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1
I N T RO D U C T I O N

What makes a single image fundamentally different form a collection of images?

(a) Single image (b) Collection of successive images

Figure 1: The left is a still picture of a sportsman – one can easily tell that it is a track
and �eld sport. However, it is not that easy to guess what speci�c sport it is, actually.
May be it is long jump, disc throw, high jump, or something else. Only by considering
more images, on the right, you can conclude the answerz.

It is often said that a picture is worth a thousand words. If that is so, then is a video
worth a thousand pictures or a million words? Look at the single image on the left of
�gure 1, the �rst thought that comes to mind is a sportsman in one of the track and �eld
sports. A second look might tell you that it is probably a long jump or a high jump. To
make it easier, let's agree that it is a long jump. And yet, this opens more questions. For
instance, the jump is successful or failed. Let us consider the rest of the images on the
right of �gure 1 – please turn the page upside down. Now that you have seen the rest of
the images, why are we able to conclude the correct answer from the image collection on
the right but not from the single image on the left? In other words, what is the essential
difference between the left and the right? If the left is just a single image, while the right
is a collection of successive images, what does the latter carry more than the former?
Is it just more of that same; more observations of the same running person? Or is the
difference something more fundamental?

From the perspective of computer vision, an image is a digital signal encoding the
visual world around us, in a way that is comprehended by the computer. This digital
signal has three dimensions: height, width, and color. A video is also considered as
a digital signal. But compared to an image, it spans an extra dimension – that is the
time. As such, a video encapsulates a multitude of information more than a single
image. Having time in hand means having a much detailed and more re�ned view of
the perceived visual world. Using the single image of �gure 1a, we can predict endless
possibilities of what will happen to the sportsman. He may succeed in the jump or may
fall. However, using a video,e.g.the collection of images in �gure 1b, we are able to tell

z Theanswerishighjump
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I N T RO D U C T I O N

a much more precise story of the sportsman, compared to the single image. Consequently,
we would like to argue thattimeis the single most important, and most evident difference
between a mere image and a collection of images,i.e. a video.

This thesis is concerned with studying time, within the context of human actions
in videos. But why do we want to study time? One might argue that time brings a
profoundly novel dimension of information. So, studying time gives us a far better under-
standing of human actions in videos. Complementary to studying time, a comprehensive
understanding of its properties is needed. These properties include but are not limited to
the (a) arrow of time, (b) cyclicity (or repetition), (c) rate of change, (d) structure, and
last but not least (e) permutation. In the following, we emphasize on these properties,
one by one.

The �rst fundamental property is the arrow of time. Let us revisit the single image in
�gure 1a. From the pose of the sportsman, you can probably tell that he is running. But
you cannot for sure tell if he is running forward or backward – only time can tell. That
is why it is important to study the arrow of time. There are countless opposite pairs of
actions where only time can tell the difference between each pair. For example, swipe
left v.s.swipe right, or open jar lidv.s.close jar lid.

Figure 2: The top left image tells us that there is a jockey riding a horse. But the entire
video, represented as an ordered collection of images, paints a much more clear picture,
because it provides us with an extra, yet fundamental, signal – that is time. Only by
considering time, important information about the video is revealed. For example, time
tells us that: (a) the horse is moving forward, not backward (arrow of time), (b) the horse
gait is gallop, not walk, trot, nor canter (structure of time), and (c) the horse is �nishing
one complete cycle of galloping (cyclicity or repetition of time).

Consider the top left image in �gure 2, it shows a jockey riding a horse. But can you
tell only from this image, what is the horse gait, and what is the periodic rate? The
entire video, represented as an ordered collection of images, paints a much more clear
picture, only because they provide us with an extra, yet fundamental, signal – that is
time. Only when considering time, important information about the video is revealed.
First, time tells us that the horse gait is gallop, not walk, trot, nor canter. Second, we can
deduct from the video that the gallop is cyclic locomotion. That is to say, the gallop gait
repeats itself exactly every nine successive images – notice the similarities in the horse
gait between the second and the tenth image. Given that the order of images is left to
right, then top to bottom, see how the second image and eleventh image are almost alike.
This property of time is called cyclicity, or repetition. Third, the rate of change in the

10



I N T RO D U C T I O N

horse gait from one image to another may tell us if the horse is about to change the gait
or is coming to a complete stop. Notice the rate of change between the �rst two top left
images, compared to that between the last two bottom-right ones. This property of time
is called the rate of change. While the aforementioned properties, namely arrow of time,
cyclicity, and rate of change are essential to understand time, they go beyond the scope
of this thesis. While these properties are worth mentioning, this thesis discusses other
aspects of time, which are discussed next.

How novel human activities can be recognized using previously learned ones?

Chapter 2 is concerned with how do we perceive novel visual evidences, and how do
we recognize them. Imagine yourself riding a horse, such as that of �gure 2. But this
time, not as a jokey or equestrian, but rather as a zoo visitor. While you move from one
place to another, you encounter new animals, see novel creatures, and hear new sounds.
You will learn about these never-seen-before creature, and may memorize some of their
names in your memory. For example, you may now have seen and de�ned what donkeys,
lions, dogs, dears, ostriches, chickens may look like. Now, imagine you arrive at a new
place and encountered a novel animal. In a split second, your brain, to avoid confusion
and overcome uncertainties, will try to classify this animal as the closest look-alike from
your memory. So, if this novel animal is, let's say, a kangaroo, here is the silent dialog
that will happen in your brain. You will say, well, on one hand, it has the head of a
donkey, or most properly a deer, but it is biped animal, so it is de�nitely, neither a donkey
nor deer. On the other hand, this novel animal is biped, and very similar to an ostrich, but
it does not have the head of the ostrich. This reasoning might go on for a while before
you start calling the new animal a new name, such as ostrich-with-deer-face. Similarly,
chapter 2 of this thesis looks into how do we recognize novel human events. It argues
that a novel one can be cased as weighted combination of a previously known events. For
instance, the human event of “baby shower” might be viewed as an event of “wedding
shower” merged with another event of “baby birthday”.

We are given a repository of test videos, each entails an event, like “birthday party”
or “dog show”. Also, we are given a set of textual queries describing these events.
For each query, the task is to retrieve,i.e. rank, the most related videos, based on the
semantic similarity between the query and the video contents. As none of the queries
are accessible during training, this learning problem is known as zero-shot. We propose
to learn a cross-modal feature space using external sources of knowledge, such that the
space makes it possible to correctly retrieve the videos in test time. To learn this space,
we rely on two external sources of data, namely the video repository of EventNet, and
the event description articles of WikiHow. These two sources are heterogeneous, thus
cannot be used directly for training. So, we notice that the categories of EventNet directly
corresponds to the article of WikiHow. Using this analogy, these two sources were ready
for training. Furthermore, we learn cross-modal neural embeddings between the visual
and the textual modality, such that for a certain event, the article and its correlated videos
fall closer to one another in the feature space. To learn the feature space, an off-the-shelf
distance metric, such as Euclidean or cosine, is used. Differently, we �nd that learning
the distance metric itself, along with the neural embeddings of the visual and textual
modalities, in an end-to-end fashion, is the optimal solution. Experiments are conducted

11



I N T RO D U C T I O N

on two benchmarks MED-13 and MED-14. In addition, analysis and comparisons are
made, where our method comfortably outperforms previous methods.

In the method of chapter 2, to represent a certain video, frames are uniformly sampled
and their features are extracted. The video-level features are simply the frame-level
counterparts, pooled over the temporal dimension. So, the temporal structure of each
video is clearly understated. This motivates us to pay attention to the temporal structure
of videos, and how to recognize it. Upon preliminary research, this problem appeared to
be much bigger than initially thought. For one, it is found that human motions in videos
are expressed at different levels of granularity,e.g.micro actions, atomic actions, unit
actions, actions, activities, and events. Accordingly, the thesis asks, for instance, what is
the difference in granularity between atomic actions and activities? Are actions more
coarse-grained or more �ne-grained than activities? More importantly, the following
question is asked:

Is time structured? How to recognize such a structure in videos of human activities?

Figure 3: Can you guess what is the human activity in this picture?y A complex human
activity is analogous to a mosaic painting. The activity is made of small pieces, called
atomic actions. Each, by itself, does not tell the complete story of the activity. But only
when all are put together, these pieces paint a clear picture of the complex activity.

Look carefully at the picture in �gure 3. It is full of small pieces, and full of colorful
details, much like a mosaic painting. Can you see a general pattern out of this picture?
Or can you tell that it shows a human doing an activity? Which activity is it? It might be
that there is no structure governing such pieces, after all. Now take one step back and
look at the big picture. Perhaps now you can tell which human activity is ity. If so, why
you were able to �gure out the activity only in the second look? Maybe because we can
see the overall pattern or structure of the picture. A complex human activity in the video

y Theansweriscookingdinner
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I N T RO D U C T I O N

is analogous to a mosaic painting. It is made of small pieces, called atomic actions. Each
alone cannot tell the complete story. But only when all put together, these pieces paint a
clear picture of the activity.

In Chapter 3, the difference between short-range atomic actions and long-range human
activities is discussed. In addition, three important properties of the latter are outlined.
These properties are temporal composition, temporal order, and temporal extent. Take
for example the complex activity of “cooking meal”. Composition means that it can be
broken down into building blocks, called one-actions,e.g.“stir”, “wash”, “slice”. None
of which has an end goal by itself. But together, they make the complex activity more
meaningful. Order means that these one-actions exhibit temporal order, albeit week.
Usually, one washes the hands before start cooking. And the temporal extent means
that the temporal duration of the same one-action may vary from one video exemplar
to another. One person might take a little bit longer to wash hands than another person.
Existing methods fall short of addressing these three properties, combined. Timeception,
a novel neural network layer for temporal modeling, is proposed. Timeception uses
multi-scale kernels to tolerate the temporal extents of one-actions. Multi-scale is achieved
by either using different kernel sizes or different dilation rates. Additionally, Timeception
decomposes the kernel of typical 3D convolution into a newly proposed temporal-only
kernels. Since the temporal aspect of human activity is, arguably, the most important
among all other aspects, these temporal-only kernels are dedicated to model only the
temporal dimension. As such, the effect of temporal-only convolutions is a drastic
reduction in the computational cost of 3D convolutions. This enables Timeception to
live up to the computational demands of minute-long videos. Moreover, Timeception
is a modern and modular layer for temporal modeling. It can be stacked on top of 2D
or 3D CNNs alike. By conducting several experiments, the bene�ts of Timeception are
demonstrated, and the technical novelties are veri�ed. Besides, Timeception outperforms
state-of-art methods on three benchmarks Charades, Breakfast, and MultiThumos.

It is concluded from chapter 3 that the temporal structure of complex activities is
weak. To model such a structure, Timeception is proposed, where the main building
blocks of Timeception are the temporal convolutions. The fact that these convolutions
are temporal means that the structure of time is envisioned as an arrow. Along which,
these convolutional operations try to recognize the temporal patterns. But the question is,
why do we cast time as an arrow? Can it take other forms or structures? If yes, what do
the structure of time look like? Graph, lattice, tree, or something else? Most importantly,
the next question is:

If time is structured, what is the ideal structure to represent it?

Chapter 4 tries to answer the question of how to ideally structure the time. But �rst, let
us start with the following idea. The visual world around us is full of objects, each with
a distinct shape or �gure. The question is, if you look around the room you are in now,
can you see the time as one of these integrated objects? De�nitely not. So, if time is an
agreed-upon concept that we use and experience in our daily life, why cannot we see
it, and does it have a speci�c shape? Does in �t is a certain pattern or a does it have
a unique mold? Is there a speci�c structure of time? And is it as simple as geometric
shapes,e.g.triangle, square, or circle? Or does time need a more complex structure to
be represented, such as trees, graphs, lattice, groups, or rings? In chapter 4, it is argued

13



I N T RO D U C T I O N

that to better recognize the human activities in videos, the time is better to be cast as a
graph, for the graph is the ideal structure to wrap the time of a seemingly endless human
activity in video.

