
ar
X

iv
:1

00
9.

02
40

v3
  [

cs
.S

I] 
 3

 D
ec

 2
01

0

Modeling Dynamical Influence in Human
Interaction Patterns

Wei Pan, Manuel Cebrian, Wen Dong, Taemie Kim
and Alex Pentland

The Media Laboratory
Massachusetts Institute of Technology

Abstract

We present a new way for modeling 1)social influenceand 2) the well-observed
property of social influence – the influence strength betweenindividuals changes
over time (e.g., friendships break and reform). We show thatour unsupervised
generative switching Bayesian approach can simultaneously captures the system
dynamics as the outcome of both (i) the influence between individuals (each mod-
eled as an HMM), and (ii) the changes of influence itself usingonly individual
observations. We describe here a variational Expectation-Maximization (EM) al-
gorithm for inference. In our experiments, we illustrate applications of predicting
turn taking by analyzing a real group discussion behavior dataset and understand-
ing flu influence patterns between US states. Results demonstrate that our approach
is a strong alternative for modeling complex interacting social systems.

1 Introduction

Our model tackles the problem of analyzing and understanding who influences whom
in a social system, such as a group discussion process, whichhas been an interesting
question for social scientists for the last six decades [1].Influence is also interesting in
the context of leadership where the influence between one another has been recognized
as a significant factor of group performance [2]. However, itremains a difficult question
to define and model the concept ofinfluencein a formal mathematical way.

In this paper, we handle this problem by modeling each agent in a social system as a
Hidden Markov Chain with a finite set of states, and all chainsinteract with each other
according to a family of influence configurations, each of which describes a different
interaction pattern among nodes. Influence between two agents is modeled as how the
current state of one agent can effect the future states of theother agents.

In the prevailing studies on social computing, quantitative efforts have focused on
the static picture of the influence [3] [4], namely who is influencing whom in a so-
cial system when longitudinal data on human interactions isaggregated in a snapshot.
However, there is extensive evidence leading us to think that influence is indeed a
dynamical process[5][6]. This can also be seen from many real-world experiences:
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Friendship is not static, and the person who currently possesses the most influence
over you may be different after some time; In a tedious neogotiation with many parties
involved, your most active opponent may change due to topic shift and strategy shift
over time... Therefore, we believe that, in a social system such as a group discussion
session, the influence between subjects fluctuates as well, and a better model should
take the changes of influence itself into consideration.

Our approach is in essence a switching version of influence model [7], a special
type of Bayesian network. We are interested in the challengeof inferring influence and
learning parameters in a social system based solely on individual observations over
time, i.e., without actually knowing the individual interaction patterns. We define in-
fluence between two nodes as the conditional probability between the internal states
of these two nodes in consecutive time frames. We approach the problem of dynam-
ical influence by introducing a family of different influenceconfigurations, each of
which captures a different interaction pattern among nodes. A latent tracert is in-
cluded also to represent the index of the current active influence configuration at time
t. rt gradually switches between different influence configurations, and itself is treated
as a stochastic process as well. Therefore, our model not only captures the dynam-
ics of individual behaviors, but also the underlying latentvariables tracing changes in
influence. It should be noted that in our approach system dynamics and changing in-
fluence are learned simultaneously in a unified framework, and the learning algorithm
is unsupervised.

2 Related Work

The Bayesian network is a tool often used in understanding patterns in social interac-
tions [8] [7]. Earlier projects have used coupled HMM [3], and more recent projects
have used the influence model [9], dynamic system trees [9] and interacting Markov
chains [10]. However, none of the above approaches is capable of modeling the influ-
ence dynamics. Therefore, our approach is unique in a sense that it shows Bayesian
graph is still an elegant tool for modeling changing influence.

There are quite a few related projects if we treat the underlying influence configura-
tion as a network adjacency matrice, and consider influence dynamics as the dynamics
in network structure. Researchers have been studying the class of time-varying network
models: from EGRM [11] to TESLA [12], to name two. We model thedynamics of
every node and edge in a network instead of feature functionsas in EGRM. Our work is
also significantly different from TESLA in three aspects: a)We learn from individual
observations only; b) We consider changing influence, whichare continuous real val-
ues, as the topological dynamics, and c) Our generative model captures the interaction
of nodes and the dynamics of the interaction strength simultaneously. our work is also
very close to a recent project on learning network structure[13]. However, this work
is not capable of inferring dynamical network structure.

Other relevant general multi-dimensional time series approaches such as LDS [14]
and the prototype model [15] are not able to recognize the network structure and
weights on edges between nodes in social systems.

