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Abstract. Typical structured learning models consist of a regression
component of the explanatory variables (observations) and another
regression component that accounts for the neighboring states. Such
models, including Conditional Random Fields (CRFs) and Maximum
Margin Markov Network (M3N), are essentially Markov random fields
with the pairwise spatial dependence. They are effective tools for model-
ing spatial correlated responses; however, ignoring the temporal correla-
tion often limits their performance to model the more complex scenarios.
In this paper, we introduce a novel Temporal Maximum Margin Markov
Network (TM3N) model to learn the spatial-temporal correlated hidden
states, simultaneously. For learning, we estimate the model’s parameters
by leveraging on loopy belief propagation (LBP); for predicting, we fore-
cast hidden states use linear integer programming (LIP); for evaluation,
we apply TM3N to the simulated datasets and the real world challenge
for occupancy estimation. The results are compared with other state-of-
the-art models and demonstrate superior performance.

1 Introduction

Traditional Markov random field models concentrate on either the spatial de-
pendence or the temporal correlation. Lafferty et al. [6] developed a statistical
framework, Conditional Random Fields (CRFs), which accounts for spatial de-
pendence, in addition to the explanatory variables (observations). Later, Taskar
[14] extended the Support Vector Machine (SVM) to the Maximum Margin
Markov Network (M3N), which has the same modeling capacity of the CRFs
but can be computed more efficiently. Similar models considering spatial de-
pendence include, the Structured SVM [I5] and the Maximum Margin Training
[12]. All of these models aim to combine spatial dependence and the information
from observations for a single end task, multivariate classification. They have
been successfully applied to problems like optical character recognition [I0], ob-
ject detection [I] and scene understanding [4]. However, these models overlook
the state correlations over time, hence, are insufficient to handle data with strong
temporal pattern.

On the other hand, temporal correlated models has been developed over the
decades, models including Kalman filter [5], HMM [I7] have been carefully stud-
ied by the optimization and control community. Successful applications includ-
ing time series forecasting [3], speech recognition [I1] and behavior classification
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Fig. 1. Graphical model of CRFs and M3N. X; and Y; correspond to the local ob-
servations and their labels. Two dashed ovals encompass [Xs,Ys] and [Y1,Y2], which
correspond to a unary feature and a pairwise Markovian spatial feature, respectively.

[16]. These models are well known for their capability of capturing hidden tem-
poral correlations; modeling the unknown state process from observations made
in noisy environments. However, they ignore the structural correlations in the
environment, which oftentimes hurt their performance.

Clearly, both temporal correlated models and spatial dependent models have
limitations. [9] thus advocated a variational inference method for switching Lin-
ear Dynamical system (SLDS) that learns different dynamical processes at vari-
ous time ticks; [7] extended this work to combine HMM and LDS with tractable
computation. However, these methods treat temporal and spatial (structural)
information once at a time; they fail to provide a comprehensive interface to
model the temporal and spatial correlated real-world scenarios.

To close the gap, we propose a novel model that considers spatial correlations
aggregated over time for tractable inference. The proposed model has advan-
tages over models concentrating on either aspect, as the temporal and struc-
tural information are oftentimes complementary. We intend to provide a princi-
pled approach which accounts for spatial dependence and temporal correlations,
simultaneously.

The remaining of the paper is organized as follows. In Section 2] we review the
spatial-dependent structured learning framework. In Section Bl we suggest the
spatial-temporal correlated framework extending the existing works. In Section
@ we instantiate the framework to propose a novel model: Temporal Maximum
Margin Markov Network (TM3N). In Section Bl we introduce algorithms for
estimating model parameters, leveraging on loopy belief propagation. In Section
[6l we propose a linear integer programming interface for predicting hidden states.
In Section [1 the TM3N model is applied to both the simulated datasets and a
real world building occupancy estimation challenge. We compare the results with
other state of the arts methods. Finally, in Section 8] we conclude the paper.

2 Overview
2.1 Notation

We summarize the basic notation of this paper in the following table.