It is concluded from chapter 4 that the temporal structure of complex activities is weak.
To model such a structure, VideoGraph is proposed as the ideal structure of time, where
the main building blocks of this structure are the graph nodes. The nodes stand for the
most discriminant visual evidence in a video of human action. In the graph structure, we
also have the graph edges, representing the most important relationships between the
visual evidence over time. While the graph structure succeeds in representing very long
temporal patterns in videos, it falls short of tolerating the permutations in such patterns.
So, to what extent is VideoGraph successful in tolerating the temporal perturbations of
complex activities? In other words, this thesis asks next a more profound question:

Is time permutable in human activities? And how to achieve permutation invariance
to recognize such activities?

(a) Get Food (b) Wash Cucumber (d) Dice Meat (e) Cook Vegetables (f) Wash Rice

Figure 4: A collection of images depicting the human activity of “cooking dinner”.

Permutation is another important property of time. Consider the steps of preparing
dinner, shown in the images of �gure 4. It seems that some of the steps can be permuted
without affecting the end-goal of preparing the dinner. For instance, one person might
cook the rice before cooking the vegetables, another person might cook the meat �rst.
However, we should also point out that some steps cannot be permuted. For example,
one has to wash the cucumber, then cut it, and then cook it. Since real-life human
actions do not follow a strict temporal order, we raise the question, what is the most
suitable structure to represent time? Could it be a sequence, like arrays or lists, or a
diagrammatical illustration, such as graphs, or trees, or lattices, or something completely
different?

Chapter 5 focuses on a fundamental property of time, in the context of long-range
human activities in videos. This property is the perturbation in the temporal structure of
such activities. For example, a person might start the long-range activity of “make coffee”
by “add milk” then “add coffee” and end up with “pour sugar”. Another person might
start �rst with “add milk”, then “add coffee” and skip “pour sugar” altogether. These
perturbations over time require some tolerance, or invariance, from the methods that
learn to represent and classify the activities. To this end, a new temporal modeling layer
is devised, namely Permutation Invariant Convolution, PIC. PIC is guided by three design
principlesi. invariance to permutation,ii. using shared kernels, andiii. respecting local
connectivity. In addition, PIC addresses the shortcomings of three existing approaches for
temporal modeling, namely vector-aggregation, self-attention, and convolution. Unlike

14
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vector aggregation and self-attention, PIC respects local connectivity, thus is able to
capture complex temporal patterns at multiple layers of abstractions. In contrast to
self-attention, the kernels in PIC are shared and are not inferred from the input signal.
Consequently, PIC is better than self-attention in detecting the most discriminant visual
evidence from the noisy videos of long-range activities. After the experiments are carried
out, it is concluded that PIC is better in modeling the complexities of long-range activities
than the competing methods. Besides, PIC outperforms other methods in recognizing
the activities of three benchmark Breakfast, MultiThumos, and Charades. Furthermore,
by conducting quantitative and qualitative analysis, the design principles of PIC are
thoroughly investigated, and their importance is con�rmed.

Many neural models, such as those presented in chapters 2, 3, 4, and 5, are successful
in detecting and recognizing human activities. Albeit this success comes at a great price;
that is the high computational cost of such neural models. The main cause of this cost is
the necessity to densely sample frames or segments from the video when recognizing
its activity. That is because temporal redundancy, a fundamental problem of time, is
not addressed by the aforementioned models. As a remedy, the thesis looks into better
methods to handle the redundancy of visual signals across the time dimension. So, the
thesis asks the following question:

How to overcome the redundancy of time, for the ef�cient recognition of human
activities?

Chapter 6 sheds light on the task of understanding human activities in videos from a
perspective different from the previous chapters. Rather than recognizing such activities,
this chapter discusses the ef�ciency of already existing neural models in activity recogni-
tion. Generally, the model ef�ciency is materialized by four metrics, namelyi. number
of learning parameters in millions,ii. number of �oating point operations (FLOPs),
iii. feedforward time in milli-seconds, andiv. classi�cation accuracy in percentage.
This chapter, however, focuses on the trade-off between only two metrics, which are
the FLOPs and the accuracy. In addition, TimeGate, a new method for the ef�cient
recognition of long-range activities in videos, is proposed. Using TimeGate, realizing the
ef�ciency is achieved by sampling the most representative segments from the activity's
video. Then, only the sampled segments are considered for recognition, while all the
other segments are discarded. Consequently, the recognition accuracy is retained at a
fraction of the computational cost. TimeGate has two technical contributions. First,
thanks to a carefully crafted gating mechanism, TimeGate is fully differentiable. Thus, it
can be trained with existing video classi�ers, such as 3D CNNs, in an end-to-end fashion.
Second, the gating mechanism in TimeGate is context-conditional, which is considerably
better for long-range activities. This is in contrast to the frame-conditional gating used by
other methods, such as SCSampler. Context-conditioning means that when sampling a
certain segment from a video, the visual evidence in both the segment and its context,i.e.
the surrounding segments, are considered. While segment-conditioning means that the
visual evidence of only the segment is used. In the end, in-depth analysis is conducted,
and the bene�ts of TimeGate are veri�ed. Besides, using qualitative and quantitative are
experiments on three datasets, TimeGate outperforms related methods in reducing the
computational cost of recognizing the long-range activities.
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With chapter 7, this thesis comes to its proper ending. In this chapter, we summarize
the lessons learned from the previous ones. Certainly, we emphasize on the importance of
leveraging external sources of knowledge to improve the detection of events in zero-short
learning (Chapter 2). In addition, we reiterate on the three properties of complex actions,
and how they are addressed by Timeception (Chapter 3). Also, we recall how important
it is to tolerate the temporal perturbations for better recognition of long-range activities
(Chapter 5). Furthermore, we demonstrate how temporal selection can drastically reduce
the high computational cost of neural models when recognizing minutes-long activities.
Orthogonal to the conclusion, we brie�y discuss �ve research topics. Not only do these
topics remain open, but also they might forecast the progress in video understanding.
The �ve topics are as follows.
• New tasks:is video recognition the correct task to understand human activities? Or

other tasks are needed?
• Structured representation: can a single feature vector truly represent a human

activity? Or is there are need for structure-oriented video representation?
• Levels of human motion:what are the differences between atomic action, unit action,

one-action, action, activity, event ..., etc? What are the properties of each?
• Multiple modalities: is only the visual modality enough to understand videos? Or

text and sound are also needed?
• Semi-supervised learning:is supervised learning sustainable? If unsupervised learn-

ing is even realistic? Or is self-supervised learning the way to consider?

1.1 R E L AT E D W O R K

There is a huge body of literature on video understanding, in general, and action recog-
nition, in particular. Historically, motion in videos is represented as feature vectors
using hand-crafted extractors. In static images, these extractors encode local points
of interests,i.e. keypoints. An examples of such methods are SIFT [25], SRUF [9]
and HOG [25]. Other extractors are more geared towards encoding motion in videos,
for example DT [169], IDT [170] or optical �ow [65]. In addition, vector aggregation
methods are use to pool frame-based features and arrive at the video-level counterpart,
for example BoVW [131], FV [145], VLAD [8]. To classify the actions represented by
the aforementioned features, methods use feature classi�ers, such as SVM [139,156] and
MLP [127]. While the majority of literature depend on the appearance images,i.e. RGB
images, as the main source of data input, other sources are considered, such as optical
�ow [39], dynamic images [13], depth maps [167], and infrared images.

Recently, deep learning has successfully been employed to understand and recognize
objects in images. The overwhelming majority of literature make use of Convolutional
Neural Networks (CNNs) [40,41,105] as the de facto method of feature representation.
CNNs are successful in detecting visual patterns in the spatial dimensions of images [62,
98]. Soon, they are extended to understand videos, by complementing the temporal
dimension with the spatial counterparts. As a result, a new family of CNNs is devised,
namely 3D CNNs [81,158]. For action understanding and recognition, many successful
methods stem from 3D CNNs, such as C3D [60], I3D [15], TSN [173], S3D [159], Non-
local Networks [175], and many others. Complementary to CNNs, methods have been
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proposed for temporal modeling of visual signal in videos. Examples are LSTM [107,
108], context gating [118], temporal segments [104], temporal convolutions [104], and
feature banks [179].

The success of deep learning could not be possible without large-scale annotated
datasets. Therefore, a large body of literature is dedicated to proposing and studying
such datasets. In video understanding, actions and activities of these datasets span
a wide spectrum of topics, such as sports, cooking, instructions, consumer, video-
logging, activities of daily living, movies, TV series, etc. Examples of these datasets
are UCF101 [148], Sports1M [90], Thumos [77], and ActivityNet [64]. For cooking,
Breakfast [99], YouCookII [195], Epic-Kitchens [26], and MPII-Cooking [134] are good
examples. For the interaction of human-human or human-object, there exist datasets such
as Charades [144], Kinetics [91], YouTube8M [6], EventNet [187], FCVID [86], and
YFCC100M [155]. Movies and TV series are a good source of harvesting video datasets.
A few examples are Hollywood [113], HMDB [100], AVA [52], MPII-MD [133], and
M-VAD [132].

1.2 L I S T O F P U B L I C AT I O N S

• Chapter 2 is based on “Uni�ed Embedding and Metric Learning for Zero-Exemplar
Event Detection”, published inComputer Vision and Pattern Recognition (CVPR),
2017 [72], by Noureldien Hussein, Efstratios Gavves and Arnold W. M. Smeulders.

Contribution of authors

Noureldien Hussein: all aspects,
Efstratios Gavves: guidance and technical advice,
Arnold W. M. Smeulders: supervision and insight.

• Chapter 3 is based on “TimeCeption for Complex Action Recognition”, published
in Computer Vision and Pattern Recognition (CVPR), 2019 [72], by Noureldien
Hussein, Efstratios Gavves and Arnold W. M. Smeulders.

Contribution of authors

Noureldien Hussein: all aspects,
Efstratios Gavves: guidance and technical advice,
Arnold W. M. Smeulders: supervision and insight.

• Chapter 4 is based on “VideoGraph: Recognizing Minutes-Long Human Ac-
tivities in Videos”, published inInternational Conference on Computer Vision
Workshop (ICCV-W), 2019, in submission toBritish Machine Vision Conference
(BMVC), 2020 [74], by Noureldien Hussein, Efstratios Gavves and Arnold W. M.
Smeulders.

Contribution of authors

Noureldien Hussein: all aspects,
Efstratios Gavves: guidance and technical advice,
Arnold W. M. Smeulders: supervision and insight.

17



I N T RO D U C T I O N

• Chapter 5 is based on “Permutation Invariant Convolution for Recognizing Long-
range Activities”, in submission toEuropean Conference on Computer Vision
(ECCV), 2020 [75], by Noureldien Hussein, Efstratios Gavves and Arnold W. M.
Smeulders.

Contribution of authors

Noureldien Hussein: all aspects,
Efstratios Gavves: guidance and technical advice,
Arnold W. M. Smeulders: supervision and insight.

• Chapter 6 is based on “TimeGate: Conditional Gating of Segments in Long-range
Activities”, in submission toEuropean Conference on Computer Vision (ECCV),
2020 [76], by Noureldien Hussein, Mihir Jain and Babak Ehteshami Bejnordi.

Contribution of authors

Noureldien Hussein: all aspects,
Mihir Jain: guidance and technical advice,
Babak Ehteshami Bejnordi: guidance and technical advice.
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2
U N I F I E D E M B E D D I N G A N D M E T R I C L E A R N I N G F O R
Z E RO - E X E M P L A R E V E N T D E T E C T I O N

2.1 I N T RO D U C T I O N

TRECVID Multimedia Event Detection (MED) [125,126] is a retrieval task for event
videos, with the reputation of being realistic. It comes in two �avors: few-exemplar and
zero-exemplar, where the latter means that no video example is known to the model.
Although expecting a few examples seems reasonable, in practice this implies that the
user must already have an index of any possible query, making it very limited. In this
work, we focus on event video search with zero exemplars.