The classical method for Bayesian network inference is the junction tree algo-
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rithm [16], of which the complexity increases exponentially to the number of chains.
Here we demonstrate a variational approach with polynomialtime complexity. The ac-
curacy of this type of approach has been satisfactory in other applications [17] [18] [7].

3 Our Model

3.1 Model Description

Our approach, the Dynamical Influence Process, is a switching extension to the exist-
ing influence model [9]. It is composed ofC interacting chains. In this model, similar
to an HMM, each chainc ∈ {1, . . . , C} takes one of a finite number of latent states
at any discrete timet: h(c)

t ∈ {1, . . . , S}. Corresponding to each latent stateh
(c)
t , we

observeO(c)
t which follows a conditional probability distribution Prob(O(c)

t |h
(c)
t ), usu-

ally known as the emission probability in HMM literature. Inpractice, it can either be
multinomial for discrete observations or Gaussian mixturefor continuous observations.

We proceed to describe the cross-chain interactions of thissystem.Mi,j denotes
theith row andjth column of matrixM in the following discussion. In this model, we
haveJ different influence configurations described byC ×C matricesR1, ...,RJ and
only one configuration specified by another latent variablert ∈ {1, . . . , J} is active
at timet. Each configuration matrice fully describes how chains interacts with each
other, and our algorithm learns from data each configurationmatrice as well as the
transition between those configurations as well. Users needto specify hyper-parameter
J describing the number of configurations, and we will cover the detail of selecting the
values of hyper-parameters in the experiment section. The model changes its interac-
tion configurations{rt}t=1,2,... slowly with respect to the sampling period according
to the following Markov prices:

rt+1|rt ∼ multi(Vrt,1, · · · , Vrt,J), (1)

whereV is constrained by another hyper-parameterpV , pV > 0. A largepV will en-
sure that our model switch slowly to other influence configurations and tend to remain
in the current configuration:

(Vrt,1, . . . , Vrt,J) ∼ Dirichlet(100, 100, . . . , 10p
V

, . . . , 100).

↑

1,
↑

2, . . . ,
↑
rt, . . . ,

↑

J

Given that the interaction configurationrt is in effect, the latent state of chainc in
this system at timet + 1 is determined by another random chainq(c)t ∈ {1, . . . , C}
according to a multinomial distribution described by the influence configurationRrt .

q
(c)
t |rt ∼ multi(Rrt

c,1, ...,R
rt
c,C). (2)
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The state of chainc at t+ 1 thus is determined by:

h
(c)
t |h

(1)
t−1, . . . , h

(C)
t−1, q

(c)
t = c′ ∼





multi(E(c)

h
(c)
t ,1

, . . . ,E
(c)

h
(c)
t ,S

) c′ = c

multi(F(c′)

h
(c′)
t ,1

, . . . ,F
(c′)

h
(c′)
t ,S

) c′ 6= c
. (3)

We present some intuitions to the model description here:Eq. 2 and Eq. 3 define
the concept of influence in our model. The intuition is that ateach timet each chainc
will sampleq(c)t from Eq. 2 to decide which chain will influence it att+1. Notice that

since the model is dynamical andrt is changing, the distribution ofq(c)t is different at
differentt as we are sampling from different configuration matrices at differentt. This
is how changing influence is captured by switching between influence configurations
in our model. Ifq(c)t happens to be the same chainc, we will use transition matrice
E

(c) and chainc’s current state to determine its state att + 1; if q
(c)
t = c′ 6= c, we

will use transition matriceF(c′) and chainc′’s current state to determine chainc’s state
at t + 1. E(c) andF(c) are bothS × S matrices, and they are similar to the transition
matrix in HMM literature.

Given the model description, the likelihood function is

L(O, h, q, r|E,F,R,V) (4)

=

T∏

t=2

{
Prob(rt|rt−1)

×
C∏

c=1

[
Prob(O(c)

t |h
(c)
t )

× Prob(h(c)
t |h

(1,...,C)
t−1 , q

(c)
t−1)Prob(q(c)t |rt)

]}

×

C∏

c=1

Prob(O(c)
1 |h

(c)
1 )Prob(h(c)

1 )Prob(r1). (5)

Our model is illustrated in Fig. 1.
In contrast to the static influence process [4], the influencebetween different parts

in the system is no longer static, but evolves slowly according to a Markov process. As
can be seen in our experiment, this is indeed the case of a realsocial system.

3.2 Model Learning

Here we show key steps for our variational E-M algorithm. Definition is denoted by
≡, and∼ denotes the same distribution but the right side should be normalized accord-
ingly. We refer to our supplementary materials for full details.
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Figure 1: A graphical representation of our model whenC = 2.

