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Abstract

A key problem in video content analysis using dynamic greghinodels is to learn a suitable model
structure given some observed visual data. We propose a letmdpt.ikelihood AIC (CL-AIC) scoring
function for solving the problem. CL-AIC differs from exisy scoring functions in that it aims to op-
timise explicitly both the explanation and prediction capabilities of a matteultaneously. CL-AIC is
derived as a general scoring function suitable for bothcstattd dynamic graphical models with hidden
variables. In particular, we formulate CL-AIC for deternimig the number of hidden states for a Hidden
Markov Model (HMM) and the topology of a Dynamically Multithked HMM (DML-HMM). The ef-
fectiveness of CL-AIC on learning the optimal structure afyamamic graphical model especially given
sparse and noisy visual date is shown through comparatjperiexents against existing scoring func-
tions including Bayesian Information Criterion (BIC), Aka’s Information Criterion (AIC), Integrated
Completed Likelihood (ICL), and Variational Bayesian (VBYe demonstrate that CL-AIC is superior
to the other scoring functions in building dynamic graphioadels for solving two challenging prob-
lems in video content analysis: (1) content based surnelavideo segmentation, and (2) discovering
causal/temporal relationships among visual events fargextivity modelling.

Keywords: Video content analysis, structure scoring, graphical nspdédden Markov models, surveil-

lance video segmentation, group activity modelling.

1 Introduction

Dynamic graphical models or Dynamic Bayesian Networks (DBNs), edpetlalden Markov Models

(HMMs) and their variants, have become increasingly popular for modelinbanalysing dynamic video
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content [13, 21, 8, 12, 26, 19, 15, 33]. By using a DBN for videotenhanalysis, we assume that dynamic
visual content is generated sequentially by some hidden states of the dys@anie which evolve over
time. These hidden states often have physical meanings. For instanceotidycorrespond to certain
stages/phases of an activity [12, 26, 21], the occurrence of diffetasses of visual events [19], or different
types of transition segments between video shots [8]. The hidden staseggested by the name, cannot be
observed directly. They can only be inferred from the observed Mikata given a learned DBN. Learning
a DBN involves estimating both its structure and parameters from data. Thtusérwf a DBN refers
primarily to (1) the number of hidden states of each hidden variables of alrandg2) the conditional
independence structure of a model, i.e, factorisation of the state spadetémining the topology of
a graph. There have been extensive studies in the machine learning ciynomuefficient parameter
learning when the structure of the model is knoavpriori (i.e. assumed) [18]. However, much less effort
has been made to tackle the more challenging problem of learning the optina@usgrof an unknown
DBN [4, 17, 11, 35]. Most previous DBNs-based video content modghinproaches avoid the structure
learning problem by setting the structure manually [21, 26, 8, 15]. HowigVes been shown that a learned
structure can be advantageous over manually set ones given spars@isy visual data [19]. In this paper,
we address the problem of how to accurately and robustly learn the optimetuse of a DBN for video

content analysis in a realistic situation where only sparse and noisy visizehcke available.

Most previous structure learning techniques have adopted a seaieteare paradigm [17]. These
techniques first define a scoring function/model selection criterion dongisf a maximum likelihood
term and a penalty term to penalise complex models. The model structureispher searched to find
the optimal model structure with the highest score. The most commonly usgdgs@unctions include
Bayesian Information Criterion (BIC) [29] , Minimum Description Length (M28], BDe [20], Akaike's
Information Criterion (AIC) [1], Integrated Completed Likelihood (ICL)[&nd Variational Bayesian (VB)
[4, 5]. The selected models are ‘optimal’ in a sense that they can eithesj#ain the existing data (BIC,
MDL), or best predict unseen data (AIC). It has been demonstratitheoretically and experimentally in
the case of static models that explanation oriented scoring functions Bofieimodel under-fitting while

prediction oriented ones suffer from model over-fitting [23, 30, 6, 34]

To address the problems associated with existing scoring functions, we thi@t a better scoring func-
tion should select a model structure that is capable of both explaining tieevelsdata and predicting

unseen data optimally at the same time. To this end, we derive Completed LikehSoeCL-AIC) for

!Alternatives include the Bayesian approach to model selection [4] amtéxtespecific independence [9].
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Figure 1: Three different types of graphical models with hidden noaesng which HMM and DML-
HMM are DBNs. Observation nodes are shown as shaded circles atehhitdes as clear circles.
learning the structure of a DBN. CL-AIC was first introduced in our fmes work [34] for Gaussian Mix-
ture Models (GMMs) which can be represented as a static graphical rtgmieFig. 1(a)). In this paper,
CL-AIC is derived as a general scoring function suitable for both staticdgynamic graphical models, with
GMMs and DBNs as special cases. In particular, CL-AIC is formulatedd&ermining the number of
hidden states of a HMM and for learning the topology of a Dynamically Multi-eshkiMM (DML-HMM)
(see Fig. 1(b)&(c)).

The effectiveness of CL-AIC on DBNSs structure learning is demonsirdteough comparative ex-
periments against Bayesian Information Criterion (BIC), Akaike’s Imfation Criterion (AIC), Integrated
Completed Likelihood (ICL), and Variational Bayesian (VB). Experimemtssgnthetic data were carried
out to examine and quantify the effect of sample size on the performartifesent score functions. The
results, for the first time, reveal a key difference in structure learrfistatic and dynamic graphical models
in terms of the definition of data sparseness. We further considered two gwhtent analysis problems
using real data: (1) content based surveillance video segmentatio(®)agidcovering causal/temporal re-
lationships among visual events for group activity modelling. Our experirneggalts demonstrate that our
CL-AIC is superior to alternative scoring functions in building dynamic gre@ models for video content

analysis especially given sparse and noisy data.

The rest of the paper is structured as follows: in Section 2, we deriv@&ICLas a general scoring
function for graphical models with hidden variables. We also formulate GL{&r two special cases of
DBN, namely a HMM and a DML-HMM, and present synthetic experiments iopare CL-AIC to existing
scoring functions including BIC, AIC, ICL, and VB. In Section 3, we gkt the problem of learning

the optimal number of video segments for surveillance video segmentation. atatip experiments are



conducted using over 10 hours of challenging outdoor surveillance Yo#ages. We then compare CL-
AIC with other competing scoring functions in learning the topology of a DMWUMI for group activity

modelling in Section 4. The paper concludes in Section 5.

