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Abstract— We present a model of behavior according to which
organisms react to the environment in a manner that maximizes 4
the information gained about events of interest. We call the ap- o o o |V/
proach “Infomax control” for it combines the theory of optimal -— '/
control with information maximization models of perception. I .l '/
The approach is reactive, not cognitive, in that it is better .’
described as a continuous “dance” of actions and reactions -— ”
with the world, rather than a turn-taking inferential process A A A
like chess-playing. The approach however is intelligent in that
it produces behaviors that optimize long-term information gain. ‘

We illustrate how Infomax control can be used to understand
the detection of social contingency in 10 month old infants. The
results suggest that, while lacking language, by this age infants Fig. 1. Left: Schematic of the robot head used in [6]. Right: Baby-9. The
actively “ask questions” to the environment, i.e., schedule their image of the robot is seen reflected on a mirror positioned behind the baby.
actions in a manner that maximizes the expected information
return. A real time Infomax controller was implemented on a

humanoid robot to detect people using contingency information.  {5ct that some infants appeared to actively “decide” in a few

The system worked robustly requiring little bandwidth and .
computational cost. trials, and a matter of seconds, whether or not the robot was

Index Terms— Information Maximization, Contingency De-  esponsive.
tection, Control Theory. Particularly telling were the first 43 seconds of the exper-
iment with one of the infants in the experimental group. We
I. INTRODUCTION will refer to him as Baby-9 (see right side of Figure 1). He

John Watson proposed that infants use contingency infor¥as 10 months'old on 7/14/1986, when the study was run
mation to define and recognize human beings [7, 8]. In 1986t UC Berkeley's Institute for Human Development. Most

[3, 6] Watson and the author of this document conducted aHeopIe that see the video of the experiment agree that by the
ird or fourth vocalization (25 seconds into the experiment)

experiment to test how 10 month old infants use contingenc‘;g'a ,
information to detect novel social agents. Infants were seatdefPy-9 has detected the fact that the robot was responsive
to him. Most importantly, most people inescapably feel that

in front of a robot that did not look particularly human. In the . X . i i .
experimental group the robot was programmed to respond {he infant is actively querying the robot as if asking whether

the environment in a manner that simulated the contingenc§ N0t it is responding to him. This brings some interesting
properties of human beings. Each infant in the control groudUéstions:

was matched to an infant in the experimental group and was 1) What does it mean to “ask questions” for an organism
presented the same temporal distribution of lights, sounds  that does not have a language?

and turns of the central robot as was experienced by his/her 2) Why did Baby-9 schedule his vocalizations in the way
matched participant. However, in the control group the robot he did? Why did he not vocalize, for example, at a
was not responsive to the infant's behavior or to any other much rapid or a much slower rate?

events in the room. 3) Was it reasonable for Baby-9 to decide within 3 to four
responses and 20-30 seconds into the experiment that
A. Forty Three Seconds of an Infant's Day the robot was responsive? Why not more or less time
In that study we found evidence that the infants in the and responses?

experimental group treated the robot as if it were a socialMe will approach these questions by developing a formal
agent: For example, they exhibited 5 times more vocalizationsodel of the problem faced by Baby-9 and showing that
than infants in the control group. Moreover they followed thehis behavior was indeed optimal in terms of the expected
“line of regard” of the robot when it rotated, showing someinformation return about the responsiveness or lack of re-
evidence for shared attention [3]. Most interesting was theponsiveness of the robot.



Il. DETECTING SOCIAL CONTINGENCY: CAUSAL MODEL  from 7 to 7§ time steps to respond to an action from the
Our goal is to gain a better understanding of the problerﬁObOt' “Agent periods",_ which are designatgd by the indicator
of active contingency detection in simple social interactiond®f0c€ss{/2,¢} are periods of time for which responses of
between infants and caregivers. These are characterized BJENtS t0 previous robot actions are possible if an agent were
the existence of self-feedback (e.g., infants can hear thent® P€ present. Thus,
selves), significant delays and uncertainty in the caregiver’s 1 if Z, € [r8, 78]
responses, and significant levels of background activity. We L = 3)
will investigate the problem from the point of view of a bare-
bones“social robot” endowed with a single binary sensor During agent periods, the robot's sensor is driven by the
(e.g., a sound detector) and a single binary actuator. ThelRoisson proces§D, ;} which has rateR,. The distribution
will be two players: (1) Asocial agentwhich plays the role of R, depends on whether or not a responsive agent is present
of the caregiver, and (2) fobot, which plays the role of the in a manner that will be specified below.
infant. Agent and robot are in an environment which may .
have random background activity. The role of the robot is toB' Modeling Self-Feedback and Background Processes
discover as soon as possible and as accurately as possible th&Ve allow for the robot sensor to respond to the robot
presence ofesponsive social agents actuators, e.g., the robot can hear its own vocalizations, and
We will develop a discrete-time model of the problem.allow for delays and uncertainty in this self-feedback loop.
The parameteAt € R will represent the sampling period, In particular we bound self-feedback delays to occur within
i.e., the time between time steps, in seconds. The activithe interval[r}, 75], wherer{! > 3. The indicator variable
of the robot's actuator is represented by the binary randorfPr self-feedback period is thus defined as follows:
process{U; }. The variabldJ, takes value 1 when the robot’s
I = {