3.3 E-Step

We adopt a procedure similar to the forward-backward procedure in HMM literature.
We compute the following forward parameters fort = 1, ..., T .:

αrt
t,c ≡ Prob(h(c)

t |rt, O1:t), (6)

κt ≡ Prob(rt|O1:t), (7)

whereO1:t denotes{O(c)
t′ }

c=1,...,C
t′=1,...,t . However, exact inference is not tractable. We

adopt the variational approach in [17][19], and E-M is stillguaranteed to converge
under variational approximation[19]. We proceed to decouple the chains by:

Prob(h(1)
t , ..., h

(C)
t |O1:t, rt) ≈

∏

c

Q(h
(c)
t |O1:t, rt), (8)

and naturally:
αrt
t,c ≈ Q(h

(c)
t |O1:t, rt) (9)

Using the same idea, we can compute the following backward parameters for allt:

βrt
t,c ≡ Prob(h(c)

t |rt, Ot:T ), (10)

νt ≡ Prob(rt|Ot:T ). (11)

3.4 M-step

With κt andνt, we can estimate:

ξti,j ≡ Prob(rt = i, rt+1 = j|O1:T ) =

Prob(rt = i|O1:t)Prob(rt+1 = j|Ot+1:T )Prob(rt+1|rt)∑
i,j Prob(rt = i|O1:t)Prob(rt+1 = j|Ot+1:T )Prob(rt+1|rt)

, (12)

λt
i = Prob(rt = i|O1:T ) =

∑
j ξ

t
i,j∑

i

∑
j ξ

t
i,j

, (13)

and updateV by:

Vi,j ←

∑
t ξ

t
i,j + k∑

t

∑
j ξ

t
i,j + pV

, (14)
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wherek = pV if i = j, 0 otherwise.

We continue to compute the joint distribution Prob(h
q
(c)
t+1

t , h
(c)
t+1, q

(c)
t+1, rt+1|O1:T ),

and update parametersR,E andF by marginalizing this joint distribution. Please refer
to the supplementary material for detail.

4 Toy Example

In this toy example, we demonstrate how our algorithm can be applied to find structural
changes in network dynamics. From a dynamical influence process composed of two
interacting HMM chains, we sample two binary sequences of 600 time steps. The data
are shown in Table 1 (left). Each chain has two hidden states with a random transition
biased to remaining in the current state. To simulate a switch in influence dynamics, we
sample with configurationR1 (shown in Table 1) in the first 200 frames, and later on
we sample with configurationR2. We purposely make the two configuration matrices
different from each other.E(c) andF(c) are randomly generated for this process. All
parameters are initialized randomly.

Table 1: Left: Part of the two input toy sequences for a two-chain dynamical influence
process. Right: The original two influence matrices of the toy model and the same
matrices learned by our algorithm withJ = 3 andpV = 101.

SEQ. NO. DATA(PARTIALLY)

1 221111121212212...
2 112111212121122...

R
1

R
2

True

(
0.90 0.10
0.10 0.90

) (
0.05 0.95
0.95 0.05

)

Learned

(
0.93 0.07
0.10 0.89

) (
0.08 0.92
0.94 0.06

)

Choosing Hyper-Parameters:We now discuss the selection of hyper-parameters
J andpV . For the number of active configuration matricesJ , we here illustrate its
characteristics by running the same example withJ = 3. We show the poster distri-
bution of rt (calculated in Eq. 32) in Fig. 2(a). Our algorithm discoversthe sudden
change of influence weights accurately att = 200. In addition, we discover that since
the toy process only has two true configuration matrices, theposterior probability of
the3rd configuration being active is almost zero for anyt. The system properties are
fully captured by the other two configuration matrices during the training. The learned
configuration matrices (shown in Table 1) are correctly recovered. Based on Fig. 2(a)
and experiments with other values forJ (which we can not show here due to the space
limitation), we conclude that readers should gradually increaseJ until the newly added
configuration matrices are no longer useful in capturing additional dynamical informa-
tion from the data, by ensuring there is no constant zero posterior probability as in the
right plot in Fig. 2(a).

We demonstrate convergence of the K-L Divergence between the true distributions
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Figure 2: (a): The posterior ofrt given observations is shown above whenJ = 3 at
convergence. The middle black vertical line on the left indicates the true structural
change (i.e.R1 is replaced byR2 during sampling). (b): The K-L divergence between
learned parameters and the true distributions with respectto number of iterations.

of the transition probability and the learned distributions in Fig. 2(b) with different
values ofpV . As can be seen in Fig. 2(b), the algorithm converges quicklywithin 50
iterations. We discover that whenpV is small, we may encounter over-fitting where
the learned model rapidly switches between different configurations to best suit the
data. Therefore, in Fig. 2(b), the divergence forpV = 0 remains higher than otherpV

values at convergence. In conclusion, we advise users to increasepV gradually until
the posterior ofrt does not fluctuate.