2 Completed Likelihood Al C for Graphical Modelswith Hidden Variables

We derive Completed Likelihood AIC (CL-AIC) for graphical models with diéth variables with GMMs
and DBNSs as special cases. Let us first consider the nature of cdiopueestimating and using a graphical
model. Consider an observed data ¥aenodelled by a graphical modéH i with hidden variablesM g
can be used to perform three tasks: (1) estimating the unknown distribusiomdst likely generatey, (2)
inferring the values of hidden variable i i from ), and (3) predicting unseen data. Computing (1) and
(2) emphasises data explanation while solving (3) concerns with data fiwadind synthesising. In this
context, scoring functions based on approximating the Bayesian Moliitia criterion [27] such as BIC
and Variational Bayesian (VB) choose a model that maximig@3.M ), the probability of observing/
given M or the marginal likelihood of the model. They thus enforce mainly task (1)., AfCthe other
hand, chooses the model that best predicts unseen data, therdfimisiog (3). CL-AIC utilises Completed
Likelihood (CL) in order to makes explicit the task (2), while following a datien procedure similar to

that of AlIC.

Completed Likelihood (CL) was originally derived for as a scoring funcfammmixture models [7, 6].
The model that best explains both the observed data and hidden vandbiesd from the observed data is
selected by CL as the optimal model. CL is thus a strongly explanation-oriestedg function. Here, we
first extend the definition of Completed Likelihood (CL) to a general caggagfhical models with hidden
variables. The complete data, denoted’agor such a model is a combination of the observed da)aafd
the values of the hidden variableg) ) = {Y, Z}, where Z is unknown, and must be inferred fropn

The completed log-likelihood @Y is:

CL(K) = log p(Y|IMk, O, ) +1og p(Z|1V, MK, Opy)

where@ .. are the true model parameters aiids the index of the candidate models. In practi@gq,
are replaced using the Maximum Likelihood (ML) estimégelK and the unknown values of the hidden

variablesZ is replaced byZ, the values inferred from the observed dataThe completed log-likelihood



is thus rewritten as:

CL(K) = log p(¥|Mi,0py) +log p(Z|V, Mic, Opay) (1)

CL-AIC aims to choose a model that best explains the the observed datastite minimal divergence
to the true model, therefore best predicting the unseen data as well. drgatice between a candidate
model and the true model is measured using the Kullback-Leibler informat#dn@ven a completed data
set), we assume thd is generated by the unknown true modetl, with model paramete ,(,. For any
given modelM g and the Maximum Likelihood Estima@eMK, the Kullback-Leibler divergence between

the two models is computed as

d(My, Mg)=F

log ( p(?‘MO’?MO) )] ) 2
p(y|MK’0MK)

Ranking the candidate models accordingtd1, M) is equivalent to ranking them according to

6(Mo, M) = E |~210g p(F M, O )|

d(Mo, M) cannot be computed directly since the unknown true model is requiredeowt was noted
by Akaike [1] that—2log p(V| Mk, ?)MK) can serve as a biased approximatior @k, M), and the
bias adjustment

E [5(/\40,/\41() + 21ng(j)|MK, éMK)]

converges t@C'x when the number of data sample approaches infinity. Our CL-AIC is thisedeas:
CL-AIC(K) = —log p(¥|Mx, 01 ) + Ckc. ©)

whereC is the dimensionality of the parameter space of madgl. The first term on the right hand side

of (3) is the completed likelihood given by Eqn. (1). We thus have:
CL_AIC(K) - = Ing(y‘MK, éMK) - 10gp(2%|y, Mk, éMK) + Ck (4)

The candidate model structure that has the minimal CL-AIC value will be chaséhe optimal structure.

By utilising an explanation-oriented scoring function (CL) and following &avd¢ion procedure sim-



ilar to that of a prediction-oriented scoring function (AIC), CL-AIC is abdeselect the model structure
that maximises both the probability of the observed data and the posteriabjitybof the inferred hid-
den/incomplete data simultaneously whilst having a minimum number of free pararfieteas simple as
possible). This formulation results in a number of important differences apedpo existing techniques:
(1) Unlike previous scoring functions, CL-AIC attempts to optinesgicitly the explanation and prediction
capabilities of a model. This makes CL-AIC theoretically attractive. The &ffress of CL-AIC in prac-
tice is demonstrated through experiments in the following sections. (2) Itdes $hown that Completed
Likelihood can be combined with BIC which leads to an Integrated Completeditdie (ICL) scoring
function [6]. However, the experiments reported in [6] indicated that incdse of mixture models, ICL
performs poorly when data belonging to different mixture componentseasrealy overlapped. We suggest
this is caused by the factor that ICL is a combination of two explanation-odestigring functions without
considering the prediction capability of the model. Since CL-AIC integratexplanation-oriented scoring
function with a prediction-oriented one, it is theoretically better justified thdn {@r experiments in the

following reinforce this observation.

As shown above, CL-AIC is derived based on a very intuitive principtt@an be formulated for a gen-
eral category of models, namely graphical models with hidden variablesnfle of these models include
both static statistical models such as GMMs, Naive Bayesian ClassifiergjgatiComponent Analysis
(PCA), and Independent Components Analysis (ICA), and dynamis smeh as HMMs and their variants,
and Kalman Filters. Since we are interested in Dynamic Bayesian NetworkdgDiBr video content

analysis in this paper, we formulate CL-AIC for two cases of DBNSs in theioig.

2.1 Determining the Number of Hidden Statesof aHM M

Let us now consider a specific problem of learning the structure of addiddiarkov Model (HMM). A
HMM has a fixed topology with one hidden variable and one observatiaablarat each time instance
(see Fig. 1(b)). The hidden variable is discrete in most applications. ffingtige learning problem for
a HMM thus refers to how to determine the number of hidden states that thenhiddable can assume.
Assuming that at each time instangehe discrete hidden variablg can have K different values (states),

the complete data for the model)s = {), Z} where Z is the true hidden variable values over different



time instances (i.e. the true hidden state sequence). The completed log-lieditas computed as:
CL(K) = log (prs, éK>p<S|éK>) +logp(S = Z|Y, k). (5)
s

whereS = {Si, ..., St} represents all the possible hidden state sequefitissthe length of the sequence,
6 are the ML (maximum likelihood) estimate of the model parameters of a HMM Hitfidden statesz

is the most probable state sequence (i.e. the hidden state sequencesaimairizest explains the observation
sequence) givef and). 6 can be computed using the forward-backward (Baum-Welch) algorithm [3

based on dynamic programming aficcan be obtained using the Viterbi algorithm [16]. We thus have:
CL-AIC(K) = —log (Z p(V|S, éK)p(syéK)> —logp(S = Z|Y,0k) + Ck. (6)
5

A detailed description on how to use the forward-backward procedhatehe Viterbi algorithm to efficiently
compute the first and second terms on the right hand side of Egn. (6)ecimuid at Rabiner’'s excellent

HMM tutorial [25]. The optimal number of hidden stat&sis then determined as:

K = arg m[}n CL-AIC(K) @)

