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(57) ABSTRACT 

A method learns a structure of a video, in an unsupervised 
setting, to detect events in the video consistent With the 
structure. Sets of features are selected from the video. Based 
on the selected features, a hierarchical statistical model is 
updated, and an information gain of the hierarchical statis 
tical model is evaluated. Redundant features are then ?l 
tered, and the hierarchical statistical model is updated, based 
on the ?ltered features. A Bayesian information criteria is 
applied to each model and feature set pair, Which can then 
be rank ordered according to the criteria to detect the events 
in the video. 
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UNSUPERVISED LEARNING OF VIDEO 
STRUCTURES IN VIDEOS USING 

HIERARCHICAL STATISTICAL MODELS TO 
DETECT EVENTS 

FIELD OF THE INVENTION 

[0001] This invention relates generally to video analysis, 
and more particularly to unsupervised learning of video 
structures to detect events in videos. 

BACKGROUND OF THE INVENTION 

[0002] In order to summarize, broWse and index a video, 
it is necessary to detect and identify structures and events in 
the video. The structures represent a syntactic composition 
of the video, and the events represent occurrences of seman 
tic concepts in the video, Which are consistent With the 
structures. 

[0003] For example, at a loWest level, the structures can be 
indicated by repeated color schemes, texture patterns, or 
motion. At a mid level, the structure can be based on 
repeated camera movement, for example a pans, folloWed by 
a close-up. At a high level, the structures can relate to 
speci?c state transitions in the video. For example, in a golf 
video, a tee shot is usually folloWed by pan folloWing the 
ball ?ying through the air until it lands and rolls on the 
fairWay. 
[0004] The problem of identifying structure has tWo main 
parts: ?nding a description of the structure, i.e., a model, and 
locating segments in the video that matches the description. 
Most prior art methods perform these tWo tasks in separate 
steps. The former is usually referred to as training, While the 
latter, is called classi?cation or segmentation. 

[0005] One possible Way to represent the structures is With 
hidden Markov models (HMMs), see Rabiner, “A tutorial on 
hidden Markov models and selected applications in speech 
recognition,” Proceedings of the IEEE, Vol. 77, pp. 257-285, 
February 1989. HMMs are stochastic models With a discrete 
state-space. HMMs Work Well for temporally correlated 
signals, such as videos. HMMs have been successfully 
applied in many different applications, such as speech rec 
ognition, handWriting recognition, and motion analysis in 
videos. 

[0006] For videos, different genres in TV programs have 
been distinguished With HMMs trained for each genre, see 
Wang et al., “Multimedia content analysis using both audio 
and visual clues,” IEEE Signal Processing MagaZine, Vol. 
17, pp. 12-36, November 2000. The high-level structure of 
soccer games, e.g., play versus break, Was delineated With a 
pool of HMMs trained for each category, see Xie et al., 
“Structure analysis of soccer video With hidden Markov 
models,” Proc. International Conference on Acoustic, 
Speech and Signal Processing (ICASSP), 2002, US. Pat. 
No. 5,828,809 issued to Chang et al. on Oct. 27, 1998, 
“Method and apparatus for extracting indexing information 
from digital video data,” Where a football game is analyZed. 

[0007] All of the above methods use What is knoWn as 
supervised learning. There, important aspects and con 
straints of the structures and events, if not the structure and 
events themselves are explicitly identi?ed, and training 
videos are labeled accordingly to these preconceived notions 
for the training and classi?cation. That methodology is 
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adequate for speci?c video genres, at a small scale. HoW 
ever, such methods cannot be extended to the more general 
case at a large scale. 

[0008] Therefore, it is desired to use unsupervised learn 
ing techniques that can automatically determine salient 
structures and events in an unlabeled video, Without prior 
knoWledge of the genre of the video. 

[0009] Unsupervised learning has been applied to gene 
motif discovery and data mining, see Xie et al., “Learning 
hierarchical hidden Markov models for video structure dis 
covery,” Tech. Rep. 2002-006, ADVENT Group, Columbia 
University, 2002, December 2002, and US. Patent Appli 
cation 20030103565, Xie et al., “Structural analysis of 
videos With hidden Markov models and dynamic program 
ming,” ?led Jun. 5, 2003. 

[0010] Clustering techniques have been applied to key 
frames of shots to discover the story units in a TV drama. 
HoWever, temporal dependencies of the video Were not 
formally modeled, see Yeung et al., “Time-constrained clus 
tering for segmentation of video into story units,” Proceed 
ings International Conference on Pattern Recognition 
(ICPR), 1996. 

[0011] Left-to-right HMMs have been stacked into a large 
HMM in order to model temporally evolving events in 
videos, see Clarkson et al., “Unsupervised clustering of 
ambulatory audio and video,” International Conference on 
Acoustic, Speech and Signal Processing (ICASSP), 1999, 
and Naphade et al., “Discovering recurrent events in video 
using unsupervised methods,” Proc. Intl. Conf. Image Pro 
cessing, 2002. 