5 Experiments on Human Interaction Data

5.1 Dataset Description and Preprocessing

The dataset used in this experiment comes from a group discussion experiment in [20].
Researchers in [20] recruited 40 groups with four subjects in each group for this ex-
periment. During the experiment, each subject was requiredto wear the sociometric
badge on their necks for audio recording, and each group was required to perform two
different group discussion tasks: a brainstorming task anda problem solving task. Each
task usually lasted for 3 to 10 minutes. We kindly refer readers to the original paper
for details on data collection and experiment preparations.

The groups were asked to perform these tasks in two differentsettings: (a) being
co-locatedin the same room around a table and (b) beingdistributedin two rooms with
only audio communication being available between the pairs. (The badge is deployed
in both cases for audio collecting.) Later in the paper we refer to these two settings
as CO and DS respectively. Since discussions are held in four-person groups, each
sample for a discussion session is composed of four sequences collected by the four
badges on participants’ chests. The audio sequence picked up by each badge is split
into one-second blocks. Variances of speech energy are calculated for each block. We
then applied a hard threshold to convert them into binary sequences. In all experiments,
we only use binary sequences as data input.
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Table 2: The description for four different categories of all the samples.

CATEGORY TASK DESCRIPTION
CO+PS Four people perform a problem solving task in the same room.
CO+BS Four people perform a brainstorming session in the same room.
DS+PS Four people perform the same problem solving task in two rooms with Skype.
DS+BS Four people perform the same brainstorming session intwo rooms with Skype.

5.2 Predicting Turn Taking in Discussion

One important aspect of modeling interaction dynamics is the ability to predict turn
taking–who will speak next in the interaction process. We here explain an application
of our dynamical influence process to predict turn taking, and we show that it is possi-
ble to achieve good accuracy in prediction given only the binary audio volume variance
observations, with no information from the audio content. We consider in this applica-
tion that influence is the effect of someone speaking on otherparticipants’ turn taking
behavior.

We separate all samples into four categories according to their original context and
content, and each category is explained in Table 2. All audiodata are converted into
binary sequences with the procedure described in the beginning of this section. We
end up with 44 samples, and each of them is composed of four sequences from all four
subjects in the group. Ten occurrences of turn taking behavior from each sample are
selected for prediction purposes.

Three prediction methods are implemented and evaluated: a)the dynamical in-
fluence model; b) the TESLA-based prediction (using the implementation from the
authors in [21]) and c) the nearest-neighbor (NN) approach.

In the dynamical influence model, we train all parameters using the data beforet
to predict the turn taking behavior att. Each chain in our model, which represents one
person in the group, has two hidden states. All parameters are initialized randomly
and learned by the E-M inference algorithm in this example. Since our algorithm is a
generative process, we sample timet from our model, and mark the chain that changes
the most toward the high-variance observational state as the turn taker.

For TESLA, we use the official implementation[21] to obtain the dynamical weights
between pairs of nodes, and we pick the node which has the strongest correlation
weight to other nodes att − 1 as the turn taker att. We have tried different ways
of using the output from TESLA for prediction and manually tuned hyper parameters.
Therefore, the results in this paper are the best among many different trials we did with
TESLA.

To predict the turn taking at timet using the nearest neighbor method, we look over
all previous instances of turn taking behaviors that have the same speaker as the one in
t− 1, and predict by using the most frequent outcomes.

The accuracy for each algorithm is listed in Table 3. We also show the prediction
accuracy for the half of all samples that have more complex interactions, i.e., higher
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Table 3: Accuracy for different turn taking prediction methods on both the full dataset
and the half of the dataset with more complex interactions. The random guess accuracy
is 33%. Human accuracy is typically around50% for similar tasks[22].

ACCURACY ACCURACY
ALL SAMPLES COMPLEX INTERACTION SAMPLES

METHODS DS+BS DS+PS CO+BS CO+PS DS+BS DS+PS CO+BS CO+PS
TESLA 0.41 0.42 0.32 0.25 0.44 0.37 0.37 0.17
NN 0.58 0.60 0.48 0.50 0.47 0.47 0.38 0.26
Ours(J=1) 0.45 0.67 0.75 0.63 0.45 0.56 0.77 0.62
Ours(J=2) 0.46 0.58 0.65 0.34 0.47 0.58 0.67 0.46
Ours(J=3) 0.50 0.60 0.55 0.48 0.47 0.73 0.65 0.65

entropy. For our dynamical influence based approach, we listerror rates forJ = 1, 2
and3. Except DS+BS, We notice that our algorithm outperforms others in all categories
with differentJ . This performance is quite good considering that we are using only
volume and that a human can only predict at around50% accuracy for similar tasks[22].