Synthetic experiments were conducted to compare the effectivenessAfCWwith that of Bayesian
Information Criterion (BIC), Akaike’s Information Criterion (AIC), Integfed Completed Likelihood (ICL),
and Variational Bayesian (VB) on determining the number of hidden stageklbfM given data of different
sample sizes. One-dimensional data were first generated from a 3-8fale(ité. the hidden variable at

each time instance can assume 3 states) whose parameters are:

1/3 1/6 1/2 1/3 p=1,08 =05
A= 0 1/3 2/3|.7=|1/3|,B=¢ uy=3,03=05 ¢, (8)
/2 1/2 0 1/3 ps =5,03=0.5

where A is the transition matrixyr is the initial state probability and contains the parameters of the
emission density (Gaussians with the indicated means and variances). Timeitoler of free parameters
is 14 for this HMM. The data were then perturbed by uniformly distributedioamnoise with a range of

[—0.5 0.5]. HMMs with the number of hidden statds varying from 1 to 10 were evaluated. The five

different scoring functions were tested on the data sets with the samplg s&aging from 25 to 4000. To



avoid being trapped at local minima, the EM algorithmsed for estimating model parameters was randomly
initialised for 20 times and the solution that yielded the largest likelihood after Bfitias were chosen.
The results are shown in Fig. 2 using the mean ahdtandard deviation of the selected number of hidden

states over 50 trials, with each trial having a different random numbessee
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Figure 2: Synthetic data experiment results for determining the number ddrhistdtes of a HMM using
different scoring functions. (a) Selected number of hidden states (erehh1 standard deviation over 50
trials); (b) Mean of the selected number of hidden states (The true nurhbigiden states is 3).

Fig. 2(b) shows the mean of the number of states estimated by differemgdonctions over 50

trials in a single plot. It can be seen that when the sample sizes were smalleadlctiving functions

2A modified EM algorithm was used for computing the Variational Bayesia®) @¢oring function [5].
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Figure 3: Examples of choosing optimal number of hidden states usingediffscoring functions. The

value of 5 different scoring functions are plotted against the numbeddeh states. The global minimals
on the plots correspond to the selected numbers of hidden states. lotf@AlC and CL-AIC chose the

correct hidden state number 3 while the other three select 2 given a datb2&® samples. In (b) all 5

scoring functions selected the correct number given a data set ofshb@@les.

tended to favour under-fitted models (i.e. underestimate the number of stategAIC and CL-AIC clearly
outperforming BIC, ICL and VB. As the sample sizes increased, the nuofidédden states determined
using all scoring functions converged to the true nunthe6Given densely sampled data sefs ¢ 400),
our results show that both AIC, BIC and VB tended to slightly over-fit white hnd CL-AIC yielded more
accurate estimation of the number of hidden states. Fig. 2(a) shows thiéoveriaf the structure learning
results across different trials which indicate the sensitivity of differentiag function to the distribution
of data and more importantly the presence of noise. It can be seen frorA(&)ghat both AIC and VB
exhibited large variations in the estimated number of states no matter what the sarepleas, while
other scoring functions had smaller variations given larger sample siags.3 Bhows two examples of
determining the optimal number of hidden states using different scoringidasc The value of different
scoring functions is plotted against the number of hidden states in the cendiddels. It can be seen that
the scoring function value plots of AIC and VB have more local minimals andeasediscriminative for
different candidate model structures than the other three. This partialgieg why the structure learning
results for AIC and VB exhibited larger variations across different trig@dwerall, the results show that

CL-AIC has the best performance among the five scoring functions #aabwpared.

It can be seen from Fig. 2 and 3 that different scoring function perfdifferently as the sample size
increases. In particular, Fig. 2(b) shows that when the data set isesgr five scoring functions tend
to underfit the model. In the experiment presented in Fig. 2 and 3, the digiritaf the observed data

follows three Gaussians (see Eqn. (8)) and each hidden state wilsporré to one Gaussian when both



the model structure and model parameters are learned accurately. Véhgamiple size is small with the
presence of noise, some of the three Gaussians may not be well sdpippittee data. This explains the
underfitting tendency of the five scoring functions. Both Fig. 2(b) and B{g) also show that given a
sparsely sampled data set, CL-AIC and AIC outperform the other thtéeeasy to understand why CL-
AIC is less underfitting than ICL in this case. A comparison of the two shovidltes only differ in their
penalty terms in formulation. In particular, CL-AIC has a weaker penalty tdrergfore always favouring
more complicated model compared to ICL. For exact the same reason, Al€sisgnderfitting than BIC
in Fig. 2(b) and Fig. 3(a) given sparse data. Both Fig. 2(b) and F&).&60 suggest that the hidden data
likelihood terms in CL-AIC and ICL played an insignificant role when the sizhe data set is small. This

is reflected by the fact that CL-AIC and AIC behaved very similarly gisparse data, so did ICL and BIC.

When the data set is densely populated, the three Gaussians are allppelited by the data samples.
Therefore all scoring functions have a much easier task to estimate the moftidden states. How-
ever, with the randomly distributed noise, the distribution of the data containeakcim original Gaussian
can become non-Gaussian. We know that a non-Gaussian distributidre @gproximated using multiple
Gaussians, which will then result in more than three hidden states in the estimadied structure. This
explains why the models selected by VB, BIC, and AIC are slightly overfitislertheless, Fig. 2 shows
that CL-AIC and ICL do not suffer from the same problem. This is beedas both of them, complete
likelihood is part of the scoring function, which means that an estimated modeélexpiain explicitly the
hidden state sequence as well. The temporal order of the hidden statesrtbapond to the noise-caused
extra Gaussians cannot be well explained by the data. For instance, @dwssians are now used to ap-
proximate an original single Gaussian, the temporal order of these twosi@asswill be random. This
results in low likelihood of the hidden data. In other words, a model that is cwrglicated than the true
one would be penalised by both the penalty term and the term correspdodi®likelihood of the hidden
data in CL-AIC and ICL. Therefore, both ICL and CL-AIC give morearate estimates when sample size

is large given noisy data compared to the other three scoring functions.