[0012] Therefore, there is a need for a method for auto 
matically determining a structural model of a video, and 
detecting semantic events in the video that are consistent 
With the model. 

SUMMARY OF THE INVENTION 

[0013] In a video, structure de?nes repetitive segments 
With consistent deterministic or stochastic characteristics. 
While most prior art method use supervised learning, in 
separate steps, the invention uses a single unsupervised 
statistical method. That is, the method is entirely driven by 
the signal in the video itself, Without a preconceived notion 
of What the content of the video might be. Thus, as an 
advantage, the invention can be applied to any video. 

[0014] The uni?ed method When applied to a video con 
currently determines statistical descriptions of structures and 
locates segments containing events that match the structures. 
The invention represents multilevel statistical structures of 
videos as hierarchical statistical models, and provides ef? 
cient procedures for learning both the model and parameters 
of the model. The hierarchical models can be hierarchical 
hidden Markov models (HHMM) or hierarchical Gaussian 
mixture models (HGMM). 

[0015] When applied to a video, the unsupervised learning 
method according to the invention can be more accurate than 
a comparable supervised method that has knoWledge of the 
content. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0016] FIG. 1 is a How diagram of the unsupervised 
learning method according to the invention; 
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[0017] FIG. 2 is a hierarchical hidden Markov model used 
to model video structures according to the invention; 

[0018] FIG. 3 is a dynamic Bayesian network represen 
tation of the model of FIG. 2A; and 

[0019] FIG. 4 is a How diagram of a model adaptation 
procedure according to the invention. 

DETAILED DESCRIPTION OF THE 
PREFERRED EMBODIMENT 

[0020] As shoWn in FIG. 1, our invention uses unsuper 
vised learning to determine a structure of a video 101, i.e., 
an audio-visual stream. KnoWing the structure, We can 
detect events in the video that are consistent With the 
structure. The structure is in the form of a hierarchical 
statistical model 200, see FIGS. 2A-2B. The hierarchical 
model can be based on hierarchical hidden Markov models 
(HHMM) or hierarchical Gaussian mixture models 
(GHMM). 
[0021] Our invention is based on an observation that the 
video 101 has the folloWing properties. The structure of the 
video is in a discrete state space, because We understand the 
video in terms of concepts. We assume there is a small set 
of concepts in a given video genre or domain. Features 102 
of the video are stochastic because various segments of the 
video seldom have exactly the same features, even When the 
segments are conceptually similar. The features of the video 
are highly correlated in time because most videos are 
sampled at a rate much higher than changes in the scene, 
e.g., 30 or 60 frames per second. 

[0022] We use the term ‘structure’ to emphasiZe the sta 
tistical characteristics in the features. Given speci?c video 
domains, such statistic structures often correspond to events, 
Which represent occurrences of objects, or changes of the 
objects or the scene depicted in the video. 

[0023] In particular, We focus on dense video structures. 
By dense, We refer to the case Where constituent structures 
are modeled as a common parametric class. Representing 
their alternation is suf?cient for describing the entire video. 
In this Way, there is no need for an explicit background class, 
Which may or may not be of the same parametric form, to 
distinguish sparse events from the majority of the back 
ground in the video. 

[0024] Based on the above properties, We model stochastic 
observations in a temporally correlated discrete state space 
and adopt a feW Weak assumptions to facilitate ef?cient 
processing. Within each event, states are discrete and can be 
loW-level hidden Markov models. Observations are associ 
ated With states under a ?xed parametric form, usually 
Gaussian. We model transitions of events as a Markov chain 
at a higher level. This simpli?cation enables ef?cient pro 
cessing at a small cost to the poWer of the model. 

[0025] We model temporal dependencies and a generic 
structure of events in the video in a uni?ed statistical 
frameWork. We model recurring events in the video as the 
hidden Markov models (HMMs), and the higher-level tran 
sitions betWeen these events as a higher level Markov chain. 

[0026] This hierarchy of HMMs forms the hierarchical 
hidden Markov model (HHMM) 200 according to the inven 
tion. The hidden state inference and parameter estimation 
can be learned and evaluated using an expectation-maximi 
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Zation (EM) process 130. Our method is general in that it is 
scalable to events of different complexity. The method is 
also ?exible in that prior domain knoWledge can be incor 
porated in terms of state connectivity, number of levels of 
Markov chains, and the time scale of the states. HoWever, it 
is noted that the method operates correctly Without a priori 
domain knoWledge. 

[0027] It should be noted, the statistical hierarchical model 
can also be in the form of other Baysian classi?ers, such as 
a Gaussian mixture model. In a Gaussian mixture, each 
observation is assumed to arise independently from a mix 
ture of d-dimensional Gaussian densities having means pk 
and variances matrix 2k. Such a Bayesian-based methodol 
ogy automatically penaliZes over-complex models ?tted to 
unknoWn data, as is the case here. With the Gaussian mixture 
model, an ‘optimal’ number of components in the model are 
selected to partition the data set, see Langrognet et al., “A 
Gentle Tutorial on the EM Algorithm and its Application to 
Parameter Estimation for Gaussian Mixture and Hidden 
Markov Models,” Technical Report, University of Berkeley, 
ICSI-TR-97-021, 1997, Husmeier et al., “Bayesian 
Approaches to Gaussian Mixture Modelling,” IEEE Trans 
actions on Pattern Analysis and Machine Intelligence, Vol. 
20, No. 11, 1133-1142, 1998. 

