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Abstract

We present a novel approach to the causal temporal
analysis of event data from video content. Our key ob-
servation is that the sequence of visual words produced
by a space-time dictionary representation of a video se-
quence can be interpreted as a multivariate point-process.
By using a spectral version of the pairwise test for Granger
causality, we can identify patterns of interactions between
words and group them into independent causal sets. We
demonstrate qualitatively that this produces semantically-
meaningful groupings, and we demonstrate quantitatively
that these groupings lead to improved performance in re-
trieving and classifying social games from unstructured
videos.

1. Introduction

A basic goal of video understanding is the organization
of video data into sets of events with associated temporal
dependencies. For example, a soccer goal could be ex-
plained using a vocabulary of events such as passing, drib-
bling, tackling, etc. In describing dependencies between
events, it is natural to invoke the concept of causality— a
foot striking a ball causes its motion, a car accident causes
a traffic jam, etc. There is a rich literature in psychol-
ogy and cognitive science on event perception and causal-
ity (see [22] for a recent survey). Within the vision lit-
erature, there have been several attempts to develop mod-
els of causality that are suitable for video analysis. A
representative example is the work of Mann, Jepson, and
Siskind [18] on event analysis using the Newtonian laws of
motion. When domain models are available, as in the case
of physics or sporting events, causal relations can be ex-
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pressed in terms of events with “high-level” semantic mean-
ing. However, connecting these models to pixel data re-
mains challenging. Moreover, the lack of general domain
theories makes it difficult to apply this approach to general
video content.

In this paper we present a novel, data-driven approach
to the analysis of causality in video. Our approach is in-
spired by a classical formulation of causal analysis for time
series, originally due to Clive Granger [10]. Granger pro-
posed that a time series Y could be considered to causally
influence a time series X if predictions of future values of
X based on the joint history of X and Y were more accu-
rate than predictions based on X alone. While this model of
causality does not propose a mechanism for the interaction
between the variables, it has the advantage of being formu-
lated directly in terms of measurement data and therefore
applicable to a broad range of temporal processes.

While the classical formulation of Granger causality is
widely-used in a variety of disciplines, such as economet-
rics [12] and EEG modeling [6], it is not directly suitable for
video analysis. One problem is the need to fit parametric dy-
namical models to time series data in order to make causal
predictions. While linear dynamic models such as ARMA
processes can be used to model video textures [23], they
cannot accurately describe the complex dynamics of gen-
eral video. Furthermore, it has recently become popular to
represent video with a set of codewords, mirroring the suc-
cess of such representations in object categorization. Causal
analysis would be most useful for video analysis tasks if it
were applicable to such commonly-used event-based repre-
sentations. We address this challenge by utilizing a non-
parametric formulation of temporal causality which is suit-
able for sequences of events. A similar approach has been
used successfully to analyze spike train data [19].

Our key insight is that a set of visual words that describe
a video sequence can be interpreted as an instantiation of
a multivariate point-process. Each visual word occurs in



a subset of video frames. We denote these occurrences as
low-level visual events, whose sample times are governed
by a point process model. In the statistical literature, point
processes (of which the Poisson process is the most well-
known example) are the standard representation for event
data [5]. The statistical relationship between a pair of point
processes can be captured by its cross-spectral density func-
tion, which can be estimated nonparametrically from sam-
ple data. We can then utilize a frequency domain formula-
tion of Granger causality, due to Geweke [9], to make pre-
dictions of temporal causality.

The result of our procedure for temporal causal analysis
of visual event data is a graph which indicates the pairwise
causal relations between visual words (see Fig. 2(e)). This
graph effectively partitions the set of visual words into dis-
joint subsets, based on the dynamics of their co-occurrences
over time. A key advantage of this approach to video seg-
mentation is that it is able to aggregate information across
a long time interval, without the need for accurate pixel-
level segmentation or tracking. Such an approach can com-
plement existing methods for motion-based segmentation,
which typically exploit information at short time scales.