0 else

1 if Zy € [r$, 73]

actuator is active at timg and zero otherwise. The presence 0 el
else

or absence of responsive social agents is indicated by the

random variable/7. We refer to{{ = 0}, the absence of pyring Self periods, the activation of the sensor is driven by
a responsive agent, as theull hypothesis”, and {H = the Poisson procesisD; ;} with rate R;.
1}, the presence of a responsive agent, as“dfiernative With regard to the background process, we model it as
hypothesis’ The parameter represents the prior probability 5 poisson proces$Ds,} with rate Rs. The background
of the alternative hypothesis, i.e., the robot’s initial beliefpmCess is responsible for driving the sensor’s activity that
about the presence of a social agent, prior to the gathering not due to self-feedback and is not due to social agent
of sensory information. responses to the robot’s behaviors. Note background activity
can include, among other things, the actions from external
social agents who are not responding to the robot (e.g., two
We let the behavior of the social agent depend on tw@qcjal agents may be talking to each other thus activating the
auxiliary processes: A timefZ;} and an indicator{l;}.  yohot's sound sensor). We endow the background faje
The timer takes values if0,- -, 75} where7s € N is  wijth an uninformative prior Beta distribution to reflect the
a parameter of the model, whose meaning will be explaineghct that the background activity may change dramatically
below. The timer keeps track, up t, of the number of fom sjtuation to situation in ways that are not known to the

(4)

A. Modeling the Social Agent

time steps since the last robot action, i.e., robot. The background indicator keeps track of periods for
Zi=18+1 ) which self—feedbac_k or responsive actions from a social agent
may not happen, i.e.,
0 if Uy =1
Zi=h(Z 1, U) 82y iU =0andZ_; =7¢+1 Ip=(1-T)(1 =Ty ®)
1+ 7,1 else C. Modeling the Robot's Sensor

2 The activity of the sensor is a switched Poisson process:
during self-feedback periods it is driven by the Poisson
cRrocess{DL,g}, during agent periods it is driven byD, ;}
and during background periods it is driven bPs,}, i.e.,

for t = 2,3,--- The indicator vectod; = (I1 ¢, I24, I54)"
consists of three binary variables that indicate whether or n
time ¢t belongs to the following categories: (Self Period”,
indicated byl ; ; (2)*Agent Period”, indicated byl ;, and 3
(3) “Background Period’, indicated byIs, . The meaning Yi=1-Dy = Zji,t D, (6)
of these three periods is explained below. i=1

The reaction times of social agents is bounded by th&Ve still need to specify the distribution of the response rate
parameters) < 7 < 7§, i.e., it takes agents anything R, during agent periods. If an agent is present, ifé.+ 1,



we let R, be independent of?; and R; and endow it with is a difficult problem that may require large amounts of
an uninformative Beta prior distribution. This reflects the factdata gathered over months or years. We refelidarning”
that different agents respond at different rates in ways thas the problem of discovering contingencies, i.e., making
the robot does not know apriori. If an agent is not presentinferences about unobservable variables of a given model.
i.e., H = 0, then the response rate during agent periods is nothis is a process that in general requires less data than
different from the response rate during background periodsnodel development and may occur within seconds, minutes
i.e., Ry = R3. or hours.
Development and learning rely on two basic processes:

inference and control. Inference refers to the problem of

{ H } PresencelAbsence of Responsive Agent combining prior information with sensor data in a principled

\1ResponsivenessAgentPeinds manner. .Control.refers to _the problem of scheduling the
__Responsiveness Background Periods behavior in real time to achieve the goals of the organism.
R In this document we will assume the robot has already
developed a causal model and focus on the learning problem,
i.e, how to decide about the presence or absence of a social
agent based and how to use the actuator to make such
decisions as fast and as accurately as possible.