[0028] We also provide a process for selecting an appro 
priate set of features to be extracted. This is necessary in an 
unsupervised setting Where domain knoWledge is not used. 
Bayesian learning techniques are used to learn the model 
complexity. The search over the model space is done With a 
reverse-jump Markov chain Monte Carlo (MCMC) method. 
A Bayesian information criteria (BIC) 170 is applied as a 
posterior probability of the our model. 

[0029] For feature selection, We use an iterative ?lter 
Wrapper method, Where a Wrapper step partitions the set of 
all possible features 103 into consistent subsets that agree 
With each other according to a mutual information gain 
criteria. A ?lter step 150 eliminates redundant dimensions in 
each subset of features by ?nding an approximate Markov 
‘blanket’, i.e., the parent, sibling and child nodes of a 
particular node. Markov blankets are Well knoWn, and 
described in detail beloW. EM/MCMC 160 is applied to the 
remaining features as before, and the resulting subsets are 
ranked 180 according to the modi?ed BIC 170 With respect 
to their a posteriori ?tness. 

[0030] The method according to our invention is elegant in 
that the maximum likelihood (ML) parameter estimation, 
model and feature selection, structure decoding, and content 
segmentation are done in a single uni?ed process. 

[0031] Feature Pool 

[0032] As a preliminary step, features 102 are generated 
110 from the video 101, e.g., dominant color ratios, motion 
intensity, camera translation, audio volume, etc. The gener 
ated features can also be learned from the content of the 
video. 

[0033] The generated features 102 are stored in a feature 
pool 103 as a set of all possible features F={>f1, . . . , fD}. 
If the data sequence is XF=XFkT, then a feature vector at time 
t is XFi, With the iterations indicated by i. 
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[0034] Feature Selection 

[0035] The set of all possible features and potential feature 
extraction schemes for audio-visual streams is very large. 
The problem is to determine just the subset of features that 
are relevant to the structure and events that are learned from 
this particular video 101. 

[0036] Certainly, feW features can be selected rnanually 
When there is adequate domain knowledge. Yet, very often, 
such knowledge is not available in new domains, or the 
relationship betWeen the features and the model structures 
are non-obvious for a particular video. 

[0037] Feature selection has tWo tasks, elirninating irrel 
evant features and eliminating redundant features because 
the set of all possible features can be quite large. Irrelevant 
features degrade classi?cation accuracy, While redundant 
features add to computational cost Without generating new 
information. Furthermore, for unsupervised structure dis 
covery, different subsets of features may relate to different 
events. Thus, the events should be described With separate 
rnodels rather than being rnodeled jointly. Hence, the scope 
of our problem is to select a relevant and compact subset of 
feature that ?ts the HHMM model 200 over the ternporally 
a correlated data stream 101. 

[0038] Therefore, during each ith round, ?rst select 120 a 
set of reference features Fi 121 at random from the feature 
pool 103. Also, learn 130 the HHMM @ 200 on E, using 
expectation maximization (EM) and a Markov chain Monte 
Carlo (MCMC) rnethod. Perforrn Viterbi decoding of XE, 
and obtain a reference state-sequence Q. 

[0039] For each rernaining feature fd 104 in the feature 
pool 103, learn the HHMM Gd, again using EM and MCMC 
135, obtain the Viterbi state sequence Qd, and determine a 
partitioning of the reference set, i.e., a reference partition. 

[0040] Then, We evaluate 140 the information gain of each 
rernaining feature on the state sequence Qd With respect to 
the reference state sequence (1. If the proposed model 
increases an information gain test, then it is accepted as the 
neW current model. As part of the acceptance, a decision step 
deterrnines an acceptance probability otbased on the ?tness 
of the proposed model using rnodel posterior and proposal 
strategies. The proposed model is then accepted or rejected 
With probability 0t. Rejected features remain in the feature 
pool 103. 

[0041] Then, We ?nd the subset Ei, feature group 141, With 
signi?cantly large inforrnation gain to form a consistent 
feature group as union of the reference set and the relevance 
set E. We also update the HHMM model 200 for the set of 
features. 

[0042] We eliminate a previous candidate set by resetting 
the feature pool, and reiterate 145 for i=i+1, if there are more 
features to process, i.e., the feature pool is not empty. 

[0043] Markov blanket ?ltering 150 is used to eliminate 
redundant and irrelevant features Within the ?nal relevance 
set Fi, Whose Markov blanket exists. 

[0044] We are left With a relevant and compact feature 
subset Fi 151. We learn 160 the HHMM @ 200 as before 
with model adaptation on XFi, and store the model and sets 
of features as pairs {®,XFi}161. 
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[0045] For each rnodel-feature pair {FD ®i}161, We evalu 
ate 170 the pair’s ?tness by applying the normalized BIC. 
Then, We rank 180 the feature subsets and interpret the 
meanings of the resulting ranked pairs 181. 