We demonstrate qualitatively that the segmentations of
visual words produced by our analysis frequently corre-
spond to the actual patterns of interaction in complex video
footage. In addition, we quantify the benefit of our method
for the tasks of retrieving and classifying social games from
unstructured video footage. Social games, such as peek-a-
boo, are repetitive and turn-taking interactions. Our previ-
ous work demonstrated that social games can be represented
as quasi-periodic patterns in video event data [25]. We show
that causal analysis can be used to segment a repetitive in-
teraction from other motion, resulting in improved retrieval
and classification performance.

In summary, this paper makes three contributions:

e We introduce a novel representation of video content
which encodes the dynamics of visual events as a mul-
tivariate point-process.

e We show that a nonparametric pairwise causality test
for point-processes can be used to partition visual
events into independent groups.

e We demonstrate both promising qualitative segmen-
tation performance and substantial quantitative im-
provements in the retrieval and categorization of social
games using causal analysis.

2. Related Work

We are not aware of any prior work on the segmenta-
tion of space-time visual words based on their temporal co-
occurrences, or on the use of temporal causal analysis to
group visual events.

Causal analysis in vision Humans are fundamentally pre-
disposed to construct causal interpretations of their experi-
ences [22], and the analysis of causality in video has been
a long-standing goal in computer vision. For well-defined
scenarios in which strong domain models are available,
causal relationships can be specified and applied directly.
A canonical example is the use of Newtonian mechanics to
describe object interactions in video in terms of cause and
effect relationships [18, 3]. Likewise, in the case of sports
analysis, knowledge of the game rules along with the abil-
ity to model, parse and track the relevant actors and objects
makes it possible to conduct causal analysis using spatial
and temporal relations. A recent, representative example is
the work of Gupta et al. on baseball videos [11]. As an
alternative to domain models, human annotations of video
can be used to infer causal relations based on simple statis-
tics, as was demonstrated in [26] using LabelMe Video. In
contrast to these works, our goal is to perform causal analy-
sis on general classes of video content without the need for
domain knowledge or human annotations.

Zhou et al. employ the continuous-time Granger causal-
ity test to extract features for activity classification from
pairs of interacting objects [27]. Objects are first tracked
and then causal analysis is performed on pairs of trajecto-
ries to extract features. This approach is limited to situa-
tions in which object tracking can be performed reliably.
In Loy et al., analysis of the time delay between spatio-
temporal activity patterns is used to characterize causal rela-
tionships [17]. In contrast to these works, we develop an un-
supervised approach to the causal analysis of point-process
data, and demonstrate its effectiveness in analyzing video
containing different types of repetitive motions. Point pro-
cesses have been used in other situations. For example, Ge
and Collins [8] adopt a marked point process framework for
crowd counting.

Exploiting repetitiveness Repetitiveness is a powerful cue
for video analysis. Periodicity is a strong form of repet-
itiveness, and previous authors [4, 20] have used Fourier
time-frequency methods to analyze video of periodic mo-
tions, such as walking and running. More recently, we have
demonstrated that a weaker form of repetitiveness, which
we call quasi-periodicity, can be used to characterize social
interactions in video [25]. We presented an unsupervised
method for retrieving social games from unstructured video
footage by mining quasi-periodic patterns. Videos with
quasi-periodic structure are particularly good candidates for
causal analysis, as they generate point processes with a high
density of interacting events. We show in Sec. 4.1 that
causal analysis can be used to improve the accuracy of so-
cial game retrieval.

Sparse visual words representation of activities Sparse
space-time features have been shown to be effective in rec-
ognizing actions [7, 15, 16]. They are tolerant of the large



intra-class variations that arise in natural videos. In our
work, we utilize space-time visual words as a source of low-
level visual events for causal analysis.

Video segmentation Standard approaches to video segmen-
tation utilize motion and appearance features to segment
video into regions or volumes at the pixel level. The au-
tomatic generation of accurate segmentations of video ob-
jects remains challenging, and the current best results are
based on user-interaction [1]. In contrast, we explore an al-
ternative segmentation approach in which visual events are
grouped on the basis of their temporal interactions.