Both Fig. 2 and Fig. 3 show that VB is sensitive to initialisation even with densetpted data (see
the error bar in Fig. 2(a) and the local minima on the plots corresponding tm V). 3). Note that the
key difference between computing VB and the other four scoring furetieithat the former is based a
modified EM algorithm and the latter use standard EM algorithm [5]. The modifi¢@lgorithm involves
computing a distribution over the model parameters rather than a point estintlaéeroin the M-step. This

makes VB even more sensitive to initialisation than the other four. Consequanttiythe plots in Fig. 3(a)

10



and (b) that correspond to VB are less smooth with more local minima than ths.othe

2.2 Determining the Topology of aDML-HMM

We now consider the problem of determining the unknown topology of a Dijcwly Multi-Linked HMM
(DML-HMM) [19] from data using CL-AIC as the scoring function. DMHMMs were first proposed in
[19] to overcome a limitation of HMMs in modelling complex dynamic processesattiqular, a HMM re-
quires a large number of parameters to describe if it is to model multiple tempocaigses simultaneously.
This implies that a single hidden state variable and a single observation varalite represent implicitly
multiple sources of variations at any given time instance. Unless the trainiagelais very large and rel-
atively ‘clean’, poor model learning is expected. To address this pmblarious topological extensions
to the standard HMMs can be considered to factorise explicitly the obsenai/'or state space by intro-
ducing multiple hidden state variables and multiple observation variables forlimgd#fferent temporal
processes explicitly and simultaneously. Instead of being fully connestigrtlae case of a Coupled HMM
(CHMM) [13] or being without any inter-links between different tempgredcesses as in the case of a Par-
allel HMM (PaHMM) [32], a DML-HMM aims toonly connect a subset of relevant hidden state variables
across multiple temporal processes. This is in order to learn the optimali$ation of the state space and
more importantly to be less sensitive to data noise. Instead of being fixed as¢aghs of CHMMs and
PaHMMs, the structure of a DML-HMM is learned from data. Given a dataisis assumed that at each
time instance the temporal process responsible for each data sample is &ndwime number of hidden
states for each hidden variable is also known. The unknown structueeleained is thus the topology of

the graph, i.e. the links among different hidden nodes within two consedirie instances.

To learn the optimal topology of a DML-HMM, CL-AIC is computed for eacindalate topology using
Eqn. (6) where the subscripf becomes the index of different topologies. The first and second terms on
the right hand side of Egn. (6) can be computed using an extendedtbbaakward algorithm for a DML-
HMM. A detailed description of the algorithm can be found in the appendix isfghper. Note that the
total number of candidate topologiés,,... is exponential in the number of temporal procesdes Each
candidate topology can be represented usinhg & /V; inter-connection matrix whose elements have value
if there is a directed link between the two corresponding hidden nodes withiodmsecutive time instances

and0 otherwise.

Synthetic experiments were carried out to examine the effectiveness-éClin comparison with

11
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Figure 4. Synthetic data experiment results for determining the topology ®fiaBMM using different
scoring functions. In (a) & (b), the true number of links is 5. In (c) &,(dnaller Hamming distances
indicate more accurate structure learning.

that of Bayesian Information Criterion (BIC), Akaike’s Information Criter (AIC), Integrated Completed
Likelihood (ICL) on determining the topology of a DML-HMM given data of feifent sample sized

Data sets were randomly generated using a DML-HMM with three temporaépses whose topology is
1 01

shown in Fig. 1(c). The model inter-connection matrix is tiug 1 (¢ |. Both the observation and

01 1
hidden variables are discrete with three possible values. The total nufrfbee parameters of the model is

therefore 66. The model parameters were set randomly. One fourte ob#ervational data were replaced

by random numbers to synthesise noise contained in the observation. HMMSs with K,,,, = 64

Svariational Bayesian (VB) was not evaluated here because implemeviirigr a dynamic graphical model with multiple
temporal processes such as a DML-HMM is not trivial and beyonddbpesof this paper.
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different topologies were evaluated by four different scoring fumgtiosing data sets with sample siZe
varying from 25 to 4000. The performance of different scoring fioms was measured by looking at both
the number of links connecting hidden nodes within two consecutive time irstgtie true number is 5)
and the hamming distance between the estimated inter-connection matrices ane theet(the distance
is zero if the structure is estimated correctly). The former measures moagledaty while the latter
measures the accuracy of the learned structure. The experimenttd veste obtained over 50 trials, and

are shown in Fig. 4.

It can be seen from Fig. 4 that given sparse and noisy data the optimalsremlected using all four
different scoring functions tended to underfit with ICL and CL-AIC arfprming the other two. As the
sample sizes increased, the optimal number of links among hidden nodetedddgcCL-AIC and ICL
converged towards the true number 5, while those selected by BIC ancohl@rged to 4, (i.e. underfitting).
In the meantime, the hamming distance obtained using different scoring funcemeased, with that

obtained using CL-AIC being the smallest.

Our experiment shows that all four scoring functions are sensitive tolisitien of the model parame-
ters (see the large standard deviations depicted in Fig. 4 (a) & (c)). Timere@son for this shortcoming is
that the EM algorithm used for learning model parameters and estimating thedid@librms in different
scoring functions is sensitive to initialisation. This is well reported in the liteeatéithough we have taken
measures to avoid this problem by randomly initialising the EM algorithm and elebsslution that yields
the highest likelihood, the problem is not totally eliminated. This suggests tblatsearing function has a
tendency to form a complicated surface with a large number of local minima véfece to the candidate

model topologies. To solve this problem, more sophisticated method needglbieskdeveloped.

Apart from this common limitation, the results also show that BIC and AIC tend detit the model
whist CL-AIC and ICL do not suffer from that problem given suffitiglata. There is an intuitive explana-
tion for this. Essentially for both BIC and AIC, the likelihood of the obserdath would not benefit directly
from having interlinks between different time processes. In the meantimpetiaty terms in their formu-
lation would increase exponentially with the increase of the number of interlibkstherefore natural to
observe that underfitted models are preferred by BIC and AIC ewam giufficient data. As for CL-AIC
and ICL, they do not have the same problem because the likelihood of #recidithidden state sequence
is included in their formulation. Having multiple interlinks, especially those coaes, helps greatly in
explaining away the temporal occurrence of different states and tneriefads to higher likelihood of the

hidden data.
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3 Survelllance Video Segmentation

HMMs have been widely used for automatic segmentation of sequential/tims-datéesuch as speech [14],
DNA sequences [10], and video [8, 12, 33]. Here we propose tdHlskl for content based surveillance
video segmentation, i.e. to segment a continuous surveillance video baaetilviies captured in the video.
Note that since there is only one video shot in a continuous surveillance, ¥ideconventional shot-change
detection based segmentation approach [2] cannot be adopted. Wenhloged a video content trajectory
based method. Specifically,ladimensional feature vector is first extracted from each image frame. The
video content is thus represented a video trajectory infthikmensional feature space. This feature vector
is then represented as the observational input of a HMM at each time iasféine conditional probability
distributions (CPDs) of each observation variable are Gaussian foroédice K states of its parent hidden
variable. The video content is then monitored using the discrete hiddeblesria the model. The changes
of video content can thus be detected as the changes of hidden statbscan@spond to breakpoints on
a video trajectory (N detected change points/breakpoints result in N+b gelgments for a continuous
video). Using a left-to-right HMM model [25], the number of hidden statesld correspond to the number

of video segments which can be automatically determined using CL-AIC.

3.1 Adctivity-based Video Content Representation

aircraftAmival  airbridgeConnection

aircraftDeparture  airbridgeDisconnection

frontalCateringService

Figure 5: An example structure of a complete aircraft docking video. d¢deptative frames of different
activities occurred in the scene are also shown.