[0046] Evaluating Inforrnation Gain 

[0047] The above process produces a reference labeling of 
the data sequence induced by the classi?er learned over the 
reference feature set. We Want to ?nd features that are 
relevant to this reference. One suitable measure that quan 
ti?es the degree of agreement of each feature to the reference 
labeling is the mutual information, or the information gain 
achieved by the neW partition induced With the candidate 
features over the reference partition. 

[0048] The information gain of feature f With respect to Q 
is de?ned as the mutual information betWeen Q and Qf 

Where i, j: l, ...,N 

[0049] Here is an entropy function. Intuitively, a 
larger inforrnation gain for a candidate feature f suggests that 
the f-induced partition Qf is more consistent With the refer 
ence partition (1. After cornputing 140 the information gain 
I(Qf; for each rernaining featured fd, We perform hier 
archical agglornerative clustering on the information gain 
vector using a dendrograrn. 

[0050] We examine the top-rnost link that partitions all the 
features into tWo clusters, and pick features that are in the 
upper cluster as the set With satisfactory consistency With the 
reference feature set. 

[0051] Markov Blanket 

[0052] After Wrapping inforrnation gain criteria around 
classi?ers build over all feature candidates, We are left With 
a subset of features With consistency, yet also possible 
redundancy. The approach for identifying redundant features 
relates to the conditional dependencies among the features. 
For this purpose, We ?lter 150 using a Markov blanket. If f 
is a feature subset, and Mf is a set of random variables that 
does not contain f, then Mf is the Markov blanket of f, if f 
is conditionally independent of all variables in 
{FUC}\{MfUf} given Mf. 
[0053] Cornputationally, a feature f is redundant When the 
partition C of the data set is independent of f given its 
Markov Blanket FM. In the prior art, the Markov blanket is 
generally identi?ed With an equivalent condition that the 
posterior probability distribution of the class, given the 
feature set {MfUf}, should be the same as the probability 
distribution conditioned only on the Markov blanket Mf, i.e., 

[0054] Where D(P|]Q) is the Kullback-Leibler distance 
betWeen tWo probability mass functions P(x) and 
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[0055] However, this criterion cannot readily be employed 
for unsupervised learning over a temporal stream. This is 
because the posterior distribution of a class depends not only 
on the current data sample but also on samples ‘adjacent’ in 
time. 

[0056] We Would have to condition the class label poste 
rior over all dependent feature samples, and such condition 
ing makes the estimation of the posterior probability intrac 
table as the number of conditioned samples groWs. We do 
not have enough data to estimate these high-dimensional 
distributions by counting over feature-class tuples because 
the dimensionality is too high. 

[0057] Therefore, We use an alternative necessary condi 
tion. Our condition requires that the optimum state-sequence 
C1=T does not change, conditioned on only observing MfUf 
or Mf. Sequentially removing features one at a time, With its 
Markov blanket identi?ed, does not cause divergence of the 
resulting set, because if We eliminate feature f and keep its 
Markov blanket Mf, feature f remains unnecessary in later 
stages When more features are eliminated. 

[0058] In practice, feW if any features have a Markov 
Blanket of limited siZe. Therefore, We sequentially remove 
features that induce the least change in the state sequence 
given the change is small enough, e.g., less than 5%. Note 
this step is a ?ltering step in our HHMM learning setting, 
because We do not need to retrain the HHMMs for each 
candidate feature f and its Markov blanket Mf. 

[0059] Given the HHMM trained over the set fUMf, the 
state sequence QMf, Which is decoded only With the obser 
vation sequences in Mf, is compared With the state sequence 
QfUMf, Which is decoded using the entire observation 
sequence in fUMf. If the difference betWeen QMf and QfUMf 
is less than a predetermined threshold, then feature f is 
removed because Mf is found to be a Markov blanket of 
feature f. 

[0060] NormaliZed BIC 

[0061] Iterating over steps of the feature selection process 
results in disjoint small subsets of features that are 
compact and consistent With each other. The HHMM models 
{Gi} learned over these subsets are best-effort ?ts on the 
features, yet the models {Q} may not ?t the multi-level 
Markov assumptions for the characteristics of the desired 
video structure described above. 

[0062] There are prior art possible distance measures for 
evaluating the subsets of model-feature pairs 161, namely, 
scatter separability and maximum likelihood (ML). The 
former is not suitable for temporal data because multi 
dimensional Euclidean distance does not take into account 
temporal dependency. In addition, it is non-trivial to de?ne 
a proper distance measure for temporal data. The latter is 
knoWn to be biased against higher-dimensional feature sets. 