Retrieving videos of never-seen events, such as “renovating home”, without any video
exemplar poses several challenges. One challenge is how to bridge the gap between the
visual and the textual semantics [53,55,84]. One approach [16–18,84,111,114] is to
learn a dictionary of concept detectors on external data source. Then, scores for test
videos are predicted using these detectors. Test videos are then ranked and retrieved
accordingly. The inherent weakness of this approach is that the presentation of a test
video is reduced to a limited vocabulary from the concept dictionary. Another challenge
is how to overcome the domain difference between training and test events. While
Semantic Query Generation (SQG) [17,18,84,85] mitigates this challenge by extracting
keywords from the event query, it does not address how relevant these keywords are to
the event itself. For example, keyword “person” is not relevant to event “car repair” as it
is to “�ash mob gathering”.

Our entry to zero-exemplar events is that they generally have strong semantic correla-
tions [44,116] with other possibly seen events. For instance, the novel event “renovating
home” is related to “�t wall tiles”, “remove drywall”, or even to “paint door”. Novel
events can, therefore, be casted on a repository of prior events, for which knowledge
sources in various forms are available beforehand, such as the videos, as in Event-
Net [187], or articles, as in WikiHow [1]. Not only do these sources provide video
examples of a large –but still limited– set of events, but also they provide an association
of text description of events with their corresponding videos. A text article can describe
the event in words: what is it about, what are the details and what are the semantics. We
note that such a visual-textual repository of events may serve as a knowledge source, by
which we can interpret novel event queries.

For Zero-exemplar Event Detection (ZED), we propose a neural model with the
following novelties:

Published inComputer Vision and Pattern Recognition (CVPR), 2017 [72]
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Figure 5: We pose the problem of zero-exemplar event detection as learning from a
repository of pre-de�ned events. Given video exemplars of events “removing drywall” or

“�t wall”, one may detect a novel event “renovate home” as a probability distribution
over the prede�ned events.

1. We formulate a uni�ed embedding for multiple modalities (e.g. visual and textual)
that enables a contrastive metric for maximum discrimination between events.

2. A textual embedding poses the representation of a novel event as a probability of
prede�ned events, such that it spans a much larger space of admissible expressions.

3. We exploit a single data source, comprising pairs of event articles and related videos.
A single source rather enables end-to-end learning from multi-modal individual pairs.

We empirically shows that our novelties result in performance improvement. We
evaluate the model on TRECVID Multimedia Event Detection (MED) 2013 [125] and
2014 [126]. Our results show signi�cant improvement over the state-of-the-art.

2.2 R E L AT E D W O R K

We identify three families of methods for ZED, as in �gure 6 (a), (b) and (c).

Visual Embedding and Textual Retrieval. As in �gure 6(a), given a videovi repre-
sented asx 2 X and a related textt represented asy 2 Y. Then, a visual modelfV is
trained to projectx asyv 2 Y such that the distance is minimized between(yv, y). In test
time, video ranking and retrieval is done using distance metric between the projected test
videoyt and test query representationy.

VideoStory [54, 56] project the visual featurex of a web videov into term-vector
representationy of the video's textual titlet. However, during training, the model
makes use of the text query of the test events to learn better term-vector representation.
Consequently, this limits the generalization for novel event queries.

Textual Embedding and Visual Retrieval. As in �gure 6(b), a given text queryt is
projected intoxt 2 X using pre-trained or learned language modelfT .
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2.2 R E L AT E D W O R K

Figure 6: Three families of methods for zero-exemplar event detection: (a), (b) and (c).
They build on top of feature representations learned a priori (i.e. initial representations),
such as CNN featuresx for a videov or word2vec featuresy for event text queryt. In
a post-processing step, the distance� is measured between the embedded features. In
contrast, our model rather falls in a new family, depicted in (d), for it learns uni�ed
embedding with metric loss using single data source.

TagBook [115] makes use of freely-available weakly-tagged web videos. Then it
propagates tags to test videos from its nearest neighbors. Methods [16–18,84,111] have
similar approach. Given a text queryt, Semantic Query Generation (SQG) extractsN
most related conceptsfci , i 2 Ngto the test query. Then, pre-trained concept detectors
predict probability scoresfsi , i 2 Ngfor a test videov. Aggregating these probabilities
results in the �nal video scoresv, upon which videos are ranked and retrieved. [18] learns
weighted averaging.

The shortcoming of this family is that expressing a video as probability scores of few
concepts is under-representation. Any concept that exists in the video but is missing in
the concept dictionary is thus unrepresented.

Visual-Textual Embedding and Semantic Retrieval.As in �gure 6(c), visual fV and
textual fT models are trained to project both of the visualx and textualy features into
a semantic spaceZ . During test, ranking score is the distance between the projections
zv, zt in the semantic spaceZ .

[180] projects video concepts into a high-dimensional lexicon space. Separately, it
projects concept-based features to the space, which overcomes the lexicon mismatch
between the query and the video concepts. [32] embeds a fusion of low and mid-level
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Figure 7: Model overview. Using datasetD z of M event categories andN videos. Each
event has a text article and a few videos. Given a videox with text titlek, belonging
to an event with articlet, weextractfeaturesx, yk, yt respectively. At the top, network
fT learnsto classify the title featureyk into one ofM event categories. In the middle,
we borrow the networkfT to embedthe event article's featureyt aszt 2 Z . Then, at
the bottom, the networkfV learnsto embed the video featurex aszv 2 Z such that the
distance between(zv, zt) is minimized, in the learned metric spaceZ .

visual features into distributional semantic manifold [119, 120]. In a separate step, it
embeds text-based concepts into the manifold.

The third family, see �gure 6(c), is superior to the others, see �gure 6(a), (b). However,
one drawback of [32,180] is separately embedding both the visual and textual features
zv, zt. This leads to another drawback, having to measure the distance between(zv, zt) in
a post-processing step (e.g.cosine similarity).

Uni�ed Embedding and Metric Learning Retrieval. Our method rather falls into
a new family, see �gure 6(d), and it overcomes the shortcomings of [32, 180] by the
following. It is trained on a single data source, enabling a uni�ed embedding for features
of multiple modalities into a metric space. Consequently, the distance between the
embedded features is measured by the model using the learned metric space.

Auxiliary Methods. Independent to the previous works, the following techniques have
been used to improve the results: self-paced reranking [82], pseudo-relevance feed-
back [83], event query manual intervention [7], early fusion of features (action [36,146,
157,161,169] or acoustic [89,101,122]) or late fusion of concept scores [56]. All these
contributions may be applied to our method.

Visual Representation.ConvNets [63,98,105,147] provide frame-level representation.
To tame them into video-level counterpart, literature use: i- frame-level �ltering [43]
ii- vector encoding [8,145] iii- learned pooling and recounting [111,117] iv- average
pooling [54, 56]. Also, low-level action [161, 169], mid-level action [146, 157] or
acoustic [89,101,122] features can be used.
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2.3 M E T H O D

Textual Representation.To represent text, literature use: i- sequential models [150],
ii- continuous word-space representations [103,120], iii- topic models [14,27], and iv-
dictionary-space representation [56].

2.3 M E T H O D

2.3.1 Overview

Our goal is zero-exemplar retrieval of event videos with respect to their relevance to a
novel textual description of an event. More speci�cally, for the zero-exemplar video
datasetD z = fvz

i g, i = 1,: : :, L and given any future, textual event descriptiontz, we want
to learn a modelf (�) that ranks the videosvz

i according to the relevance totz, namely:

tz : vz
i � vz

j ! f (vz
i , t

z) > f (vz
j , t

z). (2.1)

2.3.2 Model

Since we focus on zero-exemplar setting, we cannot expect any training data directly
relevant to the test queries. As such, we cannot directly optimize our model for the
parametersWT ,WV in eq.(2.3). In the absence of any direct data, we resort to external
knowledge databases. More speci�cally, we propose to cast future novel query descrip-
tions as a convex combination of known query descriptions in external databases, where
we can measure their relevance the database videos.

We start from a datasetD z =
n
vi , ki , l j , t j

o
, i = 1,: : :, N, j = 1,: : :, M organized by

an event taxonomy, where we do not neither expect nor require the events to overlap with
any future event queries. The dataset is composed ofM events. Each event is associated
with a textual, article description of the event, analyzing different aspects of it, such
as: (i) the typical appearance of subjects and objects (ii) it's procedures (iii) the steps
towards completing task associated with it. The dataset contains in totalN videos, withvi

denoting thei-th video in the dataset with metadataki , e.g.the title of the video. A video
is associated with an event labell i and the article descriptionti of the event it belongs to.
Since multiple videos belong to the same event, they share the article description of such
event.

The ultimate goal of our model is zero-exemplar search for event videos. Namely,
provided unknown text queries by the user, we want to retrieve those videos that are
relevant. We illustrate our proposed model during training in �gure 7. The model is
composed of two components, a textual embeddingfT (�), a visual embeddingfV (�).
Our ultimate goal is the ranking of videos,vi � v j � vk with respect to their relevance to
a query description, or in pairwise termsvi � v j , v j � vk andvi � vk.

Let us assume a pair of videosvi, v j and query descriptiont, where videovi is more
relevant to the queryt thanv j . Our goal is a model that learns to put videos in the correct
relative order, namely(vi, t) � (v j, t). This is equivalent to a model that learns visual-
textual embeddings such thatdtv

i < dtv
j , wheredtv

i is the distance between visual-textual
embeddings of(vi, t), dtv

j is the same for(v j, t). Since we want to compare distances
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between pairs(vi , t), (v j , t), we pose the learning of our model as the minimization of a
contrastive loss [23]:

L con =
1

2N

NX

i= 1

hi � d2
i + ( 1 � hi) max(1 � di , 0)2, (2.2)

di = kfT (ti ; WT ) � fV (vi ; WV )k2, (2.3)

where fT (ti; WT ) is the projection of the query descriptionti into theuni�ed metric
spaceZ parameterized byWT , fV (vi ; WV ) is the projection of a videovi onto the same
spaceZ parameterized byWV andhi a target variable that equals to1 when thei-th video
is relevant to the query descriptionti and0 otherwise. Naturally, to optimize eq.(2.2),
we �rst need to de�ne the projectionsfT (�; WT ) and fV (�; WV ) in eq. (2.3).

Textual Embedding. The textual embedding component of our model,fT (�; WT ), is
illustrated in �gure 7 (top). This component is dedicated to learn a projection of a textual
input –including any future event queriest– on to the uni�ed spaceZ . Before detailing
our modelfT , however, we note that that the textual embedding can be employed not
only with event article descriptions, but also with any other textual information that might
be associated to the dataset videos, such as textual metadata. Although we expect the
video title not to be as descriptive as the associated article, they may still be able to offer
some discriminative information as previously shown [54,56] which can be associated to
the event category.

We model the textual embedding as a shallow (two layers) multi-layer perceptron
(MLP). For the �rst layer we employ aReLUnonlinearity. The second layer serves a
dual purpose. First, it projects the article description of an event on the uni�ed space
Z . This projection iscategory-speci�c, namely different videos that belong to the same
event will share the projection. Second, it can project anyvideo-speci�ctextual metadata
into the uni�ed space. We, therefore, propose to embed the title metadataki, which
is uniquely associated with a video, not an event category. To this end, we opt for
softmax nonlinearity for the second layer, followed by an additional logistic loss term
to penalized misprediction of titlesmi with respect to the video's event labely j

i , namely

L log =
NX

i= 1

MX

j= 1

� y j
i log f j

T (ki ; WT ). (2.4)

Overall, the textual embeddingf j
T is trained with a dual loss in mind. The �rst loss

term, see eq.(2.2) (2.3)takes care that the �nal network learns event-relevant textual
projections. The second loss term, see eq.(2.4), takes care that the �nal network does
not over�t to the particular event article descriptions. The latter is crucial because the
event article descriptions inD z will not overlap with the future event queries, since we
are in a zero-exemplar retrieval setting. As such, training the textual embedding to be
optimal only for these event descriptions will likely result in severe over�tting. Our goal
and hope is that the �nal textual embedding modelfT will capture both event-aware and
video-discriminative textual features.
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Visual Embedding. The visual embedding component of our model,fV (�; WV ), is
illustrated in �gure 7 (bottom). This component is dedicated to learn a projection from
the visual input, namely the videos in our zero-exemplar datasetD z, into the uni�ed
metric spaceZ . The goal is to project the videos belonging to semantically similar
events; project them into a similar region in the space. We model the visual embedding
fV (vi ; WV ) using a shallow (two layers) multi-layer perceptron withtanh nonlinearities,
applied to any visual feature for videovi .