Temporal Maximum Margin Markov Network 589

Table 1. Summary of the notation

Variables Summary

The k dimensional feature at site
i in time tick .
The discrete valued state at site
i in time tick .
The estimated states at time

Xﬁ.’,?ﬁ,t

Yt = (Yl,t.-. ey n f)

tick t.
N . o The ground-truth states at time
Yf = (Yl.i'.-. ey Kl.f) tlrk t

The unary, spatial and temporal

0}.62 , and 07, . . .
k2Tt -1 regression coefficients.

w(+) The feature function.
(YY) The loss at time t.
he(Xy¢) The state estimation function.

2.2 Backgrounds

We first summarize the framework that encompasses spatial dependent models
on a regular or irregular lattice [6][T3]. Define s1, .. ., s, to be the sites on a spatial
lattice. For notational convenience, let j ~ i denote j € N;, where N;={j: s;
is a neighbor of s;} defines the neighbors of the site s;. Let Y7,...,Y, denote
hidden states on the lattice, where ¥; = Y'(s;) € (1,...,C), and C is the number

of classes. The joint distribution of Y = (Y3,...,Y,)" can be formulated as:
n p
p@(XvY) X exp Zzekw(Xk,u}/Z) +ZQZJ@(§/MY7) ) (1)
i=1 k=1 i
1 " &
po(Y|X) = Zo(X) P SN 0o(Xii Vi) + > 050(Yi,Y) o (2)
4 i=1 k=1 i
where

Zexp{zzekQD Xk.i» Yi) +Z€ij@(Yi7Yj)} (3)

i=1 k=1 jrvi

is called the partition function; X ; = Xi(s;) denotes the k-th explanatory
variable at site s;; 0 denotes the k-th regression coefficients correspond to the
feature function p(Xy;,Y;), with k =1,...,p; 6;; denotes the spatial-dependent
regression coefficients for the i-th and j-th sites so that 6;; = 6;; and 6;; > 0 if
J~i.

Such model relates a discrete valued response variable to a hidden state by two
regression components; and it is capable of estimating the probability of hidden
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states at a given site; and predicting a certain outcome at an unsampled site.
However, this formulation ignores the fact that observations are oftentimes made
repeatedly over time and past states on the same spatial lattice may contribute
to the states in a future time tick. That is, for a given location s; at a given
time tick ¢, the state is Y'(s;,t) = Vi L (Yit—1 U{Yj:}jon,), where i =1,...,n
andt =1,2,.... To close the gap, we will extend the model to include temporal
correlations.

3 Spatial-Temporal Structured Model

We generalize the previous framework to include an additional temporal com-
ponent. With the additional regression term, the new framework is capable of
modeling: information carried by observations, spatial dependence at fixed time
tick, and temporal correlations of the hidden states.

Consider a discrete valued spatial-temporal process {Y;; : i = 1,...,n,t =

2,...}, where Y;; = Y(s;,t) € (1,...,C) corresponds to the i-th site s; at
the time tick t; ¢ = 1,...,nand t = 1,2,.... For a given time tick ¢, let Y; =
(Y14,...,Y, ) denote the discrete valued hidden states on a graph structure
{(84), (si x sj)}\ Pj=1- We model {Y; :t=1,2,...} by a n-dimensional Markov
chain with the following transition probablhty

po(Ye|Yi—1) = q(Y:[Yi-1)/Gx. (4)

Here Gx is a normalization constant and,

q(Y¢|Yi—1) = exp ZZQMO (Xk,its Vi +29”f§0 (Yie, Yje)
i=1 k=1 Jri

i=1

+Z‘9?tt 190 (thath 1)} (5)

where X, = X(si,t) denotes the k-th explanatory variable at the site s;
and the time tick t; Ok is the linear regression coefficients corresponding to
explanatory feature ¢!'(Xg,i¢,Yit), k = 1,...,p; OZZN represent the spatial re-
gression coefficients. The difference between the Equation [l and the Equation
is the additional parameters Hft’tfl that represent the temporal coefficients.
When 6;: ;1 = 0, there is no correlation over time and the Markov network of
{Y:} reduces to a sequence of independent random vectors, each represents a
set of spatially dependent observations at a given time tick. Clearly, the new
framework incorporates the previous one described in Section 2 as pg(Y:[Y¢—1)
reduces to pg(Yy).