3. Temporal Causal Analysis

Our approach consists of two stages. The first stage en-
codes the video sequence as a multivariate point-process
over visual events. We use spatio-temporal visual words to
define a vocabulary of visual events and encode recurring
motions. The second stage analyzes causal relationships
between pairs of point-processes and groups co-occurring
visual-words into independent causal sets.

3.1. Point-process representation of video

Visual events from spatio-temporal words The space-
time interest point detector [14] is applied to each video
sequence. Each interest point p has a feature vector f,
with two components: position-dependent histograms of
oriented gradients (HoG) and optical flow (HoF) from p’s
space-time neighborhood. Spatio-temporal visual words are
built by applying k-means clustering to { f, }. Each interest
point is assigned to the closest visual word.

Multivariate point-processes Each visual word occurs in a
subset of frames, with frame numbers {¢;}, and can there-
fore be represented as a point process N;(t), where N;(t)
counts the number of occurrences of the event type ¢ in the
interval (0,t]. The key defining property of a point pro-
cess is that events are defined only by their time of oc-
currence. The number of events in a small interval dt is
dN;(t) = N(t +dt) — N;(t), and E{dN;(t)}/dt = \;
is the mean intensity of the process N;(t). We consider the
zero-mean process N;(t) = N;(t) — A\;t. Point-processes
generated by each of the m visual words in a video se-
quence form a m-dimensional multivariate point-process
with counting vector N(¢) = (N1 (t), No(t), ..., Ny (t)T.
We assume that the process defined by N(¢) is zero-mean,
wide-sense stationary, mixing, and orderly [5].

An example is shown in Fig. 1. The sequence consists
of a patty-cake game with a secondary “noise” motion. The
four point-processes corresponding to the visual words are
shown in the co-occurrence matrix in Fig. 1(e). The green
and blue processes correspond to the hand-going-up stage
of the patty-cake game, the red process corresponds to the
hands-touching stage of the patty-cake game, and the yel-
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(c) Frame 257  (d) Frame 266

(e) Co-occurrence Matrix of Point-Processes
Figure 1. A sequence of a pattycake with additional noise motion.
Example frames with overlayed visual words are shown in (a)-(d).
The co-occurrence matrix of point-processes is shown in (e).

low process corresponds to the noise motion. From the
temporal ordering of the processes in the co-occurrence ma-
trix, we can observe that the blue and green processes co-
cause and co-occur, and in addition they cause the red pro-
cess, whereas the yellow process occurs independently of
the other three.

3.2. Spectral representation of point processes

The first step in pair-wise causal analysis is to repre-
sent the statistical relationship between two point-processes
N;(t) and N, (t). This relationship is captured by the cross-
covariance density function R; ;(7) at lag 7 (Eq. 1), which
is analogous to the cross-correlation function in a vector
time-series model [2],

Riy(r) = 212N i(t;ifl\ij (t+7)]

—1[i = j]xid(7), (D)

where §(7) is the classical Kronecker delta function. The
auto-covariance when ¢ = j is handled as a special case via
the indicator function 1[b] for Boolean b.

A nonparametric estimate of the cross-covariance can be
obtained from the cross-correlogram: The time axis (0, 7]
is divided into w bins and a histogram of events is com-
puted at each bin. The event data is successively re-binned
by taking each occurrence of an event of type ¢, shifting the
time origin so that this event occurs at time zero, and then
re-binning the events of type j. The normalized count in
bin k of the resulting histogram gives us an estimate of the
probability that an event j will arrive at a lag of kw after
event ¢, that is R; ;(kw). Similarly, auto-covariance is esti-
mated by dividing the time axis into w bins and calculating
the probability of an event occurring at each bin.