For clarity and concreteness, we shall illustrate our approach usiagikamce videos monitoring air-
craft docking operations at an airport. The total number of activities ggiece in the aircraft docking area
was decided as 15 by airport ground control officers. A trainedrgitaontrol officer in the control room

is required to monitor these 15 activities via both video inputs from multiple camaechaudio communi-
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cations with various staff members on the ground. However, this does not thailgll of the 15 activities
to be monitored by ground control officers are identifiable when CCTVovideghe only input. It turns
out that, when watching video for identifying these 15 activities on the list, ofabiem are completely or
partially blocked by the aircraft and the air bridge (e.g crew bus pickingraw, engineers doing service
check) and only 6 activities on the list are visually detectable. This is be¢haslata were captured using
a single camera from the frontal view. Obviously if more cameras were yegphko cover different angles,
the number of detectable activities will increase. But it is still unlikely that akhdfvities will be visually
detectable due to the limit of the cameras one can possibly install in reality antthallkmg distance from

the camera to the objects of interest resulting in low image resolution.

Figure 5 shows an example activity based structure of a complete airoind operation. One ac-
tivity can be followed by either another activity immediately or a period of indgtivhen no meaningful
visual changes can be detected. The durations of activities and inagi@pty vary hugely during a sin-
gle aircraft docking operation and across different operations.reTaee also variations in the temporal
order of activities and inactivity gaps. For example, the temporal order oht al Car goSer vi ce and
front al Cat eri ngSer vi ce appearsto be arbitrary. Itis noted that some activities suah@a€r af t Arri val
involve the movement of a single object while other activities suchirasnt al Car goSer vi ce and
frontal Cateri ngServi ce consist of the movement of multiple objects which may leave and re-
appear in the scene. For the latter case, there often exist a numberrbinsiotivity break-ups within
an activity which are different from a long inactivity gap between two @@ only by their durations. All

these characteristics make analysis of surveillance video content \atgrafing.

We consider an activity based video content representation [36]. Naéseats are detected and clas-
sified automatically in the scene. The semantics of video content are catsiddre best encoded in the
occurrence of such events and the temporal correlations among thetly, Birsadaptive Gaussian mixture
background model [31] is adopted to detect foreground pixels whiemadelled using Pixel Change His-
tory (PCH) [36]. Secondly, the foreground pixels in vicinity are gralipgo a blob using the connected
component method. Each blob with its average PCH value greater than koldresthen defined as an

event. A detected event is represented as a 7-dimensional feature vecto

V= [j)g7w7ha Rf7Mpx)Mpy] (9)

where(z, ) is the centroid of the blobjw, h) is the blob dimensionk; is the filling ratio of foreground
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pixels within the bounding box associated with the blob, @iz, M, y) are a pair of first order moments

of the blob represented by PCH. Among these featuies;) are location featureguw, h) and Ry are

principally shape features but also contain some indirect motion informatii(,\d,,z, M,y) are motion

features capturing the direction of object motion. Classification is then peetbin the 7D event feature

space over a collection of training videos using a Gaussian Mixture M@&MM). The number of event

classes captured in videos is determined using CL-AIC (see [34] foothmufation of CL-AIC for GMMs).

For the aircraft docking scene videos, 8 classes of events were digaltyaletected. It is worth mentioning

that different events occur simultaneously and such an event detectramsm makes mistakes. Mis-

detection and wrong labelling can be caused by discontinuous movemetibaadess of different objects.

An example of event detection and classification is shown in Figure 6.

O class1
+ class 2
* class 3

class 4
O class5
class 6
class 7
class 8

oo

0 50 100 150 200 250 300

class 1
class 2
class 3
class 4
O class5
class 6
class 7
class 8

4000

2000

FrameNo

Figure 6: Event detection and classification in an aircraft docking seigle®. Eight classes of events
are detected automatically, each of which corresponds to different movepa¢terns in the image
frame. For example, event class 7 corresponds to the movements of tredtaifEvent classes 4, 5,
and 6 correspond to the movements of objects involved in activitresnt al Car goSer vi ce and
frontal Cat eri ngService. (a) Events are detected and classified into different classes which are
highlighted using bounding boxes in different colours. The spatial amgdeal distribution of events of
different classes are illustrated in (b) and (c) respectively, with celstiaf different classes of events de-

picted using different colours.

Classified events can be considered as ‘snapshots’ of activities edptua scene. To hide the image

feature information and focus on the semantic video content, a scene igectmstructed for each image
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frame of a video. A scene vectsy; for a video frame is defined as:

1 k K
SV = Sy, ey Spyoeny St (10)

where K is the number of event classes automatically determined using CL-AIC. The whs} is the
number of events of the* event class detected in the frameA scene vector gives a description of ‘what

is happening’ in the scene through the class labels of the detected evénthuk a concise representation
of the video content at the semantic level (see Figure 7 for an examplejevdq directly using this scene
vector to detect video content changes can cause problems for vigieesetion. Specifically, the value

of a scene vectasv; can becomd (i.e. absent of any event at a given frame) frequently throughout the
video sequence (see Figure 7). This can be caused by either ftdmueshort inactivity break-ups within
activities or long inactivities between activities. Each ‘coming to zero’ is ¢l as a dramatic change in
the value ofsv; due to the discrete nature gf. Those changes that correspond to real changes of video
content can thus easily be overwhelmed by changes caused by theiipdotak-ups within activities,

which makes temporal segmentation of the video difficult.

T T T T T T T T

Scene Vector
RPN WDMNOON OO
T

Il Il Il Il Il Il
1000 2000 3000 4000 5000 6000 7000 8000
Frame Number

o

Figure 7. The example video shown in Figure 6 is represented by scetw@s/evolving over time. We
have K = 8 for this video. s} is depicted by a dot in colour whesf > 0. There are frequent but
short inactivity break-ups within activities (see between frame 1 and f218@) and a long inactivity gaps
between activities (between frame 3000 and frame 6000).

To overcome this problem, let us now consider representing the videontarsimg a cumulative scene
vector computed at frameusingsv, from framel to the framet. More specifically, thé:** element of the

cumulative scene vector (denoteds&s) is computed as:

F=3 s (12)

=1

The value of each element 8%, becomes continuous and will increase monotonically with time (see Fig-

ure 8). Compared to the scene vector representatigr{see Figure 7), the short inactivity break-ups at
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individual frames have little impact on the values of the cumulative scenenaaitved over time. It thus

becomes easier to detect breakpoints that correspond to significagieshia video content.

08

02 T

I

=

L L L L L L L L
1000 2000 3000 4000 5000 6000 7000 8000
Frame Number

Figure 8: The 8 elements e¥; over time for the example video shown in Figure 6. Each elemes ois
normalised to have a value range[of1].