[0063] Therefore, We apply the normaliZed BIC 170 

[0064] as an alternative to ML, Which trades off the 
normaliZed data likelihood E With the model com 
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plexity. The former has the Weighting factor 7», and 
the latter is modulated by the total number of 
samples log(T). The data likelihood is determined in 
the same forWard-backWard iterations, except all the 
emission probabilities P(X|Q) are replaced With P‘X) 
Q=P(X|Q)1/D, i.e., normaliZed With respect to data 
dimension D, under the naive-Bayes assumption that 
features are independent given the hidden states. 

[0065] InitialiZation and convergence issues exist in the 
iterative partitioning of the feature pool 103. The strategy for 
generating the random reference set Ei 121 in step 120 
affects the result of feature partition, as even producing the 
same reference set in a different sequence may result in 
different ?nal partitions. Moreover, the expressiveness or 
dimensionality of the resulting structures is also affected by 
the reference set. 

[0066] If the dimension of the reference set Ei is too loW, 
then the process tends to produce many small feature groups 
Where features in the same group mostly agree With each 
other. In this case, the learned model may not be able to 
identify potential complex structures that must be identi?ed 
With features carrying complementary information, such as 
features from different modalities (audio and video). 

[0067] On the other hand, if Ei is of a very high dimension, 
then the information gain criterion gives a large feature 
group around Ei, thus mixing different event streams that 
Would better be modeled separately, such as the activity of 
pedestrians and vehicles in a street surveillance video. 

[0068] Hierarchical Hidden Markov Models 

[0069] The preferred embodiment uses the tWo level hier 
archical hidden Markov model (HHMM) 200 for the struc 
tures of a video 101. A top level includes the Markov chain, 
and a bottom level includes the hidden Markov models. The 
HHMM model is a special case of a dynamic Bayesian 
netWorks (DBN). The model can be extended to more than 
tWo levels. 

[0070] In this model, the top-level structure elements 
correspond to semantic events in the video, While the 
bottom-level states represent variations that can occur Within 
the same event. The bottom-level states are produced from 
observations, i.e., measurements of features taken from the 
raW video With mixture-of-Gaussian distributions. HoWever, 
the feature distributions do not necessarily have to be 
constrained to mixture-of-Gaussian distributions. 

[0071] FIG. 2 shoWs a tree-structured representation of 
the hierarchical hidden Markov model 200, and FIG. 3 
shoWs a DBN representations for the same model With 
observations X at the bottom. The HHMM 200 is a natural 
generaliZation of HMMs With hierarchical control structure. 
Every higher-level state symbol corresponds to a stream of 
symbols produced by a loWer-level sub-HMM. 

[0072] A transition at a high level of the model is invoked 
only When a loWer-level of the model enters an exit (e or E) 
state. The exit states turn on transitions at a higher level. 
Observations are only produced at the loWest level states. 
Uppercase letters denote the states as random variables in 
time t, loWercase letters denote the state-space of HMMs, 
i.e., values the random variables can take in any time 
interval. Astate at level d is not alloWed to change unless the 
exiting states in the levels beloW are on, i.e., Ed+1=1. 
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[0073] This bottom-up structure is general in that it 
includes several other hierarchical schemes as special cases. 

Examples include: a stacking of left-right HMMs, Where 
across-level transitions can only happen at the ?rst or the last 
state of a loWer-level model, and a discrete counterpart of the 
jump Markov model With top-doWn, rather than bottom-up, 
control structure, Where the level-transition probabilities are 
identical for each state that belongs to the same parent state 
at a higher level. 

[0074] Prior applications of HHMM falls into three cat 
egories: supervised learning, unsupervised learning, and a 
mixture of both. In supervised learning, the training data is 
manually segmented and labeled. Hence, each sub-HMM is 
learned separately on the segments, and cross-level transi 
tions are learned using the transition statistics across the 
segments. Examples include extron/intron recognition in 
DNA sequences and action recognition. In unsupervised 
learning, segmented data at any level are not available for 
training, and parameters of different levels are jointly 
learned. In a mixture of the above, the state labels at the high 
level are given, With or Without sub-model boundaries, yet 
parameters still needs to be estimated across several levels. 
The most common applications here are speech and hand 
Writing recognition. 

[0075] Multi-level hidden state inference can be done by 
looping over all possible lengths of subsequences generated 
by each Markov model at each level. HoWever, this process 
is less than optimal. For simplicity, We prefer a generaliZed 
forWard-backWard process for hidden state inference, and a 
generaliZed EM process for parameter estimation based on 
the forWard-backWard iterations. 

[0076] The purpose of the EM process is to establish the 
correct model parameters. We assume that an initial siZe of 
the model is given, and the model is learned over a pre 
de?ned feature set. These tWo assumptions are relaxed using 
an adaptive model selection process and an adaptive feature 
selection process as described herein. 