More importantly, our model seems to perform much better than the competing
methods for more complex interactions. For simple interactions, it seems thatJ = 1 or
even NN perform the best due to the fact that there is little shift in influence structure
during the discussion. However, when handling complex interaction processes, the in-
troduction of a switching influence dynamics dramatically improves the performance
as shown in Table 3. Our results strongly suggest that the dynamical influence assump-
tion in our model is reasonable and necessary in modeling complex group dynamics,
and in one case it can improve prediction accuracy to above60% for PS tasks. How-
ever, in simple cases, the model achieves the highest performance only whenJ = 1,
i.e. the influence is static, and a higherJ will only lead to overfitting.

5.2.1 Discussion on Other Time-varying Network Algorithms

TESLA fails in most prediction tasks, and we believe that theformulation of TESLA
doesn’t suit our applications, because it only captures thecorrelations between observa-
tions from dyad nodes at each time step and models the processas a time-varying net-
work. We speculate that similar discriminative approachesadopted in [11] may not be
suitable for our applications either.It can be concluded that while time-varying models
provide valuable information on network structural changes, the dynamics of influence
and interaction in social systems are different from dynamics of network structures.
On the other hand, we consider a dynamical network as a full graph with changing
influence instead of a binary re-wiring graph, and influence is modeled as time-varying
Markov property between hidden states from two frames. Our generative model be-
comes a new effective and competitive perspective for such applications.
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6 Modeling Flu Epidemics as Influence Dynamics

In this experiment, we demonstrate that flu spreading can be modeled as the outcome
of interaction between people living in different regions in US.

We apply our algorithm to the weekly US flu activity data from Google Flu Trend
[23]. All 50 states in US are divided into ten regions by theirgeo-location. We model
each region as one chain in our dynamical influence model. As the data is continuous,
six hidden states are used for each chain, and we choose Gaussian distribution as the
emission distribution. We set the emission probability distribution to be the same for
each chain and keep it fixed during the learning process so that the same hidden states
for each chain share the same semantic meaning. The first 290 weeks (from 2003 to
early 2009) are used for training and the remaining for testing. We setJ = 3, pV =
10−1 for optimized performance.

We show the posterior forrt in Fig. 3 after our model converges with the training
data. While there are many small peaks suggesting changes ininfluence, the probabil-
ity changes dramatically around Christmas, which suggeststhat the influence patterns
among these ten regions are very different during the holiday season. Our algorithm
actually reveals Christmas traveling by looking at only flu data in a fully unsupervised
manner.
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Figure 3: The inferred posterior forrt given all observations after convergence is shown
here. While there are many small peaks indicating changes ininfluence, the largest
peaks occur at Christmas holiday seasons, which implies that influence between states
are very different in Christmas holidays comparing with other dates. This matches
the common sense that travelling patterns are different around holiday seasons. In our
experiment, we find that three configuration matrices are good enough to capture the
flu dynamics.

We proceed to study the long-term prediction abilities of different models. The
prediction error results are shown in Table 4. We compare with different approaches in
predicting flu data: the Linear Dynamical System(LDS) (based on a modern implemen-
tation [24]) , our approach withJ = 3, and ours withJ = 1 (the influence model). As
a benchmark, we also show the results of predicting flu using the average value of the
historical flu data of the same date. For our model, when predicting att, we use a con-
figuration matrixR = a1tR1+, ...,+aJt RJ , whereajt is Prob(rt′ = j|training data),
and t′ denotes the same date oft in the previous year. Prediction is done by sam-
pling our generative model with trained parameters and estimating expectations as the
prediction.
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The flu data in 2009 is very different from previous years. However, as we an-
ticipated, people still maintain similar traveling routines, and our model captures the
underlying influence dynamics rather than the raw prototypeof flu seasonal patterns.
Therefore, our model prediction is better than using the historical data directly as illus-
trated in Fig. 4.

Our approach performs better whenJ = 3, which verifies our assumption that the
dynamics of the influence patterns are very important to prediction accuracy. As for
LDS, the performance is unsatisfactory. We believe that thecomplicated nature of the
system is unlikely to be captured by a linear approach such asLDS.