The cross-spectrum S, ;(f) between processes NN; and
Nj is the Fourier transform of the cross-covariance density
function, and the auto-spectrum S; ; ( f) of process NN; is the
Fourier transform of the auto-covariance density function.
The spectral matrix for the multivariate point-process N(t)
is formed from the auto-spectrum (diagonal elements) and



the cross-spectrum (off-diagonal elements):

S1.1(f) S1.m(f)
S(f) = : : . 2
Sm,l(f) Sm,m(f)

The spectrum can be written compactly as:

Sii(f) = — /w exp(—2mi fr) Riy (r)dr + 1[i = ]2

21 J_ o 21

3)

A key computational challenge is the computation of the
spectral matrix from sequences of multivariate event data
in an efficient and numerically stable manner. The practical
considerations of avoiding bias and leakage are the same for
event data as they are for time series spectrum estimation.
We use the multitaper method [24] to estimate the spectrum,
as it provides good leakage properties. In the multitaper
method, K data tapers { hk}szl are applied successively to
the ith event and the Fourier transform is applied to obtain:

MMM=AMWW%WM®

= th(tj)exp(—metj). “)
J

Estimates for the spectral matrix elements S; ;(f) using M
are obtained as [2]:

~

K
5us) = gpem SO MWL R, 6)
k=1

where w* denotes the complex-conjugate transpose of w.
A visualization of the spectral matrix for the processes in
Fig. 1(e) is shown in Fig. 2(a), where the y-axis denotes
magnitude of the spectral components and the x-axis de-
notes frequency. The cross-spectrum captures a measure
of co-occurrence as a function of frequency between two
processes. Processes which co-occur, such as the blue and
the green processes, will have high energy in their cross-
spectrum components.

3.3. Granger Causality

In this section we describe a test for Granger causality
based on a cross-spectral representation of pairwise point-
processes. We start by reviewing the more basic causal test
for time-series data. See [9] for a detailed discussion.

Consider two vector autoregressive processes:

oo

Xp =Y ayx, i +uy, var(uy) =3, (6)
i=1
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Figure 2. Visualization of Temporal Causal Analysis.

and

o0
Yt = Z biiyi—i + v, var(vy)=T1, (7
i=1

which can be viewed as linear projections of x; and y; on
their own past values, which we denote as X;_; and Y;_1,
respectively. The linear projection of x; on both X;_; and
Y;_1 and of y; on both X;_; and Y;_; can be obtained from
the joint auto-regressive process:

Xe = agXi_i+ Y Coiyi i+, var(ug) =Ty (8)

i=1 i=1

and

o o0
yi = Z boiyi—i + Z doix¢—; + Vo, var(vy) = Is.

i=1 i=1

)
The variance ¥, in Eq. 6 represents the error in predicting
the present value of x; from its own past, while the variance
3, in Eq. 8 represents the error in predicting the present
value of x; from the past values of both X;_; and Y;_;. If
Yo isless than X4, then Y is said to cause X . This intuition
is captured by the causal measure [10]:

Fy_x =In(|Z1]/|2)). (10)

A similar measure of causality from X to Y can be com-
puted by symmetry. However note that in general Fy _, x #
Fx_,y, due to the directionality of the flow of time.

3.3.1 Nonparametric Granger Causality

A key advantage of the spectral characterization of point
process data is that it enables the use of a spectral domain



method for causality analysis proposed by Geweke [9]. Al-
though this method was developed for time series data, it
can be applied to a more general spectral representation.
The main main idea behind the spectral approach is to de-
compose Fy _, x by frequency. We can obtain this decom-
position in the time series case by considering the following
system constructed from Egs. 8 and 9:

ao (7') Co (7') Xt _ Ut (1 ])
da(7)  ba(T) Y vor )
where 7 is the lag operator and the coefficient matrix is de-
noted as C(7). Taking the expected value and the Fourier

transform of Eq. 11, we can solve for the spectral matrix of
the joint process [x; y:] as

S(f) = T(f)ET(f)", (12)

In Eq. 12, T(f) is the transfer function, defined as the
inverse of the Fourier transform of the coefficient matrix
C(7), and X is the joint covariance of the noise processes.

When us; and vy, in Egs. 8 and 9 are correlated, there is
an instantaneous causality which makes it more difficult to
attribute the power of x appropriately. A transformation is
used to remove the instantaneous causality (see [9] for the
details), resulting in a modified transfer function T(f) and
noise processes f)g and f‘g. The auto-spectrum of x; can
then be written as:

S (f) = Taw(f)B2T; , (f) + Tay (/)T2TL , (f)-
(13)
The first term in Eq. 13 is the intrinsic power and the second
term is the causal power of x; due to y;, which identifies the
total power of x; at frequency f that is contributed by y;.
The causal measure from Y to X is then defined as [9]:

= |SI3(D| ) . (14)
|Trz(f)z2T;z(f)|

The causal measure from X to Y follows by symmetry.