End-to-End Training. At each training forward-pass, the model is given a triplet of
data inputs, an event descriptionti, a related videovi and video titleki. From eq.(2.3)
we observe that the visual embeddingfV (vi ; WV ) is encouraged to minimize its distance
with the output of the textual embeddingfT (ti; WT ). In the end, all the modules of
the proposed model are differentiable. Therefore, we train our model in an end-to-end
manner by minimizing the following objective

arg min
WV ,WT

L U ,

L U = L con+ L log.
(2.5)

For the triplet input(vi , ti , ki), we rely on external representations, since our ultimate goal
is zero-exemplar search. Strictly speaking, a visual inputvi is represented as CNN [63]
feature vector, while textual inputsti, ki are represented as LSI [27] or Doc2Vec [103]
feature vectors. However, given that these external representations rely on neural network
architectures, if needed, they could also be further �ne-tuned. We choose to freeze CNN
and Doc2Vec modules to speed up training. Finally, in this work, we refer to our main
model with uni�ed embedding, asmodelU .

Inference. After training, we �x the parameters (WV ,WT ). At test time, we set our
function f (�) from eq.(2.1) to be equivalent to the distance function from eq.(2.3).
Hence, at test time, we compute the Euclidean distance in the learned metric spaceZ
between the embeddings(zv, zt) of test videov and novel event descriptiont, respectively.

2.4 E X P E R I M E N T S

2.4.1 Datasets

Before delving into the details of our experiments, �rst we describe the external knowl-
edge sources we use.

Training dataset. We leverage videos and articles from publicly available datasets.
EvenNet [187] is a dataset of� 90k event videos, harvested from YouTube and categorized
into 500 events in hierarchical form according to the events' ontology. Each event
category contains around180videos. Each video is coupled with a text title, few tags
and related event's ontology.

We exploit the fact that all events in EventNet are harvested from WikiHow [1] – a
website forHow-Toarticles covering a wide spectrum of human activities. For instance:
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“How to Feed a Dog” or “How to Arrange Flowers”. Thus, we crawl WikiHow to get the
articles related to all the events in EventNet.

Test dataset.As the task is zero-exemplar, the test sets are different from the training.
While EventNet serves as the training, the following serve as the test: TRECVID MED-
13 [125] and MED-14 [125]. In details, they are datasets of videos for events. They
comprise 27k videos. There are two versions, MED-13 and MED-14 with 20 events for
each. Since 10 events overlap, the result is 30 different events in total. Each event is
coupled with short textual description (title and de�nition).

2.4.2 Implementation Details

Video Features.To represent a videov, we uniformly sample a frame every one second.
Then, using ResNet [63], we extractpool5 CNN features for the sampled frames.
Then, we average pool the frame-level features to get the video-level featurexv. We
experiment different features from different CNN models: ResNet (prob , fc1000 ),
VGG [147] (fc6 , fc7 ), GoogLeNet [152] (pool5 , fc1024 ), and Places365 [194]
(fc6 , fc7,fc8 ) except we �nd ResNetpool5 to be the best. We only use ResNet
pool5 and we don't fuse multiple CNN features.

Text Features.We choose topic modeling [14,27], as it is well-suited for long (and some-
times noisy) text articles. We train LSI topic model [27] on Wikipedia corpus [2]. We ex-
periment different latent topics ranging from300to 6000, expect we found 2500 to be the
best. Also, we experiment other textual representations as LDA [14], SkipThoughts [94]
and Doc2Vec [103]. To extract a feature from an event articlek or video titlet, �rst we
preprocess the text using standard MLP steps: tokenization, lemmatization and stemming.
Then, fork, t we extract 2500-D LSI featuresyk, yt, respectively. The same steps apply to
MED text queries.

Model Details. Our visual and textual embeddingsfV (�), fT (�) are learned on top of
the aforementioned visual and textual features (xv, yk, yt). fT (�) is a 1-hidden layer
MLP classi�er with ReLU for hidden,softmax for output, logistic loss and
2500-2500-500 neurons for the input, hidden, and output layers, respectively. Simi-
larly, fV (�) is a 1-hidden layer MLP regressor withReLUfor hidden,contrastive
loss and2048-2048-500 neurons for the input, hidden, and output layers, respectively.
Our code is made public to support further research.

2.4.3 Textual Embedding

Here, we qualitatively demonstrate the bene�t of the textual embeddingfT (�). Figure 8
shows the similarity matrix between MED and EventNet events. Each dot represents how
a MED event is similar to EventNet events. It shows that our embedding (right) is better
than LSI (left) in mapping MED to EventNet events. For example, LSI wrongly maps “9:
getting a vehicle unstuck” to “256: launch a boat” while our embedding correctly maps

github.com/noureldien/unified_embedding

26



2.4 E X P E R I M E N T S

Figure 8: Our textual embedding (right) maps MED to EventNet events better than LSI
features (left). Each dot in the matrix shows the similarity between MED and EventNet
events.

it to “170: drive a car”. Also, our embedding maps with higher con�dence than LSI, as
in “16: doing homework or study”.

Figure 9: For 20 events of MED-14, our textual embedding (right) is more discriminant
than the LSI feature representation (left). Each dot in the matrix shows how similar an
event to all the others.

Figure 9 shows the similarity matrix for MED events, where each dot represents
how related any MED event to all the others. Our textual embedding (right) is more
discriminant than on the LSI feature representation (left). For example, LSI representation
shows high semantic correlation between events “34: �xing musical instrument” and
“40: tuning musical instrument”, while our embedding discriminate them.

Next, we quantitatively demonstrate the bene�t of the textual embeddingfT (�). In
contrast to the main model, see section 2.3, we investigate baselinemodelV , where we
discard the textual embeddingfT (�) and consider only the visual embeddingfV (�). We
project a videov on the LSI representationy of the related eventt. Thus, this baseline
falls in the �rst family of methods, see �gure 6(a). It is optimized using mean-squared
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Figure 10: We visualize the results of video embedding using the uni�ed embedding
modelU and baselines modelV , modelS. Each sub-�gure shows how discriminant the
representation of the embedded videos. Each dot represents a projected video, while
each pentagon-shape represents a projected event description. We use t-SNE to visualize
the result.

error (MSE) lossL V
mse, see eq. 2.6. The result of this baseline is reported in section 2.5,

table 1.

L V
mse=

1
N

NX

i= 1

kyi � fV (vi ; WV )k2
2. (2.6)

Also, we train another baselinemodelC, which is similar to the aforementionedV

except instead of using MSE lossL V
mse, see eq.(2.6), it uses contrastive lossL C

con, as
follows:

L C
con =

1
2N

NX

i= 1

hi � d2
i + ( 1 � hi) max(1 � di , 0)2,

di = kyi � fV (vi ; WV )k2.

(2.7)

2.4.4 Uni�ed Embedding and Metric Learning

In this experiment, we demonstrate the bene�t of the uni�ed embedding. In contrast to
our model presented in section 2.3, we investigate baselinemodelS, where this baseline
does not learn joint embedding. Instead, it separately learns visualfV (�) and textual
fT (�) projections. We model these projections as a shallow (2-layer) MLP trained to
classify the data input into 500 event categories, using logistic loss, same as eq. (2.4).

We conduct another experiment to demonstrate the bene�t of learning metric space. In
contrast to our model presented in section 2.3, we investigate baselinemodelN , where we
discard the metric learning layer. Consequently, this baseline learns the visual embedding
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is a shallow (2 layers) multi-layer perceptron withtanh non linearities. Also, we replace
the contrastive lossL c, see eq. (2.2) with mean-squared error lossL mse, namely

L N
mse=

1
N

NX

i= 1

kfT (ti ; WT ) � fV (vi ; WV )k2
2. (2.8)

During retrieval, this baseline embeds a test videovi and novel text queryti as fea-
tureszv, zt onto the common spaceZ using textual and visual embeddingsfT (�), fV (�),
respectively. However, in a post-processing step, retrieval scoresi for the videovi is
the cosine distance between(zv, zt). Similarly, all test videos are scored, ranked and
retrieved. The results of the aforementioned baselines modelS and modelN are reported
in table 1.

Comparing Different Embeddings. In the previous experiments, we investigated
several baselines of the uni�ed embedding (modelU ), namely visual-only embedding
(modelV ), separate visual-textual embedding (modelS) and non-metric visual-textual
embedding (modelN ). In a qualitative manner, we compare the results of such em-
beddings. As shown in �gure 10, we use these baselines to embed event videos of
MED-13 and MED-14 datasets into the corresponding spaces. At the same time,
we project the textual description of the events on the same space. Then, we use t-
SNE [112] to visualize the result on 2D manifold. As seen, the uni�ed embedding, see
sub-�gures 10(c), 10(f) learns more discriminant representations than the other baselines,
see sub-�gures 10(a), 10(b), 10(d) and 10(e). The same observation holds for both
MED-13 and MED-14 datasets.

2.4.5 Mitigating Noise in EventNet

Based of quantitative and qualitative analysis, we conclude that EventNet is noisy. Not
only videos are unconstrained, but also some of the video samples are irrelevant to their
event categories. EvenNet dataset [187] is accompanied by 500-category CNN classi�er.
It achieves top-1 and top-5 accuracies of 30.67% and 53.27%, respectively. Since events
in EventNet are structured as an ontological hierarchy, there is a total of 19 high-level
categories. The classi�er achieves top-1 and top-5 accuracies of 38.91% and 57.67%,
respectively, over these high-level categories.

Based on these observations, we prune EventNet to remove noisy videos. To this end,
�rst we represent each video as average pooling of ResNetpool5 features. Then, we
follow the conventional 5-fold cross validation with 5 rounds. For each round, we split
the dataset into 5 subsets, 4 subsetsV t for training and the lastV p for pruning. Then we
train a 2-layer MLP for classi�cation. After training, we forward-pass the videos ofV p

and rule-out the mis-classi�ed ones.
The intuition behind pruning is that we rather learn salient event concepts using less

video samples than learn noisy concepts with more samples. Pruning reduced the total
number of videos by 26%, from 90.2k to 66.7k. This pruned dataset is all what we use in
our experiments.
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2.4.6 Latent Topics in LSI

When training LSI topic model on Wikipedia corpus, a crucial parameter is the number
of latent topicsK the model constructs. We observe improvements in the performance
directly proportional to increasingK. The main reason that the bigger the value ofK, the
more discriminant the LSI feature is. Figure 11 con�rms our understanding.

Figure 11: Similarity matrix between LSI features of MED-14 events. The more the latent
topics(K) in LSI model, the higher the feature dimension, and the more discriminant the
feature.

2.5 R E S U LT S

Evaluation metric. Since we are addressing, in essence, an information retrieval task,
we rely on the average precision (AP) per event, and mean average precision (mAP)
per dataset. We follow the standard evaluation method as in the relevant literature
[88,125,126].

Comparing against model baselines. In table 1, we report the mAP score of our model
baselines, previously discussed in the experiments, see section 2.4. The table clearly
shows the marginal contribution of each of novelty for the proposed method.