On the other hand, when 6;; ;1 # 0, the framework considers state correla-
tions over time; the magnitude of 6;; ;_; is related to the mean difference between
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two consecutive time ticks of the same site. To simplify the representations,
we abbreviate the model parameters by 6 = ({6'},{6%},{6°}) ; model features

by ¥(Xe, Ye, Yeo1) = ({#" (Xnie, Yi) b {0 Vi Vo) b {9® (Yire, Yoo 1)}),;31101

’

observations from T time points by Yi,..., Yy, where Yy, = (Y14,...,Y04)
t=1,...,T.

dni(Y7)

al¥h. Yo @12(Yi, ¥a) #2(Y;) A3(Y;) (Y

v D—D—D—D

di(Y7) i (Y7) (Y i (Y7)

dal¥a)

(a) Structural Model (b) Temporal Model

@1 (Y1)

P11 (Y1)

@12 (Y5)

(c) Temporal-Structural Model

Fig. 2. (a) Typical spatial dependent model - first order Markov network: ¢;(Y;) =
exp {Z?:l > Ok Xk s, Y,)} correspond to node potentials, ¢;;41(Yi,Yit1) =
exp {ij‘ 91-]@(1/2-,)")} correspond to spatial edge potentials. (b) Typical temporal
correlated model - first order Markov chain: ¢;(Y;) = exp {Z P Okp( Xk, Ya)}
correspond to node potentials, ¢'~"*(Yi) = exp {31, 05— 14,03(Ym,Yi7t_1)} corre-
spond to temporal edge potentials. (c) We propose a new framework that generalizes
both spatial dependent models and temporal correlated models. For illustration pur-
pose, we only show correlated states of two consequent time ticks but the framework
indeed depicts a gigantic network over time. Thus, traditional approaches such as CRFs
and M3N fail to solve it with tractable computation.

The equation [l represents a general framework considering spatial-temporal
correlations, which generalizes both temporal correlated models and spatial de-
pendent models, as indicated by Figure 2l However, there are more states to be
considered together in the new framework due to the spatial and temporal cou-
pling. Thus, traditional solutions such as constructing a gigantic CRFs network
would be computationally intractable.
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4 Temporal Maximum Margin Markov Network

There are two typical tasks in a machine learning problem like Equation
learning and predicting. For learning, we want to estimate parameters 6 so that

ho(X;) = argmaxy 0'0(Xs, Y, Y1) = Yy, Ve, (6)

where Y, is the ground-truth states. For predicting, we would like to infer the
most likely states .
Y}, = argmaxy0'Y(Xi1, Y, YY), (7)

given the parameter § and the novel observation X1 and past states Y. We will
now describe a convex instantiation of the spatial-temporal correlated framework
to handle both tasks.

First, we need to measure the error of the approximation A(-) using a loss
function ¢. Here we use a Hamming distance error measurement ¢;(Y:) to in-
dicate the number of variables predicted incorrectlys, which essentially measure
the loss on the label sequences,

1 Y # Y/zf

Et(Yt) = ZA(Yi,t,Yi,t) and A(Y;,t,yi,t) = {0 Y, = )A/ , .

%

We adapt the hinge upper bound £(hg(X;)) on the loss function for structured
classification inspired by max-margin criterion:

B(ho(X4)) = max [6/0(Xe, Yo, ¥on)) + (YD) = 06X, X0, i) (8)

> Li(he(Xt)), 9)

where £;(ho(X;)) = £(ho(Xy),Y;) and €i(hg(Xy)) = L(ho(Xy), Y:). With this
upper bound, the min-max formulation for structured classification problem is
analogous to SVM,

min ) Aol + ng (10)
S t <97¢(Xt7Yt7Yt—1aYt)> Z E(Yt,Yt) — @,Vt,VYt, (11)

Where @(Xt, Yt7 Yt—l 5 Yt) = w(Xt, th Yt—l) — w(Xta Y[;’ Yt—l)- ThlS formula—
tion incorporates the “maximum margin” criteria. We can interpret