Egs. 12 and 13 can be viewed as defining a factorization
of the spectral matrix from Eq. 2, which yields the terms
that are needed to compute the causal measure via Eq. 14.
In the case of time series data, these terms can be computed
directly by fitting an auto-regressive model to the data. In
the point process case, we can estimate the spectral matrix
directly using Eq. 5. We can then obtain the factorization in
Eq. 12 using direct numerical factorization techniques [21].
This makes it possible to compute causal measures without
the need to fit parametric models to the data.

Fig. 2(b) gives the plots of the causal measures,
Gi—;(f), that were computed from the spectral matrix in
Fig. 2(a) using Eq. 14. We obtain a scalar causal score from
each casual measure by integrating over frequency. All m

Gy_x(f)=1In (

pairwise causal scores can be summarized in a causal matrix
as follows:

C(irj) =Y Gij(f),Vitj (15)
f

where C(i,i) = 0,Vi. The causal scores are illustrated as
horizontal black lines in Fig. 2(c).

3.4. Statistical Thresholding

In order to segment events into causal sets, we must
threshold the pairwise causal scores from Eq. 15. We use
an empirical null-hypothesis testing framework to compute
the threshold that corresponds to a desired significance level
(see [13]). In order to obtain an empirical distribution for
the null hypothesis, we repeat the following process: Pairs
of channels are selected at random and their event data is
shuffled. Causal scores are computed from this randomized
surrogate data, and the aggregation of these scores yields
a distribution. A threshold is then chosen to achieve a de-
sired level of significance with respect to this distribution.
The threshold (0.61) for the example of Fig. 1 is illustrated
as a horizontal red line in Fig. 2(c). Causal scores (black
lines in Fig. 2(c)) which exceed this threshold correspond
to detected pairwise relationships. The final thresholded
causal matrix is given in Fig. 2(d). We can interpret this
matrix as a directed causal graph, as illustrated in Fig. 2(e),
where edges denote causal influence. We refer to the con-
nected components of this graph as causal sets. Note that
the graph in Fig. 2(e) contains two causal sets, correspond-
ing to the pattycake interaction (G, R, and B) and the noise
process (Y). The causal sets provide a segmentation of the
video based on the temporal interactions between visual
event data. In this example, they correctly identify the pres-
ence of two independent processes.

4. Experimental Results

We present both qualitative and quantitative evalua-
tions of our method. First, we demonstrate that our
analysis can produce meaningful groupings of visual
words in a diverse set of videos. Second, we quan-
titatively evaluate these groupings through both the re-
trieval and the classification of social games from un-
structured video sequences. Software, data, and fur-
ther results can be obtained from our project page:
http://www.cc.gatech.edu/cpl/projects/temporalcausality.

4.1. Temporal Grouping of Visual Words

We applied our analysis to a diverse set of video se-
quences containing two person (dyadic) interactions. The
goal was to determine whether our method would group the
visual words produced by the dyad into the same causal set,



(b) Sequence of roll-ball from GT Child Play dataset.
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Figure 3. Visual words corresponding to game are shown in green, and those corresponding to non-game are shown in red.
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Figure 4. Retrieval performance on GT Child Play dataset. Solid
lines denote performance using our causal grouping, and dashed
lines denote performance using all visual words [25].

and identify independent motions. We analyzed three types
of videos: toy examples in which the correct grouping is ob-
vious, handshake sequences from the HOHA dataset [15],
and social games from the GT Child Play dataset [25].

Visualizations of the causal groupings are shown in
Fig. 7. For each sequence, visual words are shown in the
top row, and the causal sets from our analysis are shown in
the bottom row. In each case, we manually identified the
most salient causal set, and rendered it in green.