Baseline Loss Metric fV (�) fT (�) MED13 MED14

modelV L V
mse (2.6) 7 3 7 11.90 10.76

modelC L C
con (2.7) 3 3 7 13.29 12.31

modelS L log (2.4) 7 3 3 15.60 13.49
modelN L N

mse (2.8) 7 3 3 15.92 14.36

modelU L U (2.5) 3 3 3 17.86 16.67

Table 1: Comparison between the uni�ed embedding and other baselines. The uni�ed
embedding modelU achieves the best results on MED-13 and MED-14 datasets. Metric
means if the baseline uses metric-learning or not.
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Comparing against related work. We report the performance of our method, the uni�ed
embedding modelU on TRECVID MED-13 and MED-14 datasets. When compared
with the related works, our method improves over the state-of-the-art by a considerable
margin, as shown in table 2 and �gure 12.

Method MED13 MED14

TagBook [115] ToM �15 12.90 05.90
Discovary [16] ICAI �15 09.60 –
Composition [17] AAAI �16 12.64 13.37
Classi�ers [18] CVPR �16 13.46 14.32
VideoStoryy [56] PAMI �16 15.90 05.20
VideoStory� [56] PAMI �16 20.00 08.00

This Work (modelU ) 17.86 16.67

Table 2: Performance comparison between our model and related works. We report the
mean average precision (mAP%) for MED-13 and MED-14 datasets.

Figure 12: Event detection accuracies: per-event average precision (AP%) and per-
dataset mean average precision (mAP%) for MED-13 and MED-14 datasets. We compare
our results against TagBook [115], Discovary [16], Composition [17], Classi�ers [18]
and VideoStory [56].

It is important to point out that VideoStoryy uses only object feature representation, so
its comparable to our method. However, VideoStory� uses motion feature representation
and expert text query (i.e. using term-importance matrixH in [56]). To rule out
the marginal effect of using different datasets and features, we train VideoStory and
report results in table 3. Clearly, CNN features and video exemplars in the training set
can improve the model accuracy, but our method improves against VideoStory when
trained on the same dataset and using the same features. Other works (Classi�ers [18],
Composition [17]) use both image and action concept classi�ers. Nonetheless, our
method improves over them using only object-centric CNN feature representations.
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Method Training Set CNN MED14

VideoStory VideoStory46k [56] GoogleNet 08.00
VideoStory FCVID [87] GoogleNet 11.84
VideoStory EventNet [187] GoogleNet 14.52
VideoStory EventNet [187] ResNet 15.80

This Work EventNet [187] ResNet 16.67

Table 3: Our method improves over VideoStory when trained on the same dataset and
using the same feature representation.

2.6 C O N C L U S I O N

In this work, we presented a novel approach for detecting events in unconstrained web
videos, in a zero-exemplar fashion. Rather than learning separate embeddings form
cross-modal datasets, we proposed a uni�ed embedding where several cross-modalities
are jointly projected. This enables end-to-end learning. On top of this, we exploited
the fact that zero-exemplar is posed as retrieval task and proposed to learn metric space.
This enables measuring the similarities between the embedded modalities using this very
space.

We experimented the novelties and demonstrated how they contribute to improving
the performance. We complemented this by improvements over the state-of-the-art by
considerable margin on MED-13 and MED-14 datasets.

However, the question still remains, how can we discriminate between these two MED
events “34: �xing musical instrument” and “40: tuning musical instrument”. We would
like to argue that temporal modeling for human actions in videos is of absolute necessity
to achieve such �ne-grained event recognition. In future research, we would like to focus
on human-object interaction in videos and how to model it temporally.
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3.1 I N T RO D U C T I O N

In ordinary life, activities of daily living pop up frequently. Our conversations include
actions like “cooking a meal” or “cleaning the house” much more frequently than actions
like “jumping” or “cutting a cucumber”. The latter, which we callone-actions, exhibit
one visual pattern, possibly repetitive. They are usually short in time, homogeneous in
motion and coherent in form. In contrast, cooking a meal or cleaning the house are very
different actions. We refer to them ascomplex actions, characterized by:i. They are
typically composed of several one-actions, see �gure 13.ii. These one-actions, contained
in a complex action, exhibit large variations in their temporal duration and temporal
order. iii. As a consequence of the composition, a complex action takes much longer
to unfold. And, by the in-homogeneity in composition, the complex action needs to be
sampled in full, not to miss crucial parts.

In the recent literature, the main focus is the recognition of short-range actions like in
HMDB, UCF and Kinetics [91,100,148]. Few attention has been paid to the recognition
of long-range and complex actions, as in Charades and EventNet [144,187], which we
study here. The �rst challenge is minute-long temporal modeling while maintaining
attention to seconds-long details. Statistical temporal pooling, as applied in [49,118] falls
short of learning temporal order. Neural temporal modeling [29,50] and spatio-temporal
convolutions of various types [81,158,160] successfully learns temporal order of 8 [15] or
128 timesteps [176]. But the computational cost is far beyond scaling up to 1000 timesteps
needed for complex actions. The second challenge is tolerating variations in temporal
extent and temporal order of one-actions. Related methods [158, 182] learn spatio-
temporal convolutions with �xed-size kernels, which would be too rigid for complex
actions. To address these challenges, we present Timeception, a novel convolutional
layer dedicated only for temporal modeling. It learns long-range temporal dependencies
with attention to short-range details. Plus, it tolerates the differences in temporal extent
of one-actions comprising the complex action. As a result, we demonstrate success
in recognizing the long and complex actions, and achieving state-of-the-art-results in
Charades [144], Breakfast Actions [99] and MultiTHUMOS [189].

The novelties of of this work are:i. We introduce a convolutional temporal layer
effectively and ef�ciently learn minute-long action ranges of 1024 timesteps, a factor of 8
longer than best related work.ii . We introduce multi-scale temporal kernels to account for

Published inComputer Vision and Pattern Recognition (CVPR), 2019 [73]
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Figure 13: Given three video examplesv1, v2, v3 of a complex human action “Cooking
a Meal”, one can summarize the properties of this complex action as:i. composition:
consists of several one-actions (Cook, ...),ii. order: weak temporal order of one-actions
(Get Wash),iii. extent: one-actions vary in their temporal extents.

large variations in duration of action components.iii . We use temporal-only convolutions,
which are better suited for complex actions than spatiotemporal counterparts.

3.2 R E L AT E D W O R K

Temporal Modeling. The stark difference between video and image classi�cation is the
temporal dimension, which necessitates temporal modeling. A widely used approach
is statistical pooling: max and average pooling [57, 72], attention pooling [49], rank
pooling [37], dynamic images [13] and context gating [118], to name a few. Beyond
statistical pooling, vector aggregation is also used. [124] uses Fisher Vector [135] to
aggregate spatio-temporal features over time, while [24, 31, 50] extend VLAD [8] to
use local convolution features extracted from video frames. The downside of statistical
pooling and vector aggregation is completely neglecting temporal patterns – an important
visual cue.

Other strands of work use neural methods for temporal modeling. LSTMs are
used to model the sequence in action videos [29]. While TA-DenseNet [46] extents
DenseNet [71] to exploit the temporal dimension. To our knownedge, no substantial
improvements have been reported recently.

Short-range Action Recognition. Few works [90] learn deep appearance features
by frame-level classi�cation of actions, using 2D CNNs. Others complement deep
appearance features with shallow motion features, as IDT [35]. Also, auxiliary image
representations are fused with RGB signals: [146] uses OpticalFlow channels, while [12]
uses Dynamic Images. 3D CNNs are the natural evolution of their 2D counterparts.
C3D [81, 158] proposes 3D CNNs to capture spatio-temporal patterns of 8 frames in
a sequence. In the same vein, I3D [15] in�ates the kernels of ImageNet-pretrained
2D CNN to jump-start the training of 3D CNNs. While effective in short-range video
sequences of few seconds, 3D convolutions are too computationally expensive to address
minute-long videos, which is our focus.

Long-range Action Recognition. To learn long-range temporal patterns, [142] uses
CRF on top of CNN feature maps to model human activities. To learn video-wide
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representations, TRN [193] learns relations between several video segments. TSN [172,
173] learns temporal structure in long videos. LTC [163] considers different temporal
resolutions as a substitute to bigger temporal windows. Inspired by self-attention [164],
non-local networks [176] proposes a 3D CNN with a long temporal footprint of 128
timesteps.

All aforementioned methods succeed in modeling temporal footprint of 128 timesteps
(� 4-5 sec) at max. In this work, we address complex actions with long-range temporal
dependencies of up to 1024 timesteps, jointly.

Convolution Decomposition.CNNs succeed in learning spatial [90,171] and spatiotem-
poral [34, 60, 81, 158, 163] action concepts, but existing convolutions grow heavy in
computation, specially at the higher layers where the number of channels can grow
as much as 2k [62]. To control the computational complexity, several works propose
the decomposition of 2D and 3D convolutions. Xception [21] argues that separable
2D convolutions are as effective as typical 2D convolutions. Similarly, S3D [160,182]
considers separable 2+1D convolutions to reduce the complexity of typical 3D convo-
lutions. ResNet [62] reduces the channel dimension using1 � 1 2D convolution before
applying the costly3 � 3 2D spatial convolution. Shuf�eNet [191] models cross-channel
correlation by channel shuf�ing instead of1 � 1 2D convolution. ResNeXt [181] pro-
poses grouped convolutions, while Inception [152,153] replaces the �xed-size 2D spatial
kernels into multi-scale 2D spatial kernels of different sizes.

In this work, we propose the decomposition of spatiotemporal convolutions into
depthwise-separable temporal convolutions, which we show to be better suited for
long-range temporal modeling that 2+1D convolutions. Moreover, to account for the
differences in temporal extents, we propose temporal convolutions with multi-scale
kernels.

3.3 M E T H O D

3.3.1 Motivation

Modern 3D CNNs learn spatiotemporal kernels over three orthogonal subspaces of video
information: the temporal (T ), the spatial (S) and the semantic channel subspace (C).
One spatiotemporal kernelw 2 RT� L� L� C learns a latent concept by simultaneously
convolving these three subspaces [15,158], whereT is the number of timesteps,C is the
number of channels, andL is the size of spatial window. Though, there is no fundamental
reason why these subspaces must be convolved simultaneously. Instead, as showcased
in [182], one can model these subspaces separately,w / ws � wt, by decomposingw into
spatialws 2 R1� L� L� C and temporalwt 2 RT� 1� 1� C kernels. Strictly speaking, while
replacingw with a cascadẽw = ws � wt is often referred to as“decomposition”, this
operation is not tensor decomposition – there is no strict requirement that, at optimality,
we havew� � w̃� . Instead, as the cascadew̃ is, by de�nition, computationally more
ef�cient than the full kernelw, the only practical requirement is that the resulting cascade
w̃ yields equally good or better accuracies for the task at hand. In light of this realization,
while the aforementioned decomposition along the spatial and temporal axes is intuitive
and empirically successful [182], it is not the only possibility. Therefore, Any other
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decomposition is permissible, namely:w̃ = w� � w� � w
 � ..., as long as some basic
principles are maintained for the �nal cascadew̃. Generalizing on recent decomposed
architectures [21,160], we identify from the literature three intuitive design principles
for the spatiotemporal CNNs:

i. Subspace Modularity. In the context of deep network cascades, a decomposition
should be modular, such that between subspaces, it retains the nature of the respective
subspaces across subsequent layers. Namely, after a cascade of spatial and a temporal
convolutions, it must be possible that yet another cascade (of spatial and temporal
convolutions) is possible and meaningful.

ii . Subspace Balance.A decomposition should make sure that a balance is retained
between the subspaces and their parameterization in different layers. Namely, increasing
the number of parameters for modeling a speci�c subspace should come at the expense
of reducing the number of parameters of another subspace. A typical example is conven-
tional 2D CNN, in which the spatial subspace (S) is reduced while the semantic channel
subspace (C) is expanded.

iii . Subspace Ef�ciency. When designing the decomposition for a speci�c task, we
should make sure that the bulk of the available parameter budget is dedicated to subspaces
that are directly relevant to the task at hand. For instance, for long-range temporal
modeling, a logical choice is a decomposition that increases the convolutional parameters
for the temporal subspace (T ).