[0077] We denote a maximum state-space siZe of any 
sub-HMM as N. We use a bar notation to Write an entire 

con?guration of hierarchical states from the top (level 1) to 
the bottom (level D) With a N-ary D-digit integer, With the 
loWest-level states at the least signi?cant digit 

[0078] Here, léqiéN, i=1, . . . , D. We drop the super 
script of k Where there is no confusion. The parameters of 
the HHMM, Which essentially de?ne the model 200, include 
the Markov chain parameters Ad in level d indexed by the 
state con?guration k(d_1), i.e., transition probabilities Akd, 
prior probabilities rckd, exiting probabilities from the current 
level ekd, and emission parameters B specify a distribution 
of observations conditioned on the state con?guration, i.e., 
the means pk and covariances ok When the observations are 
Gaussian distributed 
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[0079] Expectation MaximiZation 

[0080] The current parameter set is G), and the proposed or 
updated parameter set is (*3. MaximiZing a data likelihood L 
is equivalent to iteratively maximiZing 

[0081] the expected value of the complete-data log 
likelihood function (Q(.,®). We use the notation 
()1:T to Write an element of a temporal sequence of 
length T. 

[0082] Generally speaking, the expectation step evaluates 
the expectation based on the current parameter set. The 
maximiZation step ?nds the parameters (0 that maximiZe this 
expectation. Special care must be taken in selecting a proper 
hidden state space so that the maximiZation step has a closed 
form solution. Because all the unknoWns lie inside the log(~). 
If the complete-data probability takes the form of product 
of-unknoWn-parameters, then each unknoWn can be solved 
separately in maximiZation, and a close-form solution is 
possible. 
[0083] Bayesian Adaptation 
[0084] Using EM parameter learning for HHMMs con 
verges to a local maximum of the data likelihood because 
EM is an hill-climbing process. Searching for a global 
maximum in the likelihood space is intractable. Moreover, 
this optimiZation for data likelihood is only carried out over 
a prede?ned model structure. In order to enable the com 
parison and search over a set of model structures, We need 
a neW optimality criterion, and an alternative search strategy 
because exhausting all model topologies is super-exponen 
tial in complexity. 

[0085] We use a randomiZed search strategy to address the 
intractability search problem on the entire parameter and 
model structure space. The optimality criteria are general 
iZed from maximum likelihood to a maximum posterior 
probability. Thus, We incorporate the Bayesian prior belief 
in the model structure. 

[0086] Speci?cally, We use the Markov chain Monte Carlo 
(MCMC) method to maximiZe the Bayesian information 
criteria (BIC) 170. 

[0087] We are aWare that alternatives for learning struc 
ture are knoWn, such as deterministic parameter trimming 
algorithm With an entropy prior probability, Which ensures 
the monotonic increasing of model prior probabilities 
throughout the trimming process. HoWever, We Would have 
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to start With a suf?ciently large model in order to apply that 
trimming process. That is undesirable for computational 
complexity purposes, and it is impossible if We do not knoW 
a bound of the model complexity beforehand, as Would be 
the case in an unsupervised setting. 

[0088] MCMC 

[0089] MCMC is a class of methods that can be used to 
solve high-dimensional optimiZation problems, In general, 
MCMC for Bayesian learning iterates betWeen tWo steps. A 
proposal step generates an updated model sampled from 
certain proposal distributions, Which depend on the current 
model and statistics of the features. A decision step com 
putes an acceptance probability 0t based on the ?tness of the 
proposed model using model posterior and proposal strate 
gies. The proposed model is accepted or rejected With 
probability 0t. 

[0090] MCMC converges to a global optimum in prob 
ability When certain constraints are satis?ed for the proposal 
distributions. The speed of convergence depends largely on 
the ‘goodness’ of the proposals. In addition to parameters 
learning, model selection can also be addressed in the same 
framework With reverse-jump MCMC (RJ-MCMC) by con 
structing reversible moves betWeen parameter spaces of 
different dimensions. 

[0091] We use the MCMC scheme to learn the optimal 
state space of the HHMM model 200. We use a mixture of 
the EM and MCMC procedures, Where the model param 
eters are updated using EM, and the learning of model 
structure uses MCMC. We prefer this hybrid process in place 
of a full Monte Carlo update of the parameter set and the 
model, because the MCMC update of the parameters takes 
much longer than EM. With the hybrid approach, conver 
gence does not suffer. 

[0092] MCMC for HHMM 

[0093] We update the HHMM using four general types of 
‘moves’ in the state space. 

[0094] An EM move updates the parameters Without 
changing the siZe of the state space. 

[0095] ASplit(d) move splits a state at level d. This is done 
by randomly partitioning the immediate children of a node, 
When there are more than one, of a state at level d into tWo 
sets, assigning one set to its original parent node, the other 
set is assigned to a neWly generated parent state at level d. 
When the split happens at the loWest level, i.e., d=D, We split 
the Gaussian kernel of the original observation probabilities 
by perturbing the mean. 

[0096] A Merge(d) move merges tWo states at level d into 
one, by collapsing their children into one set and decreasing 
the number of nodes at level d by one. 

[0097] ASWap(d) move sWaps the parents of tWo states at 
level d, Whose parent nodes at level d-1 Were originally 
different. This move is needed for HHMM, because its 
multi-level structure is non-homogeneous Within the same 
siZe of overall state-space. 