There are several high performance flu prediction models that offer comparable
performance. However, our work reveals one novel perspective that the dynamics of flu
spreading can be modeled partially by the influence between states and the changes of
the influence itself. In particular, the influence dynamics learned by our model correlate
well with the holiday seasons, which strongly suggests thatthe influence dynamics
learned in our model are indeed capturing real interaction dynamics among US states.

We present another application of detecting influence structural change with the
same group discussion dataset in the supplementary material.

Table 4: This table shows accumulated square error for different algorithms in predict-
ing weekly flu epidemic from April, 2009 to August, 2009.

METHOD ERROR (RESCALED)
Historical Data 3.44
LDS 5.41
Our Approach (J=1) 1.38
Our Approach (J=3) 1.18

7 Conclusions

We have developed an unsupervised generative model that captures the system dy-
namics as the outcome of both the influence between individuals and the dynamics of
influence. Our model directly tackles the important sociological question of analyzing
who influence whom in social systems. In our model,C HMM chains interact with
each other according to a family of influence matrices describing different interaction
patterns, and switch between them over time. Our model only uses individual observa-
tions as input to infer influence and changes in influence. A fast variational inference
scheme is also developed to handle large datasets. We have demonstrated the per-
formance of our model in applications of detecting structural change, predicting turn
taking and understanding epidemic dynamics. Our model provides a new and unique
perspective for influence dynamics using a Bayesian networkapproach, and we believe
that this model will be an essential tool for analyzing many social and societal systems
ranging from group discussion to flu dynamics.

In particular, our model provides a formal definition and a rich understanding for
patterns of influence in social groups, and in future works wecan leverage such infor-
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mation to provide benefit to the groups themselves. As group dynamics have a strong
relationship with the group’s performance [25], there havebeen efforts to measure the
communication patterns and provide feedback to the group inreal-time [20, 26]. Our
approach can enable such feedback specific to influence structures which may lead to
more effective leadership, stronger ties among group members and higher performance
of teams.

Our immediate next step is also to apply our approach to larger and longer indi-
vidual human behavioral datasets which we are currently collecting. This would fully
leverage our fast inference scheme, because the current interest in computational so-
cial science is in the scale of thousands of individuals [27]. This would also allow us
to leverage the power of machine learning to reach a better understanding of changes
in human interaction patterns, and make significant quantitative contributions to social
science.
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8 Appendix A: Model Learning

We here show detail steps for our variational E-M algorithm.Definition is denoted
by ≡, and∼ denotes the same distribution but the right side should be normalized
accordingly.

8.1 E-Step

We adopt a procedure similar to the forward-backward procedure in HMM literature.
We compute the following forward parameters fort = 1, ..., T .:

αrt
t,c ≡ Prob(h(c)

t |rt, O1:t), (15)

κt ≡ Prob(rt|O1:t), (16)

whereO1:t denotes{O(c)
t′ }

c=1,...,C
t′=1,...,t . However, exact inference is not intractable. We

apply the variational approach in [17] [19]. The variational E-M process is still guar-
anteed to converge because of the lower bound property of thevariational method [19].
We decouple the chains by:

Prob(h(1)
t , ..., h

(C)
t |O1:t, rt) ≈

∏

c

Q(h
(c)
t |O1:t, rt), (17)

and naturally:
αrt
t,c ≈ Q(h

(c)
t |O1:t, rt) (18)

We define:
αt,c ≡ Prob(h(c)

t |O1:t) =
∑

rt

κtα
rt
t,c, (19)

and

α̂rt
t−1,c ≡ Prob(h(c)

t−1|rt, O1:t−1) =
∑

rt−1

κ̂rt
t−1α

rt−1

t−1,c, (20)

where:

κ̂rt
t−1 = Prob(rt−1|O1:t−1, rt). (21)

We defineQ(h(c)) to be in the form of Prob(h(c)
t |O1:t−1,rt)s

(c)
t∑

h
(c)
t

Prob(h(c)
t |O1:t−1,rt)s

(c)
t

, which captures

both the evidence from previous states(Prob(h
(c)
t |O1:t−1, rt)) and the evidence(s(c)t )

from observations. We then have:

Q(h
(1,...,C)
t |O1:t, rt)

≡
∏

c



∑

h
(c)
t−1

R
rt
c,cE

(c)

h
(c)
t−1,h

(c)
t

α̂rt
t−1,c +

∑

c′,c′ 6=c

∑

h
(c′)
t−1

R
rt
c,c′F

(c′)

h
(c′)
t−1,h

(c)
t

α̂rt
t−1,c′




︸ ︷︷ ︸
Ψ(c)

