knowledge of errors

when using deep networks. Instead, we treat the Kalman gain as the output of a nonlinear

function, , of thedi�erence between the real and predicted features,Z(t � 1) � d̂+
(t � 1), which

naturally re�ects the residual error. We realize as a ConvNet with an LSTM and learnable

parameters,� z, 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 di�erence,Z(t � 1) � d̂+
(t � 1), we

simply directly input bothZ(t � 1) andd̂+
(t � 1) without di�erencing, 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 namedKF-2 and the later oneKF in the following.

We explicitly incorporate the Kalman �lterUpdatestep into the training of the RGN,

where correction happens after the estimate ofd̂ �
t is obtained, as depicted in Figure 2.5. The

corrected featurêd+
t is subsequently used fort + 1 prediction and loss computation there-

after. During training, the Kalman �lter has access to true observations,Z t throughout the

video. In testing, however, the Kalman �lter only has access to true observations up through

the �nal input partial observation,X k , and is only applied through that point, as detailed in

Section 2.3.1. We �nd that the instantaneous correction o�ered by the Kalman �lter helps

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

Learning Scheme.In our approach, there are two sets of trainable parameters,� f and� z, that

are associated with the kernel motion generator,G, of the residual generative network and the

Kalman gain transition, , 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� f values and sub-

sequently learns the� z values, while also re�ning the� f values. We �rst train� f 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 �lter 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,� f and� z

are trained jointly in our second stage.

The parameters� f are optimized with respect to four losses. The �rst loss pertains to the

residuals

L res
2 (� f ) = jj r t � RGN (r t � 1; r t � 2; :::; r t � m ; � f )jj 2

2; (2.10)

wherem is the temporal window size. (In (2.10), note thatG is embedded inRGN , 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

L feat
2 (� f ) = jjZ t � d̂ �

t jj 2
2 = jjd t � (d̂ t � 1 + r̂ t )jj 2

2: (2.11)

As reported elsewhere [160, 229, 17],L 2 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 theGradient

Di�erence Loss[160], which emphasizes high frequency content, on both the features and

residuals to yield

L res
gdl (� f ) = jj

@
@x

(r t � r̂ t ) jj 2
2 + jj

@
@y

(r t � r̂ t ) jj 2
2 (2.12)

and

L feat
gdl (� f ) = jj

@
@x

�
Z t � d̂ �

t

�
jj 2

2 + jj
@
@y

�
Z t � d̂ �

t

�
jj 2

2; (2.13)

wherex andy indicate the horizontal and vertical image dimensions, respectively.

The overall objective function forG is de�ned as

L G
2 (� f ) = � 1L res

2 + � 2L feat
2 + � 3L res

gdl + � 4L feat
gdl ; (2.14)

with the� i scalar weighting factors speci�ed in implementation details 2.4.1. Note that during

the �rst stage of training, the Kalman �lter would not be operating, as it has yet to be trained.

After training the RGN parameters,� f , the Kalman gain parameters,� z, are trained, while

the � f parameters values are re�ned to yield a joint optimization. Now, there are only two

losses, both pertaining to the features,d, because that is where the Kalman �lter operates.

The losses are analagous to (2.11) and (2.13), except that they are calculated on the updated

posteriord̂+
t according to

L 2(� f ; � z) = � L feat
2 (d̂+

t ; � f ; � z) + � L feat
gdl (d̂+

t ; � f ; � z); (2.15)

with � and� scalar weighting factors.
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2.3.5 Connection of Kalman �ltering 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 �ltering [69], hereby

we provide further analysis on the subtle di�erences between our learnable Kalman �ltering

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

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

�ned as

h t = � (W hh h t � 1 + W ih x t + bh); (2.16)

where� is the activation function (e.g., ReLU),bh is the bias term added on the hidden state,

x t is the new input and �nally two learning parameters,f W hh ; W ih g, serve to project the

previous hidden state,h t � 1, together with the input,x t , to the current timestamp.