Responsiveness Self Periods

A. Learning: Inference

Indicator Variables Let (y1:t7u1;t,0t,qt,zt) be an arbitrary Sample from
(Y1.4,U1.4, 0, Q¢, Zy). It can be shown that the log-
likelihood ratio between the two hypotheses is as follows:

. 4, H=1
og p(yl.t | U1:t, ) 9)
_ p(yr:¢ | ure, H = 0)
obot Actuator
~log L2402+ 03: + qo + q3,t) (10)
F(]. + o2 + 03,t) F(]- + g2t + 03,15)

3
Fig. 2. Graphical Representation of the Causal Model. Arrows repre- + Zl F(l + Oi,t) F(l + Qi.,t) gef f(o 03,41 G2 q )
sent dependency relationships between variables. Dotted figures indicate T(2+4 04+ ¢it) 2,t> 03,85 42,8, 43,8

unobservable variables, continuous figures indicate observable variables. i=2
Diamonds indicate control variables. (11)
- _ The posterior distribution about the hypothesis of interest is
D. Auxiliary Processes and Constraints as follows:
The processegO;, Q:} register the sensor activity and
lack-thereof up to time during self, agent, and background p(H = 1| yrs,u1:) (12)
periods. In partmuiar for=1,2,--- = logistic <log . 7_T7T + f(oa,z, 03,t,q2,t,q3,t)) (13)
Oip =) LY, fori=123 (7) " This posterior distribution, contains all the information avail-
s=1

. able to the robot about the presence of a responsive agent.
- . It has two important properties: (1) It does not depend on
_— L;(1-Y;), fori=1,2,3 8 ) . . .
Qi Z l ) ! ® o1, q1,t, 1.€., the self-periods are uninformative about the
hypothesis, and (2) 1b1; + g1+ = 0 0r 024 + g2+ = 0
the log-likelihood ratio is O. In other words, if no data has
been gathered in either the agent or the background condition

s=1
Figure 2 display Markovian constraints in the joint distri-
bution of the different variables involved in the model. An
arrow from variableX to variableY indicates thatX is . : . .
then we have gained no information abdtit Thus in order

a “parent” of Y. The probability of a random variable is 10 aain information aboufl the robot must use its actuator
conditionally independent of all the other variables given the gain | ' u ust use i u

parent variables at least once and not use it at least once.

[1l. DEVELOPMENT AND LEARNING. INFERENCE AND B. Learning: Infomax Control

CONTROL In this section we focus on how to schedule the behavior

We refer to“development”as the problem of discovering of the robot's sensor in real time in order to maximize the
the causal structures underlying social interaction, i.e., disnformation received about the presence or absence of social
covering a model of the kind displayed in Figure 2. Thisagents. Let represent the current time and suppose by time



t we have observeg;.;,ui.;. For a future times > ¢ let  were set as follows? = 40,77 = 0;75 = 0; 7 = 1;7§ =
us consider the mutual information between the observablg; = = 0.5. We then used logistic regression to model the
variables and the hypothesis of interést behavior of the controller for times5 < t < 25, since these
are times which are not too close to the beginning and end
WH, Yigns, Unss | 910, 1) (14) " of the controller's window of interest, i.et, 69[1,40?. We
=HH | yre,ur:e) = H(H | Vigris, Urgass, Y1, uiae) did not expect for logistic regression to provide a perfect
(15) prediction since in some cases the value function is equal for
where H stands for entropy. The equation tells us thatPoth actions and in such occasions the optimal controller may
the information aboutd provided by the observable pro- arbitrarily chooses one action over the other. Surprisingly
cessesY;, 1.5, Ui1.s €quals the reduction of uncertainty l0gistic regression approximated the optimal controller with
about H provided by those observables. Since the ternP6.46 % accuracy over all possible conditions. This model
H(H | y1.4,u1) does not depend on future actions thenprescribed to respond if and only I, = 1, i.e., we are in
maximizing the information return provided by future actions& background period, and in addition

is equivalent to minimizing the future entropy &f. We will Var(Rs | yi.t,u1.¢, Hy = 1) Var(Ry | y1:4,u1., Hy = 1)
let the controller's objectivdV; be the negative entropy of o J'rq 'Jr 3 P +‘q '+ 3
H, i.e., the controller will choose actions that are expected SrTE arTER (21)
to minimize the uncertainty abouf
W, d:ef—H(H|Y;+1:S,Ut+1:s,y1:t7u1:t) (16) Interpretation: Greedy one-step controllers [4, 5] that

ignore the future expected return would fail on this task.
An Infomax controller is an open-loop controller that maxi- The reason is that when making a response the next time
mizes the expected value ®f at future times+1,---, 7. steps are occupied by self-feedback, that happens to be
The causal model we are working with belongs to theyninformative, thus a greedy controller ends up deciding
family of partially observable Markov processes. Findingto never act. Including future expected return allows the
optimal controllers for these processes is in general difficulteontroller to implicitly look ahead and see that in the long