Motivated by the aforementioned design principles, we propose a new temporal con-
volution layer for encoding long-range patterns in complex actions, named Timeception,
see �gure 14. First, we discuss the Timeception layer. Then we describe how to stack
Timeception layers on top of existing 2D or 3D CNNs.

3.3.2 Timeception Layer

For modeling complex actions in long videos, our temporal modeling layer faces two
objectives. First, we would like to learn the possiblelong-range temporal dependencies
between one-actions throughout the entire video, and for a frame sequence of up to 1000
timesteps. Second, we would like totolerate the variations in the temporal extentsof
one-actions throughout the video.

Next, we present the Timeception layer, designed with these two objectives in mind.
Timeception is a layer that sits on top of either previous Timeception layers, or a CNN.
The CNN can be either purely spatial; processing frames independently, like ResNet [62],
or short-range spatiotemporal; processing nearby bursts of frames, like I3D [15].

Long-range Temporal Dependencies.There exist two design consequences for model-
ing long-range temporal dependencies between one-actions throughout the video. The
�rst consequence is that our temporal network must be composed of deeper stacks of
temporal layers. Via successive layers, thereafter, complex and abstract spatiotemporal
patterns can emerge, even when they reside at temporally very distant locations in the
video. Given that we need deeper temporal stacks and we have a speci�c parameter
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Figure 14: The core component of our method is Timeception layer, left. Simply, it takes
as an input the featuresX; corresponding toT timesteps from the previous layer in
the network. Then, it splits them intoN groups, and temporally convolves each group
using temporal convolution module, right. It is a novel building block comprising multi-
scale temporal-only convolutions to tolerate a variety of temporal extents in a complex
action. Timeception makes use of grouped convolutions and channel shuf�ing to learn
cross-channel correlations ef�ciently than1 � 1 spatial convolutions.

budget for the complete model, the second consequence is that the temporal layers must
be as cost-effective as possible.

Revisiting the cost-effectiveness of spatiotemporal models, existing architectures rely
either on joint spatiotemporal kernels [15] with parameter complexityO(T � L2 � C)
or decomposed spatial and temporal kernels [160, 182] with parameter complexity
O(( L2 + T) � C). To make the Timeception layer temporally cost-effective, according
to the third design principle ofsubspace importance, we opt for trading spatial and
semantic complexity for longer temporal windows. Speci�cally, we propose depthwise-
separable temporal convolution with kernelwTC

t 2 RT� 1� 1� 1. Hereafter, we refer to this
convolution astemporal-only. What is more, unlike [15,160,182], we propose to focus
only on temporal modeling and drop the spatial kernelws 2 R1� L� L� C altogether. Hence,
the Timeception layer relies completely on the preceding CNN for the detection of any
spatial pattern.

The simpli�ed temporal-onlykernel has some interesting properties. Each kernel acts
on only one channel. As the kernels do not extend to the channel subspace, they are
encouraged to learn generic and abstract, rather than semantically-speci�c, temporal
combinations. For instance, the kernels learn to detect the temporal pattern of onelatent
conceptrepresented by one channel. Last, as the parameter complexity of a single
Timeception layer is approximatelyO(T + logL), it is computationally feasible to train a
deep model to encode temporal patterns of up to 1024 timesteps. This amounts to about
40 seconds of video sequences.

Unfortunately, by stackingtemporal-onlyconvolutions one after the other, we violate
the �rst design principle ofsubspace modularity. The reason is that the semantic subspace
in long-range spatiotemporal patterns is ignored. To this end, we propose to usechannel
groupingoperation [181] before the temporal-only convolutions andchannel shuf�ing
operation [191] after the temporal-only convolutions. The purpose of channel grouping
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is reducing the complexity of cross-channel correlations, by modeling it separately
for each group. Clearly, as each group contains a random subset of channels, not all
possible correlations are accounted for. This is mitigated by channel shuf�ing and
channel concatenation, which makes sure that the channels are grouped altogether albeit
in a different order. As such, the next Timeception layer will group a different subset
of channels. Together, channel grouping and channel shuf�ing is more cost-effective
operation to learn cross-channel correlations than1� 2D convolutions [21].

Tolerating Variant Temporal Extents. The second objective for the Timeception layer
is to tolerate the differences in temporal extents of complex actions. While in the previous
description we assume a �xed length for thetemporal-onlykernels, one-actions in a
complex video may vary in length. To this end, we propose to replace �xed-size temporal
kernels with multi-scale temporal kernels. There are two possible ways to implement
multi-scale kernels, see �gure 15. The �rst way, inspired by Inception [152] for images,
is to adoptK kernels, each of a different sizek. The second way, inspired by [162], is to
employ dilated convolutions.

The temporal convolution module, see �gure 14(b), takes as an input the features of
one groupXn 2 RT� L� L� [C/ N]. Then it applies �ve temporal operations in total. The
�rst three operations are temporal convolutions with kernel sizesk = f3, 5, 7g, each
maintaining the number of channels atC/ N. The forth operation is a temporal max-
pooling with strides = 1 and kernel sizek = 2. Its purpose is to max-out activations
over local temporal window(k = 2), instead of convolving them. The �fth operation is
simply a dimension reduction for the input featureXn, using a1 � 1 spatial convolution.
To maintain a manageable number of dimensions for the output, the input to the �rst
fours operations are shrinked by a factor ofM using a1� 1 spatial convolution . After the
channel reduction, all �ve outputs are concatenated across channel dimension, resulting
in an outputYn 2 RT� L� L� (5C/ MN) .

Figure 15: To tolerate temporal extents, we use multi-scale temporal kernels, with two
options: i. different kernel sizesk 2 f1, 3, 5, 7gand �xed dilation rated = 1, ii. different
dilation ratesd 2 f1, 2, 3gand �xed kernel sizek = 3.

Summary of Timeception. A Timeception layer, see �gure 14(a), expects an input
featureX 2 RT� L� L� C from the previous layer in the network. The featuresX across the
channel dimension are then split intoN channel groups. Each groupXn 2 RT� L�� L� [C/ N]

is convolved with thetemporal convolution module, resulting inYn 2 RT� L�� L� [5C/ MN].
This module expands the number of channels per group by a factor of5/ M. After
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that, the features of all groupsY = fYn j n 2 [1, ...,N]gare concatenated across the
channel axis and then randomly shuf�ed. Last, to adhere to the second design principle
of subspace balance, the Timeception layer concludes with a temporal max pooling
of kernel sizek = 2 and strides = 2. The reason is that while the channel subspace
expands by a factor of5/ M after each Timeception layer, the temporal subspace shrinks
by a factor of2.

3.3.3 The Final Model

The �nal model consists of four Timeception layers stacked on top of the last convolution
layer of a CNN, used as backbone. We explore two backbone choices: a spatial 2D CNN
and a short-range spatiotemporal 3D CNN.

2D CNN. The �rst baseline uses ResNet-152 [62] as backbone. It takes as an input128
video frames, and processes them, up to the last spatial convolution layerres5c . Thus,
the corresponding output for the input frames is the featureX 2 R128� 7� 7� 2048. Then, we
proceed with four successive layers of Timeception, with BatchNorm and ReLU. Each
has channel expansion factor of5/ M = 5/ 4 = 1.25,M = 4 and temporal reduction
factor of2. Thus, the resulting feature isY 2 R8� 7� 7� 5000. To further reduce the spatial
dimension, we follow the convention of CNNs by using spatial average pooling, which
results in the featureY0 2 R8� 5000. And to �nally reduce the temporal dimension, we
use depthwise-separable temporal convolution with kernel sizek 2 R8� 1� 1� 1 with no
zero-padding. The resulted featureZ 2 R5000 is classi�ed with a two-layer MLP, with
BatchNorm and ReLU.

3D CNN. The second baseline uses I3D [15] as backbone. It takes as an input128video
segments (each has 8 successive frames), and independently processes these segments,
up to the last spatiotemporal convolution layermixed-5c . Thus, the corresponding
output for the input segments is the featureX 2 R128� 7� 7� 1024. The rest of this baseline
is no different than the previous one. The bene�t of using I3D is that the Timeception
layers learn long-range temporal combinations of short-range spatiotemporal patterns.

Implementation. When training the model on a speci�c dataset, �rst we pretrain the
backbone CNN on this dataset. We use uniformly sampled frames for the 2D backbone
and uniformly sampled video segments (each has 8 successive frames) for the 3D
backbone. After pre-training, we plug-in Timeception and MLP layers on top of the
last convolution layer of the backbone and �ne-tune the model on the same dataset. At
this stage, only Timeception layers are trained, while the backbone CNN is frozen. The
model is trained with batch-size 32 for 100 epoch. It is optimized with SGD with0.1,
0.9 and1e-5 as learning rate, momentum and weight decay, respectively. Our public
implementation [4] uses TensorFlow [5] and Keras [22].
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3.4 E X P E R I M E N T S

3.4.1 Datasets

The scope of this work is complex actions with their three properties: composition,
temporal extent and temporal order –see �gure 13. Thus, we choose to conduct our
experiments on Charades [144], Breakfast Actions [99] and MultiTHUMOS [189]. Other
infamous datasets for action recognition do not meet the properties of complex actions.

Charadesis multi-label, action classi�cation, video dataset with 157 classes. It contains
8k, 1.2k and 2k videos for training, validation and test splits, respectively (67 hrs for
training split). On average, each complex action (i.e. each video) is 30 seconds and
contains 6 one-actions. Thus, Charades meets the criteria of complex actions. We use
mean Average Precision (mAP) for evaluation. As labels of test set are held out, we
report results on the validation set, similar to all related works [50,142,142,176,177].

Breakfast Actions is a dataset for unscripted cooking-oriented human activities. It
contains 1712 videos in total, 1357 for training and 335 for test. The average length
of videos is 2.3 minutes. It is a video classi�cation task of 12 categories of breakfast
activities, where each video represents only one activity. Besides, each video has
temporal annotation of one-actions composing its activity. In total, there are 48 classes
of one-actions. In our experiments, we only use the activity annotation, and we do not
use the temporal annotation of the one-actions.

MultiTHUMOS is a dataset for human activities in untrimmed videos, with the primary
focus on temporal localization. It contains 65 action classes and 400 videos (30 hrs).
Each video can be thought of a complex action, which comprises 11 one-actions on
average. MultiTHUMOS extends the original THUMOS-14 [77] by providing multi-
label annotation for the videos in validation and test splits. Having multiple and dense
labels for the video frames enable temporal models to bene�t from the temporal relations
between one-actions across the video. Similar to Charades, mAP is used for evaluation.

3.4.2 Tolerating Temporal Extents

In this experiment, we evaluate the capacity of the multi-scale kernels to tolerate the
differences in temporal extents of actions. The experiment is carried out on Charades.

Original v.s. Altered Temporal Extents First, we train two baselines, one with multi-
scale temporal kernels (as in Timeception) and the other with �xed-size kernels. The
training is done on the original temporal extent of training videos. Then,at test time
only, we alter the temporal extents of test videos. Speci�cally, we split each test video
into segments. Then, we temporally expand or shrink these segments. Expansion is
done by repeating frames, while shrinking is done by dropping frames. We use 4
types of alterations with varying granularity to test the model in different scenarios: (a)
very-coarse, (b) coarse, (c) �ne, and (d) very-�ne, see in �gure 16.

The results of this controlled experiment are shown in table 4. We observe that
Timeception is more effective than �xed-size kernels in handling unexpected variations
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Figure 16: We split a video of 128 timesteps into segments of equal length (left, before
alteration), and alter their temporal extents by expansion and shrinking (right, after
alteration). We use 4 types of alterations:(a) very-coarse, (b) coarse, (c) �ne, and (d)
very-�ne. Numbers in boxes are timesteps.