×s
(c)
t

∑
h
(c)
t

(∑
h
(c)
t−1

R
rt
c,cE

(c)

h
(c)
t−1,h

(c)
t

α̂rt
t−1,c +

∑
c′,c′ 6=c

∑
h
(c′)
t−1

R
rt
c,c′F

(c′)

h
(c′)
t−1,h

(c)
t

α̂rt
t−1,c′

)
× s

(c)
t

,(22)
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whereΨ(c) is actually Prob(h(c)
t |O1:t−1, rt). We also have:

Prob(h(1,...,C)
t , Ot|O1:t−1, rt) =

∏

c



∑

h
(c)
t−1

R
rt
c,cE

(c)

h
(c)
t−1,h

(c)
t

α̂rt
t−1,c +

∑

c′,c′ 6=c

∑

h
(c′)
t−1

R
rt
c,c′F

(c′)

h
(c′)
t−1,h

(c)
t

α̂rt
t−1,c′




︸ ︷︷ ︸
Ψ(c)

Prob(O(c)
t |h

(c)
t ),

(23)

and

Prob(h(1,...,C)
t |O1:t−1, rt) =

Prob(h(1,...,C)
t , Ot|O1:t−1, rt)

Prob(Ot|O1:t−1, rt)
. (24)

We continue to minimize the K-L divergence between Prob(h
(1,...,C)
t |O1:t, rt) and

Q(h
(1,...,C)
t |O1:t, rt), that is:

argmin
s
(c)
t

D ≡ EQ

(
logQ(h

(1,...,C)
t |O1:t, rt)

)
− EQ

(
Prob(h(1,...,C)

t |O1:t, rt)
)

= EQ



∑

c

log Ψ(c) +
∑

c

log s
(c)
t −

∑

c

log(
∑

h
(c)
t

Ψ(c)s
(c)
t )




−EQ

(∑

c

log Ψ(c) +
∑

c

logProb(O(t)|h
(c)
t )

)
+ Prob(Ot|O1:t−1, rt)︸ ︷︷ ︸

unrelated tos(c)t

.(25)

By taking the derivative we have:

∂D

∂s
(c)
t

=
∑

h
(c)
t

∂α̂rt
t,c

∂s
(c)
t

(
s
(c)
t − Prob(O(c)

t |h
(c)
t )
)
= 0

⇒ s
(c)
t = Prob(O(c)

t |h
(c)
t ) (26)

We then computeκt using Bayes’ rule:

κt ∼ Prob(Ot|rt, O1:t−1)Prob(rt|O1:t−1). (27)

where Prob(Ot|rt, O1:t−1) can be evaluated using the previous approximation results.
The prior part of Eq. 27 can be evaluated usingV andκt−1.

Using the same idea, we can compute the following backward parameters for allt:

βrt
t,c ≡ Prob(h(c)

t |rt, Ot:T ), (28)

νt ≡ Prob(rt|Ot:T ), (29)

βt,c ≡ Prob(h(c)
t |Ot:T ) =

∑

rt

νtβ
rt
t,c. (30)
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8.2 M-step

With κt andνt, we can estimate:

ξti,j ≡ Prob(rt = i, rt+1 = j|O1:T ) =

Prob(rt = i|O1:t)Prob(rt+1 = j|Ot+1:T )Prob(rt+1|rt)∑
i,j Prob(rt = i|O1:t)Prob(rt+1 = j|Ot+1:T )Prob(rt+1|rt)

, (31)

and

λt
i = Prob(rt = i|O1:T ) =

∑
j ξ

t
i,j∑

i

∑
j ξ

t
i,j

. (32)

We then updateV by:

Vi,j ←

∑
t ξ

t
i,j + k∑

t

∑
j ξ

t
i,j + pV

, (33)

wherek = pV if i = j, 0 otherwise.
We compute the following joint distribution.

Prob(h
q
(c)
t+1

t , h
(c)
t+1, q

(c)
t+1, rt+1|O1:T ) = (34)





1
Z
T

(c)

h
(c)
t ,h

(c)
t+1

× α̂rt
t,cβ

rt
t+1,cλ

tProb(q(c)t+1|rt+1),

if q(c)t+1 = c,

1
Z
F

q
(c)
t+1

h
q
(c)
t+1

t ,h
(c)
t+1

× α̂rt
t,q

(c)
t+1

βrt
t+1,cλ

tProb(q(c)t+1|rt+1),

if q(c)t+1 6= c.