In this case however the problem simplifies because it isun making an action can provide a better information return
possible to find a recursive statistic that summarizes theéhan being inactive. The statistic

observable sequences without any loss of information about
H. In particular it is possible to show that the optimal Var(Ri | yue, wie, Hy = 1)
controller satisfies the following form of Bellman’s optimality it + it +3
equation [2]: is used by the controller to decide when to act. This statistic
. def captures the expected reduction in the uncertainty abyut
Clyre ) = Cllse) = argfflax Nelse, uea) + Frlst, uer) prcl?vided by a ngw observation from the period un){jer which
(17) R, actively drives the sensor: a self-feedback periodRer
_ def an agent period foR, and a background period fdts. The
Vilyre ) = Vise) = Iﬂii(Nt(St’utH) + Fise uent) optimal controller thus appears to want to keep the uncer-
(18)  tainty aboutR; and R, within a fixed ratio. Actions are more
costly, in terms of information return, than lack of action. If
the robot acts at time it gains no information during the
times[t+ 75, t+ 73] since self-feedback observations are not
informative aboutH. Moreover during times$t + 7, t + 75|
the robot cannot act and thus can only get information about
Ni(st, uiy1) « E Wit | sty ues1] (19) R,, not Rs. This may help explain why uncertainty about
the agent activity rat&?, needs to be 9 times larger than the
et uncertainty about the background activity rakg, before an
Ft(8t7 utJrl) = E[V;Jrl(sh th+1’ ut+1) | St, 7ut+1] (20) action occurs.

Future Expected Return

(22)

where s, & (Y, O, Qy, Zy) carries all the information about
Wy in the observed sequenc&%.,ui.;. The termC’ is a
controller that makes decisions basedspnV’ is the value
of s, and

Next Step Expected Return

. . . . . V. UNDERSTANDING 43 SECONDS OF ANINFANT’ S DAY
This equation can be solved using dynamic programming

techniques [1, 2]. Here we examine whether the Infomax controller can pro-
vide a qualitative understanding of the first 43 seconds of the
IV. ANALYSIS OF THE THE OPTIMAL CONTROLLER experimental session with Baby-9, as described in Section |-

The dynamic programming problem was solved on &A. During this time Baby-9 produced 7 vocalizations, which
cluster of 24 2.5Ghz PowerPC G5 CPUs. The computatiomccurred at the following times in seconds from the start of
time was in the order of 1 hour. The parameters of the modehe experiment:{5.58,9.44,20.12,25.56,32.1,37.9,41.7}.



in sensor activity due to the human response.

Based on this graph we run a simulation of the optimal
1 controller with the following parametergAt = 800 msec,
=1 =0, 7 = 1,78 = 3. In other words, we let self-
1 delay to be negligible with respect to the expected delays
in human responses, and we bracket the human activity to
occur within 800 to 2400 milliseconds. Note these parameter
Time (Unit is 180 msecs) values were chosen to reflect the time delays and the levels of
uncertainty of social interactions, not to fit Baby-9's data. We
—@— Sesnsor Activity let 7 = 0.01 to simulate a worst case scenario, thus requiring
T Aduator Actvy more data to decide that there is a responsive system. Figure 4
shows the results of the simulation. The horizontal axis in all
the graphs is time, measured in seconds. The top graph shows
1 the vocalizations of the optimal controller, which now plays
the role of Baby-9. The controller produced 6 vocalizations
= o e e over a period of 43 seconds. The average interval between

e i 2an meneny vocalizations was 5.92 seconds, compared to 5.833 secs for

Fig. 3. Above: Raster plot of 150 trials. On each trial an animated character Baby-9. The difference is not significant using a standard
made a sound and subjects were asked to talk back to the character and [fttest (7°(9) = 0.08, p = 0.94).

it know that they were listening. Dark indicates that the audio sensor was :

active. Below: Probability of the audio sensor being active as a function of The ,Second ,graph from the top of Figure 4 Sh_OWS the

time. The probabilities is estimated by averaging across the 150 trials in thyStem's belief's about the presence of a responsive agent.