[0098] We do not have add and delete moves because 
these moves can be reached With multiple split and merge 
moves. 
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[0099] FIG. 4 shoWs the model adaptation process. In step 
410, We initialiZe the current model 200. At iteration i, based 
on the current model determine 420 a proposed probability 
pro?le, as described in the Appendix. Then, propose a move 
among the types {EM, Split(d), Merge(d), SWap(d)|d=1, . . 
' a 

[0100] The model and its parameters are updated 430 by 
appropriate action on selected states and their children 
states, as described in the Appendix. An acceptance ratio ri 
is evaluated 440 for different types of moves, see the 
Appendix. This ratio takes into account the model’s poste 
rior probability, determined With BIC, and alignment terms 
that compensates for the fact that the spaces We are evalu 
ating the ratio betWeen are of unequal siZes. We denote the 
acceptance probability (Xi=II11I1 {1, ri}. Then, We sample 
u~U(0, 1), and accept the move if ll§_(Xi, and reject other 
Wise. Terminate 450 if the model and parameters converge, 
otherWise iterate at step 420. 

[0101] BIC is a measure of a posteriori model ?tness. It is 
the major factor that determines Whether or not a proposed 
move is accepted. 

[0102] Intuitively, BIC is a trade-off betWeen data likeli 
hood P(X|®) and model complexity |®|~log(T), With a 
Weighting factor 7». The number of free parameters in the 
model penaliZes larger models. The in?uence of the model 
penalty decreases as the amount of training data T increases, 
because log(T) increases relatively sloW. We empirically 
select the Weighting factor 7» as 1/16. This Way, the change in 
data likelihood and the model prior probability is numeri 
cally comparable over one iteration. 

[0103] Applications 
[0104] The method according to our invention can auto 
matically ?nd salient events, learn model structures, and 
identify informative feature set in soccer and baseball vid 
eos. Sports videos represent an interesting domain for the 
invention. TWo main factors contribute to this match in the 
video domain and the statistical technique. The distinct set 
of semantics in one sport domain exhibits strong correlations 
With audio-visual features. The Well-established rules of 
games and production syntax in sports videos provide strong 
temporal transition constraints. For example, in soccer vid 
eos, plays and breaks are recurrent events covering the entire 
time axis of the video data. In baseball videos, transitions 
among different perceptually distinctive midlevel events, 
such as pitching, batting, running, indicate the semantics of 
the game. 

[0105] For soccer videos, it is desired to discover the 
structure that models tWo semantic events, play and break, 
de?ned according to the rules of soccer game. These tWo 
events are dense because they cover the Whole time scale of 
the video, and distinguishing break from play is useful for 
ef?cient broWsing and summariZation, because break takes 
up about 40% of the video, and vieWers may broWse through 
the game play by play, skipping all the breaks in betWeen, or 
randomly access the break segments to ?nd player responses 
or game announcements. 
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[0106] For baseball videos, the learning is performed 
Without having a labeled ground truth or manually identi?ed 
features a priori. This is an application of structure discovery 
to an unknoWn domain, Where evaluation and interpretation 
of the result are done after the automatic discovery method 
is applied. 

[0107] Test results shoW that the performance of our 
unsupervised learning method is comparable to supervised 
learning, and sometimes achieves better accuracy, e.g., 
75.2%-75.7% for unsupervised vs. 75.0% for supervised. 
This is quite surprising because the unsupervised learning of 
the HHMMs is not tuned to a particular ground-truth. The 
test results maintain a consistent as indicated by a loW 
semi-interquartile range of 1.1%-1.2%. 

[0108] For the HHMM With full model adaptation, the 
method converges to tWo to four high-level states, and the 
evaluation is done by assigning each resulting cluster to the 
corresponding majority ground-truth label. 

[0109] Based on the good performance of the model 
parameters and structure learning method, the performance 
of the automatic feature selection method that iteratively 
Wraps around for each remaining feature, and ?lters Was 
tested. A nine-dimensional feature vector sampled at every 
0.1 seconds ?lls the initial feature pool 401. The feature 
vector includes: 

[0110] Dominant Color Ratio (DCR), 

[0111] Motion Intensity (MI), 
[0112] Leastsquare estimates of camera translation 
(MX, MY), 

[0113] 
[0114] 
[0115] 
[0116] 
[0117] 

[0118] For one soccer video and a selected feature set 
{DCR, Volume}, the model converges to tWo high-level 
states in the HHMM, each With ?ve loWer level children 
states. Evaluation against the play/break labels shoW a 
74.8% accuracy. For another soccer video and a selected 
feature set {DCR, MX}, three high-level states and {7, 3, 4} 
children states are produced. MX is a feature that approXi 
mates the horiZontal camera panning motion, Which is the 
most dominant factor contributing to the overall motion 
intensity in soccer video, as the camera needs to track the 
ball movement in Wide angle shots, and Wide angle shots are 
one major type of shot that reveals the overall status of the 
game. 

Audio Volume, 

Spectral Roll-off (SR), 

LoW-band Energy (LE), 

High-band Energy (HE), and 

Zero-Crossing Rate (ZCR). 