In the toy example (Fig. 7(a)), our method correctly iden-
tifies the two sets of independently moving actors. In the
handshake examples from HOHA (Figs. 7(b) and 7(c)), we
see that a large majority of the events produced by the hand-
shake action are grouped into a single causal set, which is
independent of the background events. Likewise, in the ex-
ample of social games (Figs. 7(d) and 7(e)), our analysis
successfully recovers the dyad, which is independent of un-
related scene motions such as the events from the soccer
ball in Fig. 7(d) and the camera motion in Fig. 7(e).

4.2. Retrieval of Social Games

In our first quantitative experiment, we address the prob-
lem of social game retrieval from videos of parent-child in-
teractions [25]. For the task of retrieval, we segment the
video into overlapping (50% in number of frames) video
segments using a sliding window, and we augment the
space-time feature vector with normalized (z,y). We com-

pute visual words across each video segment and apply tem-
poral causal analysis to each video segment. We then ap-
ply our frame-level method [25] to each of the independent
causal sets to identify the presence of a social game. In our
approach, each frame is represented by the histogram of vi-
sual word it contains, and an event label is assigned to each
frame by applying k-means clustering to the histogram rep-
resentations of frames. Then, quasi-periodic pattern extrac-
tion is applied to determine the presence of a social-game.

The precision-recall curves of retrieval performance are
shown in Figure 4, where solid lines represent our retrieval
performance and dotted lines represent the retrieval perfor-
mance of [25]. We achieve a significant improvement in
performance across all videos for both social games and
quasi-periodic events by using temporal causal analysis. In
addition, temporal causal analysis enables us to localize the
social games in a given video sequence. Fig. 3(a) and 3(b)
shows the causal set corresponding to a social game (shown
in green) for the sequences 7(d) and 7(e), respectively. No-
tice that in both sequences the causal set corresponding to
the dyad is correctly identified as a social game.

4.3. Classification of Social Games

In our second quantitative experiment, we address the
problem of classifying social games from YouTube. The
dataset contains 3 types of social games: babytoss, patty-
cake, and tickle of 21, 43, and 23 sequences each, respec-
tively. Due to the nature of both social games and home
videos, the dataset exhibits large intra-class variability both
in appearance and style of play. There is significant cam-
era movement and motion from background objects, and
using all the interest points in a sequence for classification
is undesirable. We apply temporal causal analysis to each
video sequence, and manually select the most salient causal
set corresponding to the dyad for each sequence. We then
apply an approach similar to [15] for classification on the
subset of visual words corresponding to the salient causal
set. We split the videos equally into training and testing sets
and adopt a one-against-all, winner-takes-all (OAA-WTA)



approach to multi-class classification. For the baseline, we
use all the detected interest points without temporal causal
analysis. Comparisons of classification accuracy between
the baseline and our approach is shown in Fig. 5, and the
confusion matrix of the classification is shown in Fig. 6.
We demonstrate significant quantitative improvement over
the baseline by using temporal causal analysis.

Baseline | Causal
B 45.9% 57.9% .
P 49.4% 72.1%
T 45.3% 56.8% :

Figure 5. Comparison to baseline

Babytoss

Pattycake  Tickle

Figure 6. Confusion Matrix

5. Conclusion

The ability to characterize the temporal structure of
video events in an unsupervised manner is a key capabil-
ity for video analysis. It can enable us to move beyond
reasoning about atomic actions, and potentially ameliorate
the continual need for training data. We have demonstrated
that a nonparametric formulation of Granger causality can
be used to identify patterns of interaction between repeat-
ing events, and partition them into independent causal sets.
Our key observation is that a collection of space-time visual
words can be interpreted as the instantiation of a multivari-
ate point-process. In our experiments, causal sets frequently
correspond to salient groupings of events, and they lead to
improved performance in retrieving and categorizing social
games from video.
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(e) Roll-ball sequence from HSI dataset

Figure 7. Visualizations of groupings from temporal causal analysis. All visual words are shown in the top row, and the causal sets are
shown in the bottom row. Note that the salient set (identified by hand) is shown in green for visual clarity. Videos of these groupings and
further groupings from other sequences can be downloaded from: http://www.cc.gatech.edu/cpl/projects/temporalcausality.