figure above. By the fourth response, thirty seconds into the experiment,
this probability passes the 0.5 level. The third graph shows

the posterior probability distributions about the the agent

Each of these vocalizations were followed by a combinatior"d background response rates by the end of the 43 second
of sounds and lights from the robot. The intervals, in millisec-P€10d- The last graph shows the ratio between the uncertainty
onds, between the beginning of two consecutive infant voca@P0out the sensor rate during agent periods and the rate during
izations were as followst4.22, 10.32, 5.32, 6.14, 5.4, 3.56}. background periods. Note when this ratio reaches the value
Most people agree that by the third or 4th vocalization the®f 9 the simulated baby makes a response.

infant knows that there is a responsive agent in the room. 1€ model thus shows that Baby-9 scheduled his responses
The Infomax controller presented in Section I11-B requiresand made decisions about the responsiveness of social agents

setting five parameters: The sampling period for the timdn an optimal manner, given the statistics of times delays and

discretization, the self-delay parameters, and the agent deldgvels of uncertainty typigally foupd in so_cial interactions.

parameters. To get rough estimates for the agent latency'€ Model also is consistent with the idea that Baby-9
parameters{, 7¢, we asked 4 people, unaware of the purposd?@S “asking questions” to the robot, in the sense that his
of the study, to talk to a computer animated character. Thgocallzatlons were scheduled in a manner that maximized the
ages of the 4 participants wete6, 24 and35 years. We used information returned about the responsiveness of the robot.

an optimal encoder to binarize the activity of an auditoryAnOther point of interest is that the optimal controller exhibits

sensor and plotted the probability of activation of this binarytrn-taking, i.e., after an action is produced the controller

sensor as a function of time over 150 trials. Each trial startef/@its for a period of time, an average of 5.92 seconds, before
with a vocalization of the animated character and ended 40¢@lizing again. The period between vocalizations is not
seconds later. The results are displayed on Figure 3. The tgged and dgpends on the relative uncertainty about the levels
graph in the figure shows the activity of the acoustic sensof! 'esponsiveness of the agent and the background.

as a function of time from the beginning of the character’s
vocalization over 150 trials. Each horizontal line is a different
trial. The first vertical bar is due to self-feedback from the We implemented the optimal Infomax controller developed
character. By about 1200 to 1440 msec after the end of thabove on RobovieM, a humanoid robot developed at ATR’s
vocalization from the animated character there is anothentelligent Robotics laboratory. While the robot was not
peak of activity in the sensor, which is now caused by thestrictly necessary to test the real time controller, it greatly
vocalizations of the human participants. The lower graphelped improve the quality of the interactions developed
of the Figure shows the probability of sensor activity as abetween humans and machine thus providing a more realistic
function of time collapsed across trials. Note the first peakvay for testing the controller. The current version of the
in activity due to self-feedback, and the gradual raise and falinfomax controller requires a 1 bit sensor and a 1 bit actuator.
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Fig. 4. The horizontal axis represents time in seconds. From top to bottom

In this paper we used the ideas of Infomax control to
understand the detection of social contingency in 10 month
old infants. Interestingly when the controller makes a re-
sponse it follows it by a period of silence, as if waiting
for the outcome of a question. This “turn-taking” behavior
was not built onto the system. Instead it emerged from the
requirement to maximize information gain given the time
delays and levels of uncertainty typical of social interactions.
The results suggest that, in spite of lacking language, some
infants actively ask questions to humans and to other aspects
of the environment, scheduling their actions in a manner that
maximizes the expected information return. The approach
proposed here works well in practice when applied in robots
that need to operate in real time in everyday life situations.
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For sensor we chose to average acoustic energy over 5(?9]
msec windows and discretized it using a 1 bit optimal
coder. The actuator was a small loudspeaker producing
200 msec robotic sound. Lacking quantitative evaluations we
will simply state that the controller works remarkably well. ]
In standard office environments, with relatively high levels
of noise, the controller decides in a few trials whether or
not a responsive agent is present. Particularly effective are
transition points in which agents switch from talking to the[4]
robot to talking to somebody else. We have demonstrated the
system at several scientific talks, and conferences with very
good results even in relatively noisy conditions like poster
rooms.
VIl. C 5]
. CONCLUSIONS

We introduced the idea of Infomax control as a self-
supervised form of motor control. No external reinforcer is
required. Instead, Infomax controllers modify their internall6]
states to better explain the available data and produce ac-
tions that are expected to provide highly informative data.
Infomax control does not fit well the mold of standard re-
inforcement learning approaches. Classical and instrumentbf]
learning models emphasize the role of external stimulus as
reinforcers of behaviors. In Infomax control however, stimuli[8]
and responses do not have intrinsic reinforcement value.
Instead what determines behavior is the expected information
return about hypotheses of interest.
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