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

h t = Wh t � 1 + K t (x t � Vh t � 1)

= ( W � K tV )h t � 1 + K tx t

= W t
khh t � 1 + W t

ki x t ; (2.17)

whereW andV denote the vanilla state transition and measurement emission matrices,K t

is the Kalman gain,W kh is the projection matrix for hidden states comprised ofW , V and

K t andW ki is rewrite ofK t for the sake of comparison to the RNN formulation. To further

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

h t = W hh h t � 1 + W ih x t : (2.18)

Discussion.From Equation 2.17 and 2.18, it is seen that Kalman �ltering and RNNs indeed

bear much resemblance: Future states will depend on the previous states and the incoming

measurement. Yet, they di�er in the matrices that are responsible for transiting the hidden

states and balancing new input. More speci�cally, in RNNs, once learning is done, the two

projecting matrices,f W hh ; W ih g, are �xed, whereas the same matrices of Kalman �ltering,

f W t
kh ; W t

ki g, change over time. The Kalman gain term,K t , contributes to the temporal adap-

tive ability of Kalman �ltering as it is inferred online. We believe that it is this key di�erence
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causing our approach to be more e�ective than the RNN counterparts, as observed in empirical

validation, Section 2.4.3.

2.3.6 Uni�ed model for all observations ratios

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

overcome this di�culty, we design a uni�ed training and testing strategy, as follows.

Training. The RGN begins by inputting the very �rst batch of residuals[r m ; r m� 1; : : : ; r 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

�lter operation so that it only corrects the estimates while data observations are available

according to the observation ratio,� . For example, when� = 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.,� 2 [0:1; 0:6], we update predictions

via reference to the observed true data by using the Kalman �lter update step, (2.8). After

entering� 2 [0:7; 1:0], only prediction is performed, (2.7).

This procedure resembles tracking objects under a Kalman �lter: 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.

Di�erent from the other datasets, BIT has similar behaviors of people in the initial stage of

di�erent 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 �rst 34 videos in each class for

training and the rest for testing.

We present action classi�cation accuracy as a function of observation ratio,� , which is

the ratio of observed to total frames in a video, as used elsewhere [111]. Classi�cation 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-poolings2 < 28� 28� 192, unless

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

Classi�ers. To examine the propagation module with minimal in�uence from other factors,

classi�ers 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 classi�er

consisting of two hidden layers to TSN pretrained for HMDB-RGB and UCF101-Flow. For

JHMDB21, the two hidden layers have 32 and 21 activations. For BIT, the two hidden layers

have 64 and 8 activations. Softmax is used for �nal 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 �ow

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 Descentand

theAdamoptimizer. Data augmentation is the same as for the original TSN [237].
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Network con�gurations. For the kernel generator of the RGN,G, stacked residuals are �rst

convolved with a1� 1 kernel that reduces the feature dimension. Then, two residual convolu-

tional blocks [81] with kernel size3� 3, bottleneck dimension 48 and stride of two are used to

capture temporal evolution. Subsequently, with batch and channel axis �xed, �attened spatial

features are individually processed with three fully-connected (FC) layers to produce3 � 3,

5 � 5 and7 � 7 kernels. So the shape of feature map is (28, 28, 192� m)-(28, 28, 192)-(28,

28, 192)-(28, 28, 192)-(9, 192), (25, 192) and (49, 192), withm = 3 the empirically selected

temporal window size. Convolution is performed on each channel.

For Kalman Gain,� t , 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

�attened feature is taken as input by� t -LSTM to produce Kalman gain,� t 2 Rwh , which then

is reshaped to� t 2 Rw� h, 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 theAdamop-

timizer and a learning rate 0.005 with� 1 = 0:9 and� 2 = 0:99 to minimize the loss, (2.14).