Effect of the Invention 

[0119] Our invention provides a method for learning the 
structure of a video in an unsupervised manner. We model a 
class of dense, stochastic structures of the video With hier 
archical hidden Markov models. The models parameters and 
model structure are learned using EM and Monte Carlo 
sampling techniques. Informative feature subsets are 
selected automatically from a large feature pool using an 
iterative ?lter-Wrapper process. When evaluated on soccer 
videos, the invention achieves comparable results as a 
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supervised learning method. When evaluated on baseball 
videos, the method automatically selects tWo visual features, 
Which agrees With our intuition that the status of a baseball 
game can be inferred from visual information only. 

[0120] It is to be understood that various other adaptations 
and modi?cations may be made Within the spirit and scope 
of the invention. Therefore, it is the object of the appended 
claims to cover all such variations and modi?cations as 
come Within the true spirit and scope of the invention. 

Appendix 

[0121] Proposal Probabilities for Model Adaptation. 

[0122] Here, c* is a simulation parameter, and k is the 
current number of states. The parameter p is the hyper 
parameter for the truncated Poisson prior probability of the 
number of states, i.e., p is the eXpected mean of the number 
of states if the maXimum state siZe is alloWed to be +00, and 
the scaling factor that multiplies c* modulates the probability 
using the resulting state-space siZe kil and p. 

Determining Different Moves in RJ-MCMC 

[0123] Expectation maXimiZation (EM) is one regular 
hill-climbing iteration. After a move type other than EM is 
selected, one or tWo states at a certain level are selected at 
random for sWap/split/merge, and the parameters are modi 
?ed accordingly. 

[0124] SWap the association of tWo states: Choose tWo 
states from the same level, each of Which belongs to a 
different higher-level state; sWap their higher-level associa 
tion. 

[0125] Split a state: Choose a state at random. The split 
strategy differs When this state is at different position in the 
hierarchy: When this is a state at the loWest level (d=D), 
perturb the mean of its associated Gaussian observation 
distribution as folloWs 

[0126] Where pS~U[0, 1], and 1] is a simulation parameter 
that ensures reversibility betWeen split moves and merge 
moves. When this is a state at d=1, . . . , D-l, With more than 

one children states, split its children into tWo disjoint sets at 
random, generate a neW sibling state at level d associated 
With the same parent as the selected state. Update the 
corresponding multi-level Markov chain parameters accord 
ingly. 

[0127] Merge tWo states: Select tWo sibling states at level 
d, merge the observation probabilities or the corresponding 
child-HHMM of these tWo states, depending on Which level 
they are located in the original HHMM: When d=D, merge 
the Gaussian observation probabilities by making the neW 
mean as the average of the tWo. 
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#0 = if m —#2| 5 2n 

[0128] When d=1, . . . , D-l, merge the tWo states by 
making all the children of these tWo states the children of the 
merged state, and modify the multi-level transition prob 
abilities accordingly. 

Acceptance Ratio for Different Moves in 
RJ-MCMC. 

[0129] The acceptance ratio for SWap simpli?es into the 
posterior ratio because the dimension of the space does not 
change. Denote G) as the old model and (9 as the neW model: 

[0130] When moves are proposed to a parameter space 
With different dimension, such as split or merge, We Will 
need tWo additional terms in evaluating the acceptance ratio: 
a proposal ratio term to compensate for the probability that 
the current proposal is actually reached to ensure detailed 
balance; and a Jacobian term is used to align the tWo spaces. 

[0131] Here, psp(k) and pms(k) refer to the proposal prob 
abilities, see above, With the eXtra variable d omitted 
because split or merge moves do not involve any change 
across levels. 

We claim: 
1. A method for learning a structure of a video to detect 

events in the video consistent With the structure, comprising: 
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selecting sets of features from the video; 

updating a hierarchical statistical model for each set of 
features; 

evaluating an information gain of the hierarchical statis 
tical model; 

?ltering redundant features; 

updating the hierarchical statistical model based on the 
?ltered features; 

applying a Bayesian information criteria to each model 
and feature set pair; and 

rank ordering the model and feature set pairs to learn the 
structure and detect the events in the video in an 
unsupervised manner. 

2. The method of claim 1, in Which the hierarchical 
statistical model uses Gaussian mixtures. 

33. The method of claim 1, in Which the hierarchical 
statistical model uses hidden Markov models. 

4. The method of claim 3, in Which states of events in the 
video are modeled as loW-level hidden Markov models in 
the hierarchical hidden Markov model, and the events are 
modeled as a high-level Markov chain in the hierarchical 
hidden Markov model. 

5. The method of claim 1, in Which the features include 
dominant color ratios, motion intensity, a least-square esti 
mates of camera translation, audio volume, spectral roll-off, 
loW-band energy, high-band energy, Zero-crossing rate 
(ZCR). 

6. The method of claim 1, in Which the features are ?ltered 
With a Markov blanket. 

7. The method of claim 1, in Which the evaluating is 
performed using expectation maXimiZation and a Markov 
chain Monte Carlo method. 
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