Altered Extent Percentage Drop# in mAP

I3D ResNet
Fixed# Multi # Fixed# Multi #

(a) very-coarse 2.09 1.75 1.52 1.08
(b) coarse 2.92 2.44 3.26 2.15
(c) �ne 1.74 1.12 1.59 1.13
(d) very-�ne 2.18 1.71 1.38 1.20

Table 4: Timeception, with multi-scale kernel, tolerates the altered temporal extents
better than �xed-size kernels. We report the percentage drop in mAP (lower is better)
when testing on original v.s. altered videos of Charades. I3D and ResNet are backbone
CNNs.

in temporal extents. The same observations is con�rmed using either I3D or ResNet as
backbone architecture.

Fixed-size vs. Multi-scale Temporal KernelsThis experiment points out the merit of
using multi-scale temporal kernels. For this, we compare �xed-size temporal convolutions
against multi-scale temporal-only convolutions, either with different kernel sizesk or
dilation ratesd. And we train 3 baseline models with different con�gurations ofk,d: i.
Fixed kernel size and �xed dilation rated = 1,k = 3. This is the typical con�guration
used in 3D CNNs [15,158,176,182].ii . Different kernel sizesk 2 f1, 3, 5, 7gand �xed
dilation rated = 1. iii . Fixed kernel sizek = 3 and different dilation ratesd 2 f1, 2, 3g.

The result of this experiment are shown in table 5. We observe that using multi-scale
kernels is better suited for modeling complex actions than �xed-size kernels. The same
observation holds for both I3D and ResNet as backbones. Also, we observe little to no
change in performance when using different dilation ratesd instead of different kernel
sizesk.

3.4.3 Long-range Temporal Dependencies

In this experiment, we demonstrate the capacity of multiple Timeception layers to
learn long-range temporal dependencies for complex actions. We train several baseline
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Kernel Type Kernel Size (k) Dilation Rate (d)
mAP (%)

ResNet I3D

Multi-scale
1,3,5,7 1 30.82 33.76

3 1,2,3 30.37 33.89

Fixed-size 3 1 29.30 31.87

Table 5: Timeception, using multi-scale kernels (i.e. different kernel sizes (k) or dilation
rates (d), outperforms �xed-size kernels on Charades. I3D/ResNet are backbone.

Figure 17: The learned weights by temporal convolutions of three Timeception layers.
Each uses multi-scale convolutions with varying kernel sizesk 2 f3, 5, 7g. In bottom layer
(1), we notice that long kernels (k = 7) captures �ne-grained temporal dependencies. But
at the top layer (3), the long kernels tend to focus on coarse-grained temporal correlation.
The same behavior prevails for the shot (k = 3) and medium (k = 5) kernels.

models equipped with Timeception layers. These baselines use different number of input
timesteps. We experiment on Charades, with both ResNet and I3D as backbone.

ResNetis used, with a different number of timesteps as inputs:T 2 f32, 64, 128g,
followed by Timeception layers. ResNet processes one frame at a time. Hence, in one
feedforward pass, the number of timesteps consumed by Timeception layers is equal to
that consumed by ResNet.

I3D is considered, with a different number of timesteps as inputs:T 2 f256, 512, 1024g,
followed by Timeception layers. I3D processes8 frames into onesuper-frameat a time.
Thus, Timeception layers modelT0 2 f32, 64, 128gsuper-frames, Practically however, as
each super-frame is related to a segment of8 frames, both I3D+Timeception process in
totalT 2 f256, 512, 1024gframes.

We report results in table 6 and we make two observations. First, stacking Timeception
layers leads to an improved accuracy when using both ResNet and I3D as backbone.
As the only change between these models is the number of Timeception layers, we
deduce that the Timeception layers have succeeded in learning temporal abstractions.
Second, despite stacking more and more Timeception layers, the number of parameters is
controlled. Interestingly, using 4 Timeception layers on I3D processing 1024 timesteps
requires half the parameters needed for a ResNet processing 128 timesteps. The reason
is the number of channels from ResNet is twice as much as from I3D (2048v.s.1024).
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Baseline CNN Steps TC Steps Params mAP (%)

+ 3 TC 32 32 3.82 30.37
ResNet + 3 TC 64 64 3.82 31.25

+ 4 TC 128 128 5.58 31.82

+ 3 TC 256 32 1.95 33.89
I3D + 3 TC 512 64 1.95 35.46

+ 4 TC 1024 128 2.83 37.19

Table 6: Timeception layers allow for deep and ef�cient temporal models, able to learn
the temporal abstractions needed to learn complex actions. Columns are: Baseline:
backbone CNN + how many Timception layers (TC) on top of it, CNN Steps: input
timesteps to the CNN, TC Steps: input timesteps to the �rst Timeception layer, Params:
number of parameters used by Timeception layers, in millions.

We conclude that Timeception layers allow for deep and ef�cient models, able to learn
long-range temporal abstractions, which is crucial for complex actions.

Learned Weights of Timeception. Figure 17 visualizes the learned weights by our
model. Speci�cally, three Timeception layers trained on top of I3D backbone. The
�gure depicts the weights of multi-scale temporal convolutions with different kernel
sizesk 2 f3, 5, 7g. For simplicity, only the �rst 30 kernels from each kernel-size, are
shown. We make two remarks for these learned weights. First, at layer 1, we notice
that long kernels (k = 7) captures �ne-grained temporal dependencies, because of the
rapid transition of kernel weights. But at layer 3, these long kernels tend to focus on
coarse-grained temporal correlations, because of the smooth transition between kernel
weights. The same behavior prevails for the short (k = 3) and medium (k = 5) kernels.
Second, at layer 3, we observe that long-range and short-range temporal patterns are
learned by short kernels (k = 3) and long kernels (k = 7), respectively. The conclusion
is that for complex actions, both video-wide and local temporal reasoning, even at the
top layer, is crucial for recognition.

3.4.4 Effectiveness of Timeception

To demonstrate the effectiveness of Timeception, we compare it against related temporal
convolution layers:i. separable temporal convolution [160], that models bothT ,C
simultaneously.ii . grouped separable temporal convolution to modelT , followed by
1 � 1 2D convolution to modelC. iii . grouped separable temporal convolution to model
T , followed by channel shuf�ing to modelC. Interestingly in �gure 18 top, Timeception
is very ef�cient in maintaining a reasonable increase in number of parameters as the
network goes deeper. Also, �gure 18 bottom shows how Timeception improves mAP on
Charades, scales up temporal capacity of backbone CNNs while maintaining the overall
model size.
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Figure 18: Top: the cost of adding new Timeception layers is marginal, compared to
related temporal layers. Bottom: Timeception improves performance, scales up temporal
capacity of backbone CNNs while maintaining the model size.

3.4.5 Experiments on Benchmarks

Charadesis used to evaluate our model, and to compare against related works. In this
experiment, our baseline networks use 4 Timeception layers. The number of convolu-
tional groups is 8 for I3D and 16 for ResNet, be it 2D or 3D. The results in table 7 shows
that Timeception monotonically improves the performance of the backbone CNN. The
absolute gain on top of ResNet and I3D is8.8%and4.3%, respectively.

Beyond the overall mAP, how bene�cial is Timeception? And in what cases exactly
does it help? To answer this question, we make two comparisons to assess the relative
performance of Timeception. We experiment two scenarios:i. short-range (32 timesteps)
v.s. long-range (128timesteps),ii . �xed-scale v.s. multi-scale kernels. The results are
shown in �gures 19, 20, and we make two observations.

First, when comparing the relative performance of multi-scale vs. �xed-size Timecep-
tion, see �gure 19, we observe that multi-scale Timeception excels in complex actions
with dynamic temporal patterns. As an example, “take clothes + tidy clothes + put
clothes”, one actor may take longer than others to tidy clothes. In contrast, �xed-size
Timeception excels in the cases where the complex action is more rigorous in the tempo-
ral pattern,e.g.“open window + close window”. Second, when comparing the relative
performance of short-range (32 timesteps) v.s. long-range (1024timesteps) Timeception,
see �gure 20, the latter excels in complex actions than requires the entire video to unfold,
e.g. “�x door + close door”. However, short-range Timeception would do better in
one-actions, like “open box + close box” or “turn on light + turn of light”.

Breakfast Actions is used as a second dataset to experiment our model. The average
length of a video in this datataset is 2.3 sec. For this experiment, we use 3 layers of
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Ours Method Modality mAP (%)

Two-stream [142] RGB + Flow 18.6
Two-stream + LSTM [142] RGB + Flow 17.8
ActionVLAD [50] RGB + iDT 21.0
Temporal Fields [142] RGB + Flow 22.4
Temporal Relations [193] RGB 25.2

ResNet-152 [3] RGB 22.8
3 ResNet-152 + TC RGB 31.6

I3D [15] RGB 32.9
3 I3D + TC RGB 37.2

3D ResNet-101 [176] RGB 35.5
3D ResNet-101 + NL [176] RGB 37.5
3D ResNet-50 + GCN [177] RGB + RP 37.5
3D ResNet-101 + GCN [177] RGB + RP 39.7

3 3D ResNet-101 + TC RGB 41.1

Table 7: Timeception (TC) outperforms related works using the same backbone CNN. It
achieves the absolute gain of8.8%and4.3%over ResNet and I3D, respectively. More
over, using the full capacity of Timeception improves1.4%over best related work.

Timeception. And as for the backbone, we use I3D and 3D ResNet-50. None of the
backbones is �ne-tuned on this dataset, only Timeception layers are trained. To make
one video consumable by our baseline, from each video we uniformly sample 64 video
snippet, each of 8 sucessive frames. That makes the total timesteps modeled by the
baseline is 512. Finally, we report result in table 8.

Method Activities (Acc. %) Actions (mAP %)

I3D 64.31 47.71
I3D + TC 69.30 56.36

3D ResNet-50 66.73 53.27
3D ResNet-50 + TC 71.25 59.64

Table 8: Timeception outperform baselines in recognizing the long-range activities of
Breakfast dataset.

MultiTHUMOS is used as a third dataset to experiment our model. This helps in
investigating the generality on different datasets. Related works use this dataset for
temporal localization of one-actions in each video of complex action. Differently, we
use this dataset to serve our objective: multi-label classi�cation of complex actions,
i.e. the entire video. As such, the evaluation method used is mAP [130]. To assess
the performance of our model, we compare against I3D as a baseline. As shown in the
results in table 9, Timeception, equipped with multi-scale kernels outperforms that with
�xed-size kernel.
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Figure 19: Multi-scale Timeception outperforms the �xed-kernel when complex actions
are dynamic, in green. But when complex actions with rigid temporal patters, �xed-size
performs better than multi-scale, in orange.

Method Kernel Size (k) Dilation Rate (d) mAP (%)

I3D – – 72.43
I3D + Timeception 3 1 72.83
I3D + Timeception 3 1,2,3 74.52
I3D + Timeception 1,3,5,7 1 74.79

Table 9: Timeception, with multi-scale temporal kernels, helps baseline models to capture
the long-range dependencies between one-actions in videos of MultiTHUMOS.

3.5 C O N C L U S I O N

Complex actions such as “cooking a meal” or “cleaning the house” can only be recog-
nized when processed fully. This is in contrast to one-actions, that can be recognized
from a small burst of frames. This work presents Timeception, a novel temporal con-
volution layer for complex action recognition. Thanks to using ef�cient temporal-only
convolutions, Timeception can scale up to minute-long temporal modeling. In addition,
thanks to multi-scale temporal convolutions, Timeception can tolerate the changes in tem-
poral extents of complex actions. Interestingly, when visualizing the temporal weights
we observe that earlier timeception layers learn fast temporal changes, whereas later
timeception layers focus on more global temporal transitions. Evaluating on popular
benchmarks, the proposed Timeception improves the state-of-the-art notably.
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Figure 20: Long-range Timeception outperforms the short-range version when complex
actions need the entire video to unfold, in green. However, we see one-actions that
short-range Timeception can easily capture, in orange.
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4
V I D E O G R A P H : R E C O G N I Z I N G M I N U T E S - L O N G H U M A N
AC T I V I T I E S I N V I D E O S

4.1 I N T RO D U C T I O N

Human activities in videos can take many minutes to unfold, each is packed with plentiful
of �ne-grained visual details. Take for example two activities: “making pancake” or
“preparing scrambled eggs”. The question is what makes a difference between these two
activities? Is it the �ne-grained details in each, or the overall painted picture by each? Or
both?