Empirically, we set� 1; � 2; � 3; � 4 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 �ne-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 of2e� 4 and exponential decay of1e� 5. � and� are set empirically with

a ratio of 1:5.

For training on UCF101, we sample 30 frames from each video and use the �rst three to

initialize our entire prediction system. For BIT and JHMDB21, we sample 25 frames from

each video and use the �rst three to initialize our system. The TSN architecture [237] serves to

provide feature extraction and classi�cation. We apply our system to the RGB stream for JH-

MDB21, �ow 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., �ow 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 modi�cations 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 algorithmRGN-KF-2 versus var-

ious alternatives on UCF101 as well as the variant of our approach,RGN-KF, where rather

than input the di�erence 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.,� = 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 �nal approach,RGN-KF-2, uniformly surpasses it

on low observation ratios, e.g.,� 2 (0:1; 0:2; 0:3), with the largest improvement at� = 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

e�ectively than our approach does. There are likely two reasons for this state of a�airs. 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 modi�es 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,� = 0:1. For example, compared with AAPnet, our approach achieves

69.12% accuracy at� = 0:3, which is 4% higher. Notably, ourRGN-KF-2 obtains non-trivial

improvements overRGN-KF on multiple lower ratios, e.g.,� 2 (0:1; 0:2; 0:3). Particularly at
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� = 0:2, our �nal approach boosts the accuracy from 46.09% to 49.96%, which demonstrates

the solid bene�t 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 �nal portion. In our case, a peak performance of 92.28% at

� = 0:7 increases that at the previous ratio by 4%, whereas AAPnet achieves no signi�cant

increase (0.78%) at the same stage.

Given that we train a modi�ed TSN architecture in adapting TSN to BIT (Section 2.4.1),

we compare how well that modi�ed architecture works when forced to classify on just the ini-

tially provided frames without propagation into the future. These results are shown asBaseline

in Figure 2.6(b). It is seen that by propagating into the future our approach exceeds the base-

line by large margins when� 2 [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.

JHMDB21. The standard reporting protocol on JHMDB21 is to report recognition accuracy

only when the initial 20% of the videos are observed, i.e.,� = 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% andRGN-KF by 1%. We also provide a baseline comparison, where we

compare to classi�cation 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 �gure are explained in

Table 2.2. It is seen that the residual processing together with theKF-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� 2 [0:1; 1].
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Figure 2.7: Action Prediction Results on the JHMDB-21 Datasets at all Observation Ratios

� 2 [0:1; 1].

2.4.4 Ablation studies

Temporal models. In this section, we examine the in�uence of di�erent 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 �nd that propagation on residuals is superior

to propagation on raw features and the Kalman �lter provides further bene�ts. Performance

of ConvLSTM is on par with our RGN approach applied to the original features without the

Kalman �lter; however, for all other con�gurations our RGN approach performs better. Espe-

cially, our �nal version of the Kalman �lter,KF-2, seems to bene�t all used temporal models.

Overall, we �nd that our full approach to temporal modeling (mid-layer convolutional feature

residuals, RGN propagation and Kalman �ltering) yields best performance.

Feature levels. We now examine the in�uence of di�erent 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 �rst 20%

of frames, i.e.,� = 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 di�er-

ent feature stages have less impact on accuracy. This may be due to the fact that UCF101

is generally less di�cult than the other datasets, as indicated by the fact that for any given

observation ratio,� , in Table 2.3 the results on UCF101 are always better than for the others;

correspondingly, the speci�cs 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 di�cult.