3.2 Determining the Number of Video Segments

Now each image frame of the aircraft docking scene videos is represente8-dimensional feature vector
which is then utilised as observational input for an HMM for temporal segatien. The problem to be
solved here is to automatically determife the number of hidden states which corresponds to the number

of video segments.

Our data set consists of 7 aircraft docking scene videos captureglaifixed CCTV analogue camera.
After digitalisation, the final video sequences have a frame rate of 2H#e tHat it is not uncommon to
have such an extremely low frame rate for CCTV surveillance videos, whadtes the video segmentation
problem even more challenging. Each image frame has a size afZtpixels. The 7 video sequences of
aircraft docking lasted from 6470 to 17262 frames per sequencen@re0 to 140 minutes of recording),
giving in total 72776 frames (10 hours) of video data that cover diftetenes of different days under
changing lighting conditions, from early morning, midday to late afternoorey®re referred as video 1
to video 7 respectively. The 7 videos were first manually segmented intdtiastio give the ground truth
of the breakpoints for segmentation, resulting in a total of 64 breakpoidt3 Asegments. The lengths of

these video segments were within the range of 127 to 3210 frames.

The performance of different score functions are compared by Igakithe number of detected break-
points, the number of true positives, false positives, and false negafiVee results are shown in Table 1

and Fig. 9. Given the true number of breakpoints 64, it can be seeribha 1 that both BIC, ICL, and VB
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(a) Different activities captured in video 2
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Figure 9: Determining the number of video segments for an aircraft dosikileg (video 2 of the 7 videos)
using a HMM with different score functions. (a) Representative fraofedifferent activities captured
video 2. These activities were (from left to rightxi rcraft Arrival, ai rbri dgeConnecti on,
frontal CargoServi ce, frontal CateringService, airbridgeD sconnection, and
ai rcraf t Depart ur e. (b) Ground truth obtained by manually segmenting the video. (c)-(e) sggme
tion results using different scoring functions with the detected breakpsiiman on the video trajectory.
Note that in (b)-(e) the video trajectories are shown in a 3D PCA spacesairipinal 8D video content
feature space just for the illustration purpose (the computation was dore @gniginal 8D feature space).

BIC | AIC | ICL | CL-AIC | VB
# Det. B. points | 49 | 73 | 45 62 52
# True Positives | 39 | 52 | 37 54 40
# False Positives| 10 | 21 8 8 12
# False Negatives 15 | 12 | 17 10 14

Table 1: Comparing different scoring functions for video segmentatidre tfue number of breakpoints
was 64.
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underestimated the number of segments while AIC overestimated the segmemrnimiine meantime,
the number of segments estimated using CL-AIC was the closest to the true mubmbthe accuracy of
breakpoint detection, Table 1 shows that CL-AIC yielded the highespws#ive number and lowest false
positive and false negative numbers. In the meantime, both BIC, ICL, &glave low false positive num-
ber but low true positive number as well. As for AIC, high true positive nenvias obtained at the price of

high false positive number.

4 Discovering Causal Relationshipsin Group Activity Modelling

A group activity involves multiple objects co-existing and interacting in a shemetmon space. Examples
of group activities include ‘people playing football’ and ‘shoppers &ivag out at a supermarket’. Group
Activity modelling is concerned with not only modelling actions executed by iffeobjects in isolation,
but also the interactions and causal/temporal relationships among these.aét@wpting a DML-HMM
based activity modelling approach [19], we consider that a group actsvitgmposed of different classes
of dynamically linked visual events representing significant changes iimi&ge over time caused by dif-
ferent objects in the scene. An event is represented by a multi-dimenfsahale vector and automatically
detected and classified into different event classes (see Section 8¢tdds). The detected events are then
taken as the observational input to a DML-HMM so that learning caushtemporal relationships among
different classes of events can be achieved by learning the optimaluserwd the DML-HMM for mod-
elling the dynamics of the detected events and the interactions among them.gdcifecally, each temporal
process of the DML-HMM is used to model the dynamics of one class otewernl those links among dif-
ferent processes capture the causal/temporal relationships of diiffdaieses of events. A inter-link between
two temporal processes therefore indicate the existence of causalityelpetivestwo corresponding classes

of events.

Experiments were carried out to compare the performance of diffezerihg functions for learning the
structure of a DML-HMM and therefore the causal relationships amorigrdiit classes of visual events.
A simulated ‘shopping scenario’ was captured on a 20 minutes video. Somoaltgpenes can be seen in
Fig. 10(a). The scene consists of a shopkeeper sitting behind a table dghhside of the view. Drink
cans were laid out on a display table. Shoppers entered from the |eithed browsed without paying or
took a can and paid for it. The data used for this experiment were samgdthates per second with total

number of 5699 frames of images siz x 240 pixels.
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In the 20 minutes video, a total of 4634 events were automatically detectedaasdied into 5 event
classes. By observation, the 5 classes of events corresponds tocbrigituents of the shopping activ-
ity. They were labelled asanTaken, ent eri ng/ | eavi ng, shopkeeper, br owsi ng andpayi ng
respectively (see Fig. 10(a)). It was noted that different clasEesamts occurred simultaneously. It is
also true that our event recognition model made errors. Some of thes evese caused by the occlu-
sion, closeness and visual similarity among different events. Some otlkeesdwe to the factor that the
causal/temporal relationships among events were not considered ategheflevent detection. For exam-
ple, when a shopper stands in front of the shopkeeper, it is impossibléwdhether he/she is going to pay
unless one takes into consideration whether any drink can was taken a tegoerThe event classifier
is therefore expected to make such errors without taking into accountrtipotal and causal correlations

among different classes of events. Such causal/temporal relationship®éelled using a DML-HMM.

(a) Examples of detected and classified events in a shoppéamg sc
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Figure 10: Discovering causal relationships among visual events inppstgoscene. In (a), events belong-
ing to 5 event classasanTaken, ent eri ng/ | eavi ng, shopkeeper, br owsi ng andpayi ng are
indicated with bounding boxes in magenta, red, blue, green and cyaectiesty. (b)-(d): topologies of
DML-HMMs learned using different scoring functions. (e): The esxtpe causal and temporal structure of
the shopping activity.

There are 5 temporal processes in this DML-HMM, each corresportdiroge class of events. We
also consider two states for each hidden state variable, i.e. a binaryleavatching between the status of

Tr ue andFal se which correspond to whether or not an event of a certain class is tregept in each
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frame. Each observation variable is continuous and given by a 7D éeatator representing a detected
event (see Eqn. (9)). Their distributions are mixtures of Gaussian vdgiecet to the states of their discrete
parent nodes. For model learning, the distributions of the detected deamed using GMMs are used
to initialise the distributions of the observation vectors. The priors and tramsiti@trices of states are
initialised randomly. The number of candidate topologies for a 5-temporakpsdML-HMM is too large

to be searched exhaustively. The Structural EM algorithm [17] wasatiapted to search for the optimal

structure more efficiently using different scoring functions.