Z denotes the normalization factor that can be calculated easily by summing all
possible values for each variable. This is fast to compute since the joint distribution is
made of only four variables. By marginalizing Eq. 34, we can update parametersR,E

andF:

R
j
c1,c2

←

∑
t Prob(q(c1)t = c2, rt = j|O1:T )∑

t

∑
c Prob(q(c1)t = c, rt = j|O1:T )

, (35)

E
(c)
si,sj
←

∑
t Prob(h(c)

t = si, h
(c)
t+1 = sj , q

(c)
t = c|O1:T )∑

t

∑
s Prob(h(c)

t = si, h
(c)
t+1 = s, q

(c)
t = c|O1:T )

, (36)

and

F
(c)
si,sj

←

∑
t

∑
c′ Prob(h(c)

t = si, h
(c′)
t+1 = sj , q

(c′)
t+1 = c|O1:T )∑

t

∑
c′

∑
s Prob(h(c)

t = si, h
(c′)
t+1 = s, q

(c′)
t+1 = c|O1:T )

. (37)
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9 Appendix B: Detecting Structural Changes in the Dis-
cussion Dynamics

We here provide an additional example for detecting structural changes using the same
dataset described in Section 5 of our paper.

One important feature of this model is its ability to capturechanges in influence dy-
namics given only observed time series for each node. In thissection, we will demon-
strate the performance of our model in detecting changes with the group discussion
dataset.

In our discussion,a samplerefers to the set of four sequences collected by the four
badges in deployed in a group discussion session. We adopt the following evaluation
procedure: One mixed binary audio sample for each four-person group is generated by
concatenating the co-located discussion session sample and the the distributed discus-
sion session sample of the same group. It is known that [20] the interaction pattern
in a distributed discussion session is often different froma co-located discussion ses-
sion. Therefore, we are able to create ground truth about changes of influence patterns
by switching from a distributed discussion sample to a co-located discussion sample
manually. It should be noted that we only use binary sequences by thresholding the
volume variance. Thus, we have eliminated all information in the audio content. Two
samples from each group are included in our final evaluation set: a) the original sample
of the co-located discussion session (CO) and b) the mixed sample as described above
(CO+DS). We end up with a total of 28 groups and 56 samples in the final set. Lengths
of each sample vary from 100 seconds to 500 seconds.

We apply our model on both samples for each group. The emission probability in
our model is used to tolerate possible error due to hard thresholding and possible noise.
We chooseJ = 2, andpV is optimized for best performance. The posterior ofrt for
the two samples from each group is stored as the output of the algorithm.

We continue to develop simple heuristics for distinguishing DS+CO from CO by
looking at the difference of the expected influence matrix (

∑
j λ

t
jRj) at t = 1 and

t = 0.8T for each sample, and the one with larger difference is labeled as the CO+DS
sequence. Given the pair of samples for each group, we test the labeling accuracy based
on the output of our model. For comparison, we also implementtwo other techniques:
a) classification based on one single feature, the turn taking rate, and b) S.V.M.-based
classification (using implementation in [28]). It is well recognized that the turn taking
rate is an important indicator for group dynamics. We compute the two turn taking rates
for each pair of samples and compare them to determine samplelabels. For S.V.M.,
we compute the turn taking rate and the speaking durations for each group member as
the feature vector for each sample. Its performance is obtained via a four-fold cross
validation. It should be emphasized that the S.V.M. classification task is different from
the other two, and it is naturally more challenging: all samples are mixed together
before fed to S.V.M. rather than being fed to other two algorithms in a pairwise manner.

We must point out that the ground truth in our evaluation may not be accurate:
There is no guarantee in the dataset that a group of people behave and interact with each
other differently when they are performing discussions using remote communication
tools rather than being in the same room.
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Figure 4: The accuracy rates for classifying CO+DS samples from CO samples are
shown above. Our algorithm performs significantly better than the other two methods,
which are based on simple statistical features.

We illustrate the accuracy rates in Fig. 4. As we expected, our algorithm reaches
71% accuracy and outperforms the other two methods. We argue that the influence
dynamic is an intrinsic property of the group, which can not be fully revealed using
simple statistical analysis on observable features. To investigate and visualize the dy-
namical characteristics of human interaction patterns, a more sophisticated model, such
as our dynamical influence process, must be deployed to reveal the subtle differences
in influence dynamics.

In addition, we claim that our model is capable of modeling, quantifying and
tracking occurrences of such shifts in face-to-face dynamics accurately. Our model
fits its parameters to best suit switches between different influence patterns, and the
parameters will be helpful for sociologists to objectivelyinvestigate the micro rela-
tionship in a group discussion session. Information discovered by our algorithm will
also be useful in applications such as understanding possible interventions in human
interactions[20][26].
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