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,f K ng, that propagate feature

residuals into the future; 2) the Kalman Gain,� , 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 73.4
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 77.3
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 di�erent temporal propagation approaches on JHMDB21 split

1. Org denotes applying motion kernel transformation on original features,Resdenotes resid-

ual propagation andKF* denotes inclusion of the Kalman �lter. For ConvLSTM, (3x3), 128

& 192 represent kernel, hidden state & feature dimension, resp. HereKF indicates Kalman

gain calculated in a fashion of joint inputs, whileKF-2 is their di�erence (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 speci�c 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 de�ne 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 33.41 46.65 67.51 84.38 75.83
28x28x192 83.78 86.22 89.01 93.07 37.33 49.96 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
7x7x1024 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 withRGN-KF-2,

Ordered by Decreasing Spatial Receptive Field Size. Observation ratio� 2 f 0:1; 0:2; 0:3; 0:8g

for UCF101 and BIT datasets. Set� = 0:2 for JHMDB21.

Figure 2.8: Visualization of Features and Residuals. The example shows a sequence of frames

for the actionbaseball-swingalong 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 �ve times the sparsity of the originals,

which quantitatively con�rms the relative sparsity of the residuals.

Overall, both the visualizations and the quantitative analysis con�rm 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 akicking 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� 3, 5� 5, 7� 7); ground-truth prediction target

frames that follow the inputs, with an overlaid vector showing the dominant motion direction.

Top-to-bottom areboxing, catching, lungesandopening bottleactions. 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 di�erent feature channels capture di�erent components of the images: Some

channels are better matched to foreground actors or even actor parts, while others are better

matched to backgrounds. These di�erent channels may therefore yield di�erent motions and

our per channel learning automatically follows these various motions.

What is the signi�cance 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) ~ � (t � � t) = � (t � � t) ~ g(t) = g(t � � t); (2.19)

where� (�) denotes the unit impulse andg(�) 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 sub�gure, 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) speci�es the movement directions (a) and

the displacement magnitude of the motion kernel speci�es the movement stride (b). Optical

�ow kernels,K OF
n , 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 a3 � 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
p

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 sub�gure, 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 with5� 5 and7� 7 kernels, respectively.

Thus, kernels with multiple scales are more �exible to capture motions that cross greater

distances and also support �ne-grained orientations, e.g.,5 � 5 kernels can provide 16 more

directions. Our approach has adopted this multiscale scheme.

Figure 2.12: Discretization of �ow magnitude for conversion to motion kernel format. Motion

kernels are divided into 0, 1, 2 or 3 rings, for no motion,3� 3, 5� 5 and7� 7 kernels, resp.,

with rings corresponding to �ow magnitude.
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Motion kernels from optical �ow. To further verify that the learned motion kernels are

capturing the observed motion, we compare them to optical �ow estimated from the same

input frames. Apparently, no previous approach for comparing learned motion kernels with

optical �ow has been proposed. In response, we proceed by building on the classic Histogram

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

Let v(x; y) = ( u(x; y); v(x; y)) be optical �ow, where we use a standard estimator to

recover the �ow [44]; although, that particular choice is not critical, i.e., any reliable optical

�ow 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 �ow

estimator, rather than raw grey-level images. We de�ne the �ow magnitude,kv(u; v)k =
p

u2 + v2, and direction,� = tan� 1( v
u ), in the usual way, where we suppress dependence on

(x; y) for compactness of notation. For conversion to the motion kernel format, we quantize

the �ow magnitudes and directions across(x; y) into histograms with bins that correspond to

the discrete kernel elements. The magnitude is quantized as shown in Figure 2.12. Note that

di�erent rings are available for quantization depending on the kernel size:3 � 3 kernels only

encompass the inner most ring; the5� 5 kernal encompasses both the inner most and middle

rings; the7 � 7 kernel encompasses all three rings. Flow direction is discretized according

to an angular range for binb, out of a total ofB bins as� �
2 + � b� 1

B � � < � �
2 + � b

B ; where

1 � b � B andB 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 �ow vectors weighted by

their magnitude, as in classic HOOF. Finally, the histograms are smoothed with a Gaussian

�lter [145] and normalized to complete the conversion of optical �ow to motion kernel format,

yieldingK OF
n .