The discovered causal/temporal relationships among different clabseeris are embodied in the
learned topologies of the DML-HMMSs. For instance, a link pointing fromdh@Taken process towards
the payi ng process indicates the causality between these two classes of events. r&bmijth the ex-
pected structure of the shopping activity as shown in Fig. 10(e), it caede that the causal relationships
among different classes of events and the temporal structure of théyaatére discovered correctly by
CL-AIC (Fig. 10(b)). In comparison, a over-complicated DML-HMM topgjowas selected using AIC
(Fig. 10(d)) while both BIC and ICL underestimated the number of inter-lark®ng different temporal

processes (Fig. 10(c)), resulting in over-simplified causal relatioagripng different classes of events.

Note that in Section 3 and Section 4 the proposed scoring function is emplpeldiress very differ-
ent vision problems. In Section 3, the objective is to temporally segment a goasirsurveillance video
according to the activities taking place in the scene. As explained earligruthber of activities that are
visually identifiable and can be segmented from a video is determined by thre nathe camera view and
the image resolution (i.e. the distance from the camera to the objects of intereé&trtion 4, the objective
is to discover the causal relationship among the detected events. Obviod#fgriént number of events
were detected (e.g. using different features), the set of caustibnslaips will be different as well. But
what we are interested in is, fargiven set of events (from whichever a representation has been chosen),
whether the correct causal relationship can be recovered usingediffgraphical model structure scoring
functions. So the point here is not about what is the optimal number ofsssae should detect. It is about

whether the causal relationship among the actually detected events camied learrectly.

5 Discussion and Conclusion

Our experimental results show that the performance of CL-AIC on leguthia structure of a dynamic

graphical model with hidden variables is superior to that of existing poglitarnatives including BIC,
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AIC, ICL, and VB. This is especially true when the given data set is naislysparse. Similar results were
reported in the case of static graphical models in [34]. However, it is stiageto note the difference in
the definitions of ‘data sparseness’ in the context of DBNs and in thaat€ snodels such as GMMs. The
sparseness of a data set is normally measured in comparison to the nurfrieergrameters of a model.
The experiments reported in [34] show that a sample size smaller than 5 times pdrdimeter number
should be considered as sparse while our experiments on HMMs andHMNs show that a sample size

smaller than 20 times of the number of parameters would qualify for beinges(sas Fig. 2 and Fig. 4).

It is worth pointing out that our CL-AIC and the other four scoring funeticevaluated in this paper
can be classified into two categories based on the underlying principleieditilen. Both AIC and CL-AIC
are derived based on information coding theory. Our experimentdtsesiggest that the extra term in
the formation of CL-AIC compared to AIC (the second term on the right rsade of Eqn. (4)) is able to
rectify the overfitting tendency of AIC given densely distributed data. dedgfiit from AIC and CL-AIC,
both BIC, ICL, and VB are derived as approximations to Bayesian M8dkction (BMS) [27] which aims
to select a model that maximise the marginal likelihood for a data set given thel.n@@ampared to BIC,
the approximation made in the derivation of VB is less drastic therefore moueageaesulting in better
structure learning. However, it also pays the price for losing generdliy ean only be applied to discrete
graphical models whilst the other four can also be implemented for continumsssauch as PCA, ICA,

Kalman Filters, and continuous HMMs.

It is also interesting to compare our CL-AIC with an recently proposed tstreidearning algorithm
based on an entropic prior and parameter extinction [11]. The methocbasabplied to HMM for activity
modelling [12]. However, despite being called a structure learning algoritimessentially a parameter
learning algorithm aiming to learn the optimal hidden state transition probabilitieshvene part of the
model parameters rather than model structure. With the addition of state trimmisgyassible for the
method to learn the optimal number of hidden states for a HMM. Neverthelegiated out in [11],
the algorithm tend to keep superfluous gating states in the learned strulttthherefore not suitable for
determining the state number for a HMM. Moreover, it cannot be appliednianre general dynamical

graphical models such as DML-HMMs.

It is critical to distinguish the “expected model” (the model learned from daid)the true underlying
model when studying a real-world model selection problem. In particularnmmst note that an expected
model and the real (unknown) model underpinning the original datacdreecessary the same. We consider

that one of the main causes of this discrepancy is that when solving a odal-gdata-modelling problem,
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for computational tractability, one must first perform feature extractiah data pre-processing before a
model can be built. However, if those features extracted are not a gpoglsentative of the original data,
the estimated model, even if it corresponds well to the feature representiatioat a good model for
explaining the original data. To make sure that a model does indeed captumately the underlying nature
of the original data, the choice of feature selection and representationdiglc We have done exactly
that in the two real-data experiments presented in this paper. Specificalljistrete event based video
trajectory representation for the video content analysis has been shd&more informative and robust to
noise compared to conventional representations in our previous W8fkW& have also demonstrated that
the event based activity representation is superior to other commonly eexdentations in revealing the
causal/temporal relationships in [19]. We therefore argue with strong qaiifin that for the experiments
carried out in this work, the “expected” model does go some way to explaiirdle underlying nature of

the original problem rather than merely a good explanation of the wantelisres

In conclusion, we have proposed a novel scoring function, CL-AlGCselecting the optimal structure
of DBNs. The effectiveness of CL-AIC has been demonstrated omngptlee challenging problem of video
content analysis. In particular, it is evident from our results that CC-Bslsuperior to the commonly used
scoring functions including BIC, AIC, ICL, and VB, especially give sgaand noisy visual data. It is worth
pointing out that either model parameter estimation or computing the posterizaiplites will become
computational intractable for learning the structure of a large DBN. Toesddhis problem, approximation
methods such as stochastic simulation [22] or variational approximationsgeg] to be adopted. Our
ongoing work includes further investigation on how the performance @drdifit scoring functions will be

affected by the use of approximation methods.

Appendix

Computing CL-AIC for aDML-HMM

CL-AIC for a DML-HMM is formulated as the following:

CL-AIC(K) = —log (Z p(YV|S, éK)p(5|éK)> —logp(S = Z|Y,0x) + Ck. (12)
S

To compute the first and second terms on the right hand side of the abosBosg the ML (maximum

likelihood) estimation of the model paramete@sg has to be obtained first. This is achieved through an
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extended dynamic programming algorithm similar to the forward-backwarditdgofor a standard HMM.

Let us consider a DML-HMM withC' temporal processes and one hidden variable and one observation
variable respectively for each temporal process at each time instaedbughaveV, = N, = C whereN;,
andN, are the number of hidden state variables and observation variable$dire@instance respectively.