M = 8l <9 (X, Ys, Yoo 1,Yf)> (12)

as the margin of the state configuration Y, over another state configuration Y.
Assuming &; are all zeros (because A is very small), the constraints enforce,

¢’ <¢(Xt,Yt,Yt—1) - ¢(Xt,Yt,Yt—1)) > 0(Ye, Ye), (13)
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so minimizing ||6]|? essentially maximizes the smallest of such margins, scaled by
the loss £;(Yy, Yt) The above formulation is a standard QP and can be solved
use optimization packages, but it is exponential in the size and computation
is generally prohibitive. Another way to express this problem is the following
representation,

i 1107 + Z& (14)
500X, ¥, Vi) + 6 2 max [efw(xt,yt,ﬁ?tfl)) + Et(Yt)] v, (15)

which is a convex quadratic program in 6, since
mec 6/0(Xe, Y1, ¥on)) + 6(Y0)] (16)

is convex in 6. It might be easier to interpret Equation [I4] in its alternative
representation Equation [I7 by eliminating the constraints,

T

i 101+ . > figa [P0 Y0, T + 000 — 00 3 210}

o (17)
careful readers might notice that 61)(X;, Y, Ys_1) is invariant to Y; and
we can run the algorithm in two separate steps: first, fix # and optimize
maxy, {G’w(Xt,Yt,Yt,l)) +€t(Yt)]; second, fix Y; obtained in the first step
to calculate # that minimize Equation [[71 The procedure is similar to the
Expectation-Maximization algorithm and we are guaranteed not to increase the

objective function at each step.

5 Learning

Recall the objective in Equation [I7 is a convex function, an intuitive way to
estimate its parameters 6 is to use a gradient descent approach. In this case, the
gradients only depends on the most violated state configuration,

Y: = argmaXYt (0/1/)(Xt,Yt,Yt71)) + Zt(Yt)) 5 (].8)

which can be computed as:

T
00) =20+ 3 (0K YE Vo)~ X YY), (19)

i=1

the following algorithm thus summarizes the procedure of gradient optimization,
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Algorithm 1. Subgraident Optimization

Input: training data D = {(X¢, Y:)}|i=1, regularization parameter ), step size o,
tolerance €, number of iterations T'
Output: parameter vector 6

1: Initialize 6 < 0,¢ «— 1

2: repeat
3: for t=1to T do
4: Set violation function

H(Yt) - 9/¢(Xt, Yt, YAvt_l)) + &(Yt) - GITZJ(Xt, YAvt, Yt—l)
5 Find most violated label for (X;,Y:) : Y} = argmaxy, H(Y:)
6 end for
7:  Compute g(0), update 0 — 01— — 54(8).
8 Updatet — t+1
9: until t > T or MSE(||§® ]| — ||0¢~V]) <

A critical part of Algorithm 1 is to compute the most violated constraint at
each time step efficiently. The exact inference of this step is usually intractable
as irregular lattices often involve loops that cannot be handled by deterministic
algorithms in polynomial time.To this end, we leverage on a well established
approximation algorithm, loopy belief propagation (LBP) [§] to solve this. To
use LBP, we define the following potentials:

— Unary potentials represent the impact of local observation in X; to the
states Y, this potential function at each site s; takes the form,

P
exp (Z Orp" (X ie, Yie) + Et(Yi,t)> Vi, (20)

k=1

— Environmental potentials represent the influence between states and over
time, these potential functions take the form,

exp (07,,0°(Yit,Yj0)) Vi, j ~ i, Structural Potential, (21)
exp (65, ,_19°(Yit,Yie—1)) Vi, Temporal Potential. (22)

6 Predicting

Now we will introduce our linear integer programming interface for predicting.
The goal is to predict a hidden state as the most likely configuration:

Vi = argmay, (0'6(Xri1, Yr, ¥r)). (23)
Denote Z' = ({2} }iy, {2};} I~ {20 ) as indicator variables at time
t so that: z;(m) = 1 indicates i-th site takes state m, z;;(m,n) indicates ¢ and

j-th sites take states m and n, and zf’tﬂ

(m,n) = 1 indicates i-th site take
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states m and n at time ¢ and ¢ — 1, respectively. If we factorize Equation 23] the
following linear integer programming interface defines an exact mapping,

max A 2H(m) {0(1.)901(X('),i7t7m)} + (24)
Z zfj(m,n) [93j,ts02(m,n)] + Z {eft,t—ﬁog(mayi,pﬂ )
%,7,m,m i
sit. 2Hm) € {0,1}, 2L, (m,n) € {0,1}, (25)

> z(m) =1, (26)
> i (m,n) = zH(m), (27)
> zli(myn) = zl(n). (28)

The constraint Equation [26] enforces only one state is allocated for each site
s;; the constraint equation [Z7] enforces the structural consistency. Note we assign
zf’til(m,ﬁ,t,l) = 1,Vi so that Y;, is influenced by its previous state }A/;,t,lof
the same site s;. The above linear integer programming is an intractable com-
binatorial problem but we can obtain an approximated solution by relaxing the
binary constraint in Equation 23 to be zf(m) > 0, 2{;(m,n) > 0. A threshold
X, usually equals to 0.5, is used to discretize the final outputs Z* for predicting
the states.

7 Experiments

7.1 Simulation Results

We use the following temporal-spatial correlated Linear Dynamic System (LDS)
to generate the simulation. This system specifies the hidden state Y,', which
depends temporally on the previous state Y," ; and correlates spatially with the

states of the neighboring sites Ytj, JEN_;.

Vi=aY  +(1-a) Y BV +er, ,e1~N(0,072), (29)
JEN_;
X} =AY} +es, ,ea ~ N(0,02)), (30)

where N _; corresponds to the neighboring sites of i; A is a projection vector that
maps hidden states to the observations; X/ corresponds to the observations at
site 7, time tick ¢; e; and es are the environmental Gaussian noises;« represents
the temporal/spatial trade-off parameter. If « is set to be zero, the simulation
considers no time dependence. Otherwise, if « is set to be one, the simulation
ignores spatial correlations.
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Simulated Data
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Fig. 3. Model comparison on simulated temporal-spatial correlated data. The X axis
corresponds to the Alpha (temporal/spatial trade-off parameter) value and Y axis
represents the accuracy in percentage. HMM’s performance increases as the tempo-
ral influence becomes larger while CRFs/M3N’s accuracy decreases at the meantime.
TMS3N outperforms all these three models and demonstrates its efficacy.

We initialize Y;! ~ Uniform(0,1), 37 ~ Uniform(0, 1) ; set total sites number
N equals to four; specify the error term e; ~ N(0,0.05) and ¢; ~ N(0,1); and
let the projection matrix A = [10;20]. To simulate the hidden states, we use an
approach similar to Gibbs sampling that iteratively samples Y;’ until the system
converges. These simulated states are rounded to be real valued states and the
simulated observations are calculated use Equation

In the experiment, we vary the temporal/spatial trade-off parameter « from
0.1 to 0.8 at an interval of 0.1 to evaluate the performances of four different
models: HMM, M3N, CRF and TM3N. For every « value, we run the simulation
for 50 times and calculate the averaged accuracy. The results are demonstrated
in Figure [B] where the blue curve corresponds to the accuracy of TM3N model

at various « values. Obviously, TM3N shows superior performance comparing
to HMM, CRF and M3N.

7.2 Real World Applications

Recently, buildings began to have sensor networks installed for energy and com-
fort management. The control strategy for lighting, heating ventilation and
air-conditioning (HVAC) can be updated adaptively as needed [2]. For the cost-
efficient operation, understanding occupancy behavior in buildings is becoming
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Fig. 4. Geometric flat view of the office area testbed

crucial problems to success. One specific question is to estimate office occupant
number over the time, which naturally fits our proposed model.