Match results. Figure 2.13 (a) illustrates our methodology for quantifying the comparison of

learned motion kernels,K n , with ground-truth optical �ow kernels,K OF
n , as de�ned in the

previous section. As speci�ed in the �gure, we take the inner product between the vectorized

versions of ~K n and ~K OF
n to quantify their match, with~denoting vectorization. Notice that

since bothK n andK OF
n 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 �ow 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 n , and

optical �ow kernels,K OF
n , 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

the90th and10th 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 �rst 7 timesteps:3� 3 kernels have median match score

of � 0:8 with OF-kernels;5� 5 are at� 0:7; 7� 7 are at� 0:6. Thereafter, the matches decline

along prediction horizons (e.g., beyond the9th timestep,3� 3 kernels can only achieve 45%).

It also is notable that for the1st -7th prediction timesteps, the3 � 3 kernels achieve the

highest matches and the7� 7 kernels the lowest. It also is interesting to observe that the3� 3

kernels degenerate more remarkably than the other two when above the9th 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-�ve, pattingandhandshaking) and

actors execute their actions smoothly, the match scores for the3 � 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 �ow input, which naturally contains noise, its best match

value is still lower than JHMDB21. Notably, the variability of its7� 7kernels 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 1st timestep). These results may arise because of the
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Figure 2.14: Box plots of correlation scores between learned kernels,K n , and optical �ow

kernels,K OF
n , 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 di�erences 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 di�erences 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

di�er 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 the7 � 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 akickingaction where the

execution leads to a relatively large displacement (i.e., half of its pixels exhibit �ow 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 re�ects the match scores.

greater than two) and our learned7 � 7 kernels have high valued impulses at the three pixel

displacement positions (the outermost ring). In the bottom row, however, thestandingaction

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 �ow magnitude

larger than two and these are captured best by the7 � 7 kernels.

What are the failure modes of the learned motion kernels?Another observation from

Figure 2.13 (b) is that the3 � 3 kernels tend to degenerate more severely at longer prediction

horizons than the other two, e.g., its correlation goes down to0:4 when prediction horizon

reaches the9th timestep and onward. To probe further, we show visualizations of a sequence

of learned and ground-truth3 � 3 and 5 � 5 motion kernels; see Figure 2.17. It is seen

that the learned3 � 3 kernels eventually degenerate to indicating no-motion (i.e., highest

response at the center position), whereas the learned5 � 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 �ow 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 bene�ts, 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 sub�gure shows that when being compared with the simple

baseline approach (i.e., using only the �rst 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 thesit andpickingactions, i.e.,sit is improved from33:4% to58:3% accuracy

andpicking is improved from66:7% to 91:7% accuracy. The lower right sub�gure shows a

plot of mean-square-error between propagated and ground-truth deep features. It is seen that

the smallest error arises forsit andpick 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 e�ectiveness of our feature propagation.
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Figure 2.17: Visualization of failure modes of 3x3 and 5x5 kernels on apicking test action

video. Smaller learned kernels (upper part of �gure) are less able to capture larger motions

than larger learned kernels (bottom part of �gure), 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 thatsit can be

easily confused withstandingwhen looking only at the static image, as they both share the

same physical environments (e.g., chairs). Similarly,pickingandclimbing stairsshare 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 e�orts to stabilize learning, e.g., scheduled sampling [12] and teacher

forcing [239]. Long-term sequences often su�er 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 actionsit andclimb 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 �lter 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 di�erence 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 di�erence, as desired. An example is

shown in Figure 2.19 showing an example ofbaseball 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 the11th , timestep, the corrupt feature is corrected (shown in green box) and accordingly

the gain value returns to a lower vale, e.g., declining from0:83to 0:47.

42



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 prede�ned schedule.

In contrast to the case of smooth motion, Figure 2.20 illustrates performance in more

complicated scenarios. Sub�gure (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. Sub�gure (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 �lter design full�lls the need in providing

updates when the motion direction changes and the prediction fails.
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