It is assumed that all the hidden state variables are discrete and all theatiogevariables are continuous
whose probability density functions are Gaussian with respect to eacho$tdteir parent hidden state

variables. The parameter space thus consists of the following components:

1. The initial state distributiomr = {m,)} wherem;., = P (S%C) = qm), 1 < i© < N© and

1<e<C.

2. The state transition probability distributich = {apa(j@)j(c)} where
Apy ()i = P (St(i)l = gj0|Pa <S§i)1> = qpa(j(c))), Pa (St(fr)l) are the hidden variables at

time ¢ on which St(fl is conditionally dependent?a (j(c)) are subscripts of those discrete values

that Pa (Sf%) can assume, < j(© < N@ andl <c < C.

3. The observation probability distributid® = {bi(c) (y,f”)} where
b(c) ( t(c)> =N (yt‘c); ui@),Ui(c)), 1) andU, () are the mean vector and covaria nce matrix of

the normal (Gaussian) distribution with respecsf6 = q,.,, 1 < i(© < N andl < ¢ < C.

Given an observation sequen¥eand a model structur®, we need to determine the model parameters
0(A) = {A,B, 7} that maximise the probability of the observation sequence given the modetus&u
P(Y|A,60(N)). There is no analytical solution to determine the optimal parameters given afisievation
sequence. However, the parameters can be estimated iteratively usamgidyrogramming. Let us first

define the following variables:

e The forward variable
a, (i, ..., i@) = P (yl,yQ, VSV =gy, S = gy A 9(,\)), i.e., the probability of

the partial observation sequence until titrend states foSlfl), ey SISC), given the modeA and@(\):

HCC:1 i) b0 (yt(c)> ift=1

(1) (C)) =
at (Z o ) [, ((Zj(1>,...,j<c) a1 (51, ..., 5() aPa(z’<C>)z'<°)) bice (yt(C)» fl<is<T

e The backward variable
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B (i, ..., @) = P (yt, V0, S = g, 89 = oy A 9(A)), i.e., the probability of the
partial observation sequence fram- 1 to T, given the states fois’t(l), ey St(c) and the model and

O(N):

Y C ) I =T
25 ©) <H5:1 (aPa(j(C))j(C)bj(C) (yt(c)» Ber1 (Y, -~-7j(c))) if1<t<T
é.t (Z(l), ,’L(C)’j(l), ,](C)) = P (Sél) = qi(l)’ ceey St(c) = qi(c)’ St(i)l = qj(l)’ ceey St(fl) = q](c) ’A, G(A)),
i.e., the probability of being at certain states at tir@nd¢ + 1, given the model and observation se-

quence:

BtJrl (](1)7 7](0)) ngl (677 (Z(l)v ey Z.(C))apa(j(c))j(c) bj(c) (yt(j-)l)
PYIA,0(N))

ft (Z(l)val(0)7j(1)77j(0)) =

whereP (Y|, (X)) can be computed using the forward and backward variables:

PN 6N = Y at(i(l),...,i(c))ﬂt(i(l),...,i(C)> (13)

i(1),...,i(C)

v (10, ...,i©)) = P (Sgl) = ¢, S = qi<c)|y,>\,0(>\)), i.e., the probability of being at

certain states at time given the model and observation sequence:

o (i, ., i) B, (1D, ..., i)

14
Zi(1>7,,,7i(c) Qi (Z(l)a ceey Z(C))ﬂt (Z(l)a ceey Z(C)) ( )

t (i(l), ...,z'(@)

Denote the current parameter estimate®@s) = {A, B, '}, the re-estimated parameté@?é\) =

{A,B, 7} can be computed using the following re-estimation formula: Denote the cyraeameter esti-

mates a®)(\) = {A,B,r}, the re-estimated parameté6\) = {A, B, 7} can be computed using the

following re-estimation formula:

Tie) = Z Y1 (i(l), ...,i(c)) (15)

i) .. i(e=1) jlet1) | 4(O)
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T-1 | .’j(c—l)’j(c+1)7,,,,j(c),z’(‘3/)7éPa(j(C))gt (1M, ..., 5D 5©)) )
Apg(j()j) = T . .
( ) Zt:l Zi(c/)7£Pa(j(C)) Yt (1(1)’ vy Z(C))
_ ZtT:1 (Zi(l),,,,,i<c—1)7i<c+1> ..... i(©) ’Yt Z(C)) Y (© a7
Hi(ey = —
—11 Zz’(l) ile=1) j(e+1)  5(C) Yt ( ), --J(C))
T

_ i (Zi(l),‘..,i(cfl)7i(6+1)7,,,7i(0) ve (i, .__724(0))> (yt( - Mm) (yt( ) — MZ«C))
Ui = (18)

T
Zt:l Zi(l),...,

e itern o) Ve (10, ., 8(9D)

If we iteratively used(\) to replaced(\) and repeat the re-estimation calculation until some limiting point

is reached, the final result is a maximum likelihood estimate of paranttajs

Now given the learned parameteﬁr(sx), the first term on the right hand side of Eqn. (12) can be com-

puted using Eqn. (13). The remaining problem is to compute the second teai wvolves the estimation

of the most probable hidden state sequence. We formulate an extenddad &ig@rithm to infer the se-

guence given the observation and learned parameters. Let us fin& the following variables:

® 5t (2(1), ceey
where{s¢} = {S, ...,

i9) = maxqsp,. gse_,) P ({Sic)}, A8 S = gy s S = i, Vi VA, O(A))

IS (i1, ...,i(©) is the highest probability of the partial observation

sequence until timeé and a sequences of hidden states from tinte time ¢, given the modeA and

O(N).

o ¢ (i,...,i(), which is an array used to store the best state sequence. The best $iidtds at

time ¢ for the C' hidden state variables are denoted 85\ }.

The extended Viterbi algorithm has the following steps:

1.

Initialisation:

5 (i(l),

1 (i(l),...,

c

A9) = [Tmebo (¥)

c=1

z‘(0>> - 0
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2. Recursion:

Oy (i(l), e i(c)) = j(l)r?.é;{w) {ﬁ 0t—1 (j(l), "'7j(C)>CLPa(i(C>)i(C) bi(e) (yt(C)) }

Oy (i(l), s i(c)> = argj(l)r?%fig(c) {f[ 01 (j(l), ---7j(c))apa(ﬂc))i(c)bi(c) (yt(C)> }

wherel < ¢ <T.
3. Termination:
{S;(C)} =arg max (i(l), ...,i(c))

i, i(C)

4. Best state sequence backtracking:

{579} = per (15791)
wheret =T —1,T — 2, ..., 1.

Given the most probable hidden states sequ&ee{st*(c)}, the second term of Eqn. (12) is computed

as:

T
logp(S = Z|¥,0k) = _log (19)
t=1

where~;, computed using Eqgn. (14), is the probability of being at the most probatde states sequence

at timet given the model and observation sequence.
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