7.2.1 Data Collection
The sensor network is setup in an open plan office space with six rooms and
one kitchen/printer room. It provides offices for two faculty members and ten
Ph.D. students. Since it is an open plan office, the faculties and students have
discussions frequently. The entire indoor environment can be considered very
dynamic. Occupants have different activities such as reading, talking on the
phone, drop-by and discussion.An occupant may leave his own area and go to
other areas, such as printer room, kitchen, and restroom. The physical sensor
network includes a wired C'Os network and a data server. One COs sensor is
installed in the center of each office at the nose level (1.1m) above the ground.
To establish ground truth about occupancy information, we use a network of
commercial cameras. Figure @ shows the geometric view of the test-bed. Note the
COs sensors are preferred over the vision sensors because of the privacy reasons,
e.g., we cannot easily distinguish the occupants by the C'O5 measurements.
Data collection for this paper was for one continuous period, with a sampling
rate of every one minutes, capturing COy measurements and the number of
occupants in four offices. The time period is three weeks from March 17th, 2008 to
April 4th, 2008 excluding weekends. Occupancy data was recorded from 8:00am
to 8:00pm from the four offices (2, 3, 4 and 5). Office 2 and 5 have four Ph.D.
students; office 4 has two graduate students ; and office office 3 have 1 faculty.
We synchronize the measurements from all sensors; and aggregate measurements
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Table 2. Comparison results of the average accuracy in the building occupancy esti-
mation task

Algorithm  Accuracy

HMM 36.5%

CRFs 49.81%
M3N 49.05%
TM3N 69.76%

for every 10 minutes to predict the averaged occupant numbers in a ten minute
window.

7.2.1 Results and Discussions

We split the data into training and testing: the first week from 3/17 to 3/21
is used as training data; the second and third week from 3/24 to 4/4 are used
as testing. Along with our proposed model, we implement and test CRFs, M3N
and HMM models.

Table 2 summarizes the comparison results of the four different methods.
If we consider only temporal correlations and assume structural independence,
HMM model gives an average accuracy of 36.5% for four offices. Clearly, first
order Markov model is not suffice to capture the dynamics in the environment.
On the other hand, structural models such as CRFs and M3N shows similar
results, although slightly better than HMM, are still unsatisfactory. A significant
improvement in average accuracy is observed when we combine both temporal
and structural influence into a unified model, TM3N. This improvement owns
a big part of its success to the joint modeling of both temporal and structural
information, which oftentimes complement to each other.

To make the figures uncluttered, we only show the prediction results of pro-
posed TM3N model on 3/25/2008. Figure [ illustrates the results in four offices
from 8am to 8pm. The solid blue curve corresponds to the prediction results of
TM3N approach and the dashed magenta curve corresponds to the ground-truth
value. The X axis show the time tick for every 50 minutes from 8am to 8pm.
The Y axis shows the number of occupants. The estimation accuracies are 0.76,
0.86, 0.74 and 0.67 for office 2, 3, 4 and 5, respectively. As indicated by these
figures, the TM3N occupant estimation results are close to ground-truth, which
shows our method captures the occupancy dynamics quickly.

For the faculty office 3, the occupancy number is usually between zero and one
during the day. For student’s offices, there are much faster changes of occupant
numbers, for example, the occupant number in office 2 and office 5 changes
hourly. These changes are due to the "drop-by" activities of visitors.

In some of those cases, the estimation does not capture it well as the length of
our estimation window is ten minutes while the visitors stay for a few minutes.
However, such abrupt changes usually will not affect the operation of building en-
ergy management systems because these systems such as HVAC cannot response
in high frequencies. Hence, in the practical application, this abrupt change will
be ignored.
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Fig.5. Occupancy Estimation of 4 offices on March 25. The dashed magenta curve
corresponds to the ground-truth; the solid blue curve corresponds to the estimation
results of TM3N. The states are discrete valued variables, e.g. 0, 1, 2, 3 and 4. We
connect these discrete states for visualization purpose; thus, a sharp jump mismatch
does not mean a large deviation from the ground-truth.

8 Conclusion

This paper presents a maximum margin structured learning model, TM3N to
model temporal-spatial correlated environments. The main goal of this work
is to synthesize information from different perspectives to model real world sys-
tems more faithfully. We demonstrate how the proposed framework incorporates,
generalizes, and extends existing approaches presented in the literature. The ex-
periments show superior performance of proposed model against other state of
the arts approaches in the building occupancy estimation task.
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