The goal of this work is to recognize minutes-long human activities as de�ned by [99],
also referred to as complex actions in [73]. A long-range activity consists of a set of
unit-actions [99], also known as one-actions [73]. For example, the activity of “making
pancakes” includes unit-actions: “cracking egg”, “pour milk” and “fry pancake”. Some
of these unit-actions are crucial to distinguish the activity. For example, the unit-action
“cracking egg” is all what is needed to discriminate the activity of “making pancakes”
from “preparing coffee”. Also, long-range activity is recognized only in its entirety, as
its unit-actions are insuf�cient by themselves. For example, only a short video snippet of
unit-action “cracking egg” cannot tell apart “making pancake” from “preparing scrambled
eggs”, as both activities share the same unit-action “cracking egg”. Added to this, the
temporal order of unit-actions for a speci�c activity may be permuted. There exist
different orders of how we can carry out an activity, like “prepare coffee”, see �gure 21.
Nonetheless, there exist some sort of temporal structure for such activity. One can start
“preparing coffee” by “taking cup” and usually end up with “pour sugar” and “stir coffee”.
So, to recognize long-range human activities, goals to be met are: modeling the temporal
structure of the activity in its entirety, and occasionally paying attention to its �ne-grained
details.

There exist two distinct approaches for long-range temporal modelling. The �rst
approach is orderless modeling. Statistical pooling [72] and vector encoding [31, 50]
are used to aggregate video information over time. The upside is the ability to address
seemingly minutes- or even hours-long videos. The downside, however, is the inability
to learn temporal patterns and the arrow-of-time [46]. Both are proven to be crucial for
some tasks [70,143]. The second approach is order-ware modelling. 3D CNN is proven
to be successful in learning spatiotemporal concepts for short video snippets with strict
temporal pattern [15]. Careful design choices enable them to model up to minute-long
temporal dependencies [73]. But for minutes-long human activities, the strict temporal

Published inInternational Conference on Computer Vision Workshop(ICCV Workshop) on Scene Graph
Representation and Learning (SGRL), 2019 [74]

49



V I D E O G R A P H: R E C O G N I Z I N G M I N U T E S-L O N G H U M A N AC T I V I T I E S I N V I D E O S

Figure 21: The activity of “preparing coffee” can be represented as undirected graph of
unit-actions. We are inspired by graphs to represent this activity. The reason is that a
graph can portray the many ways one can carry out such activity. More over, it preserves
the temporal structure of the unit-actions. Reproduced from [99].

pattern no longer exists. So, the question arises: how to model the temporal structure of
minutes or even hour-long human activities?

This work proposes VideoGraph, a graph-inspired representation to achieve the afore-
mentioned goal. A soft version of undirected graph in learned completely from the
dataset. The graph nodes represent the key latent concepts of which the human activity
is composed. These latent concepts are analogous to one-actions. While the graph edges
represent the temporal relationship between these latent concepts,i.e. the graph nodes.
VideoGraph has the following novelties.i. In its graph-inspired representation, Video-
Graph models human activity for up to thirty-minute videos, whereas the state-of-the-art
is one minute [73].ii. A proposed node embedding block to learn the graph nodes from
data. This circumvents the node annotation burden for long-range videos, and makes
VideoGraph extensible to video datasets without node-level annotation.iii. A novel
graph embedding layer to learn the relationships between graph nodes. The outcome is
representations of the temporal structure of long-range human activities. VideoGraph
improvements on benchmarks for human activities: Breakfast [99], Epic-Kitchens [26]
and Charades [144].

4.2 R E L AT E D W O R K

Orderless v.s. Order-aware Temporal Modeling. Be it short-, mid-, or long-range
human activities, when it comes to temporal modeling, related methods are divided into
two main families: orderless and order-aware. In orderless methods, the main focus is the
statistical pooling of temporal signals in videos, without considering their temporal order
or structure. Different pooling strategies are used, as max and average pooling [72],
attention pooling [49], and context gating [118], to name a few. A similar approach is
vector aggregation, for example: Fisher Vectors [124] and VLAD [31,50]. Although
statistical pooling can trivially scale up to extremely long sequences in theory, this comes
at a cost of losing the temporal structure, reminiscent of Bag-of-Words losing spatial
understanding.

In order-aware methods, the main attention is payed to learning structured or or-
dered temporal patterns in videos. For example, LSTMs [29, 107], CRF [142], 3D
CNNs [15, 160, 176, 182, 184]. Others propose temporal modeling layers on top of
backbone CNNs, as in Temporal-Segments [172], Temporal-Relations [193] and Rank-
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Pool [37]. The outcome of order-aware methods is substantial improvements over their
orderless counterparts in standard benchmarks [91,100,148]. Nevertheless, both tem-
poral footprint and computational cost remain the main bottlenecks to learn long-range
temporal dependencies. The best methods [73,176] can model as much as 1k frames
(� 30 seconds), which is a no match to minutes-long videos. This work strives for the
best of two worlds: learning the temporal structure of human activities in minutes-long
videos.

Short-range Actions v.s. Long-range Activities. Huge body of work is dedicated
to recognizing human actions that take few seconds to unfold. Examples of well-
established benchmarks are: Kinetics [91], Sports-1M [90], YouTube-8M [6], Moments
in Time [121], 20B-Something [51] and AVA [52]. For these short- or mid-range actions,
[143] demonstrates that a few frames suf�ce for a successful recognition. Other strands of
work shift their attention to human activities that take minutes or even an hour to unfold.
Cooking-related activities are good examples, as in YouCook [196], Breakfast [99],
Epic-Kitchens [26], MPII Cooking [134] or 50-Salads [149]. Other examples include
instructional videos: Charades [144], and unscripted activities: EventNet [187], Multi-
THUMOS [189].

In all cases, several works [42,73,99,134] de�ne the differences between short- and
long-range human actions, albeit with a different naming or terms. We follow the same
de�nition of [99]. More formally, we useunit-actionsto refer to �ne-grained, short-range
human actions, andactivitiesto refer to long-range complex human activities.

Graph-based Representation.Earlier, graph-based representation has been used in
storytelling [92,183], and video retrieval [128]. Different works use graph convolutions
to learn concepts and/or relationships from data [28,93,123]. Recently, graph convolu-
tions are applied to image understanding [19], video understanding [47,68,69,177] and
question answering [174]. Despite their success in learning structured representations
from video datasets, the main limitation of graph convolution methods is requiring the
graph nodes and/or edges to be known a priori. Consequently, when node or frame-level
annotations are not available, using these methods is hard. In contrast, this work aims for
a graph-inspired representation in which the graph nodes are fully inferred from data.
The result is that our work is extensible to datasets without node-level annotations.

Self-Attention is used extensively in language understanding [109]. The recently pro-
posed the transformer block shows substantial improvements in machine translation [164],
image recognition [176] and video understanding [47, 178] or even graph representa-
tions [166]. The transformer block [178] attends to a local feature conditioned on
both local and global context. That is why it outperforms the self-attention mecha-
nism [30,108,186], which is conditioned on only the local feature.

A video of human activity consists of short snippets of unit-actions. This work is
inspired by all these attention mechanisms to attend to a unit-action (i.e. local feature)
based on the surrounding activity (i.e. global context).
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Figure 22: Overview of VideoGraph. It takes as input a video segmentsi of 8 frames
from an activity videov. Then, it represents it using standard 3D CNN, .e.g I3D. The
corresponding feature representation isxi. Then, a node attention block attends to
a set ofN latent concepts based on their similarities withxi, which results in the
node-attenative representationZi. A novel graph embedding layer then processesZi to
learn the relationships between its latent concepts, and arrives at the �nal video-level
representation. Finally, an MLP is used for classi�cation.

4.3 M E T H O D

Motivation. We observe that a minutes-long and complex human activity usually is
sub-divided into unit-actions. Similar understanding is concluded by [73,99], see Fig. 21.
So, one can learn the temporal dependencies between these unit-actions using methods
for sequence modeling in videos, as LSTM [107] or 3D CNN [182]. However, these
methods face the following limitations. First, such activities may take several minutes or
even hours to unfold. Second, as video instances of the same activity are usually wildly
different, there is no single temporal sequence that these methods can learn. For example,
one can “prepare coffee” in many different ways, as the various paths in Fig. 21 indicate.
Nevertheless, there seems to be an over-arching weak temporal structure of unit-actions
when making a coffee.

We are inspired by graphs to represent the temporal structure of the human activities
in videos. The upside is the ability of a graph-based representation to span minutes-
or even hour-long temporal sequence of unit-actions while preserving their temporal
relationships. The proposed method, VideoGraph, is depicted in Fig. 22, and in the
following, we discuss its details.

VideoGraph. We start from a videov comprisingT randomly sampled video segments
v = fsi j i = 1, 2, ...,Tg. Each segmentsi is a burst of 8 successive video frames, and
represented as featurexi 2 R1� H� W� C using standard 3D CNN, for example I3D [15],
whereC is the number of channels,H,W are height and width of the channels. Our
goal is to construct an undirected graphG = ( N , E) to represent the structure of human
activity in videov. The graph nodesN would then capture the key unit-actions in the
activity. And the graph edgesE would capture the temporal relationship between these
nodes (i.e. unit-actions).

Learning The Graph Nodes. In a dataset of human activities, unit-actions can be
thought of as the dominantlatent short-range concepts. That is, unit-actions are the
building blocks of the human activity. So, in a graph-inspired representation of the
activity, these unit-actions can act as the graph nodesN . Assuming that it is prohibitively
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expensive to have unit-actions annotation for minutes-long videos, a challenge is how
to represent them? In other words, how to represent the graph nodes? As a remedy, we
opt for learning a set ofN latent featuresY, Y = fy j j j = 1, 2, ...,Ng,Y 2 RN� C. These
featuresY then become the vector representation of the graph nodesN , i.e. Y � N .

Figure 23: (a) Node attention block measures similarities� between segment feature
xi and learned nodeŝY. Then, it attends to each node inŶ using� . The result is the
node-attentive featureZi expressing how similar each node toxi . (b) Graph Embedding
layer models a set ofT successive node-attentive featuresZ using 3 types of convolutions.
i. Timewise Conv1D learns the temporal transition between node-attentive features
fZi , ...,Zi+ tg. ii. Nodewise Conv1D learns the relationships between nodesfzi, j , ...,zi, j+ ng.
iii. Channelwise Conv3D updates the representation for each nodezi j .

A problem, however, is how to correlate each video featurexi with each node inY.
To solve this, we propose the node attention block, inspired by self-attention block [47,
164, 176], shown in Fig. 23a. The node attention block takes as an input a featurexi

and all the node featuresY. Then, it transforms the initial representation of the nodes
from Y into Ŷ, using one hidden layer MLP with weight and biasw 2 RC� C, b 2 R1� C.
This transformation makes the nodes learnable and better suited for the dataset inhand.
Then, a dot product
 is used to measure the similarity betweenxi andŶ. An activation
function � is applied on the similarities to introduce non-linearity. The result is the
activation values� 2 RH� W� N. The last step is multiplying all the nodesŶ with the
activation values� , such that we attend to each nodeŷ j by how much it is related to
the featurexi. Thus, the node attention block outputs the attended nodesZi = fzi j j j =
1, 2, ...,Ng,Zi 2 RN� H� W� C. We refer toZi as node-attentive feature, and we refer tozi j

as thej-th node feature inZi . More formally,

Ŷ = w � Y + b (4.1)

� = � (xi � ŶT) (4.2)

Zi = � � Ŷ

= � j � y j , j = 1, 2, ...,N (4.3)
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