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Abstract

The association of perception and action is key to
learning by observation in general, and to program-
level task imitation in particular. The question is
how to structure this information such that learn-
ing is tractable for resource-bounded agents. By
introducing a combination of symbolic represen-
tation with Bayesian reasoning, we demonstrate
both theoretical and empirical improvements to a
general-purpose imitation system originally based
on a model of infant social learning. We also
show how prior task knowledge and selective at-
tention can be rigorously incorporated via loss ma-
trices and Automatic Relevance Determination re-

the other apes. Understanding the complexity characteristics
of this task is key to both understanding human intelligence
and harnessing the approach for Al.

1.1 System Overview

COIL is an adaption to generic imitation learning of Roy’s
language learning system, CELL. CELL is one of the most
convincing examples to date of real-time interactive social
learning. It enables a robot to learn the names for various toys
using the same sorts of input as an infant. Both CELL and
COIL are detailed elsewhet&oy, 1999; Wood and Bryson,
2007; here we give a skeletal overview of COIL, to clarify
those parts most relevant to the extentions described later.

spectively. Raw Sensor Data : :
1 Introduction Feature Extraction
Program-level imitatior{Byrne and Russon, 1998or the A—channels  mm oo _
acquisition of behavioural structure from observation, is an P—channels [
under-researched field in Al. In robot Al, much effort has
rightly been directed toward action-level imitation; the repro- Event Segmentation
duction of movements involving a fine degree of motor con-
trol. Indeed, this highly complex and difficult task needs to be | A-évents === ﬂ' | -
solved by a robot before it is able to acquire structural data. | P-évents - TemmmE
How_eyer, by usjng ‘intelligent’ .virtual environments which Co-occurence Filtering
implicitly deal with low-level actions, we can gain access to a
rich class of higher-level problemsinreal TournamenfDig- AP r ‘ q
ital Extremes, 1990is an example of such an environment, -events

and it is popular with those few looking at this probl&fihu-
rauet al, 2004; Le Hyet al, 2004. It is also the domain of
choice for the system that underpins this paper: Cibod
and Bryson, 2007

In this paper we demonstrate how a formal Bayesian
framework can be incorporated into a complex modular learn- Mutual Information Filterin
ing system. Through this we widen its potential applicability
in theory, significantly improve its learning performance in -
practise, and add natural extensibility to the system via tried
and tested Bayesian methodology. Our experiments also en-
able us to examine the broader issue of the combinatoridfigure 1: The inputs and outputs of each stage of COIL
complexity of social learning. Social learning is an importantlWood and Bryson, 2047
mechanism for acquiring intelligent behaviour — arguably it
accounts for the massive accumulation of culture and artifacts The learning part of COIL has five constituent stages of
seen in humans compared to our nearest biological relativeprocessing (see Figure 1). It is designed to function embed-

v Recurrence Filtering

M-E candidates

M-E items




ded in animitator agent observing a conspeciéigpertagent  actions required for an imitation task lie in a discrete space
executing a given task in a shared environment. The input tavhere ‘nearness’ is not only hard to define but not a partic-
the first stage consists of the incoming raw data from the imularly useful concept. For example, how farjisnp from
itator's sensors. Durinfeature Extraction, these data are turn _right , and what use would that information be any-
directed into separatehannelswhich are one of two types: way? Perceptual channels are similarly unrelated since we
Action channels receive data pertaining to the actions takeare not simply learning to respond to different shapes, but
by the expert, and Perception channels receive data pertaiare interested in different proprioceptive / physical position-
ing (but not identical) to the perceptual state of the experting as well as more thoroughly categorised ‘visual’ stimuli
Once in channels the data are segmenteddnmdP-events  (e.g. identifying an objects. an agent). These comparisons
respectively, and then further infs andP-subeventaccord-  point toward using a more thoroughly discrete representation
ing to a set of pre-programmed triggers; thigEigent Seg-  for both actions and perceptions throughout COIL.

mentation. TheCo-Occurrence Filterthen simply bindsco-  An obvious solution might appear to be to reduce the level
occurring A- and P-events together AB-eventsand shunts  of abstraction at which the learning and action selection oc-
them to a queue called STM (Short Term Memory). When-cyrs. For example, by descending into finer-grained mus-
ever a new AP-event arrives in STM, it is compared withcle and motor position spaces we would reclaim continuity.
each of those already there in turn. TRecurrence Filter  There are two problems here: firstly, both of these spaces
scans for co-occurring A- and P-subevent pairs and, if anfave unusual discontinuities which lead to the problems of
are found, binds them as a Motivation-ExpectationlV®E  inverse kinematics which ensnare traditional robotics. Sec-
Candidateand stores them in MTM (Mid Term Memory). ondly, the complexity inherent in the remaining imitation
Finally, theMutual Information Filter calculates a mutual (and subsequent action selection) process demands a reduced
information score for each M-E Candidate using a somespace of more generic operators. Thus rather than learn-
what complex algorithm not described here (B&od and  ing 180 differenturn-right ~ commands, each varying by
Bryson, 2007 for detallS) Those candidates V\{hose SCOfeSon|y one degree ofturn arc, we S|mp|y learnrtiiate turn-
exceed a pre-determined threshold are saved in LTM (Longight , and then check for stopping criteria. Note that this
Term Memory asVl-E ltems solution is more robust to uncertain motion and sensing, as-
The M-E Items themselves represent observed perceptiosuming the stopping or homing criteria are perceivable within
action pairs (though note the original agent may not have hadome range of degrees during the turn.
this model[Bryson and Wood, 2045 and can consequently
be used to create a reactive imitative behaviour. The imitaalgorithms

tor's sensors define a perception space which it will move ) )
through as the task surroundings change. M-E Items can b€ performance of COIL is further affected by certain char-

used to create maps from regions of this space onto the infCteristics inhgriteq from_ the CELL algorithms. Firstly, thg
itator's action repertoire. In practise, the imitator searched?&currence Filter is designed to search for events recurring
the perception chunks stored in LTM for those that match it°nly within a short history of observations. This is appropri-
current perceptual state. If matches are found, the highest prdt€ for aspects of infant learning that assume frequent rep-
ority match is selected (ranked by mutual information score)€tition, e.g. of word/object pairs, but task learning in gen-

and then the associated action chunk is returned and executéd@ may have arbitrarily long gaps between recurring per-
ception/action pairs. The problem with simply increasing

. the size of the Recurrence Filter window is that every arriv-
1.2 System Shortcomings ing AP-event is compared to all those already present, which

. .Clearly results in combinatorial problems as the size of the
Although COIL has had some previously-reported SUccess ify,o,¢ increases. The Mutual Information Filter has a simi-

performing imitation tasks, we have discovered a number of;, scaling problem. It has cubic complexity in the number

flaws which prevent it from scaling to more difficult prob- ¢ ajements in MTM (which in general could grow without
lems. bound) and exponential in the number of monitored channels
) (which grows with the complexity of the task domain). Addi-
Representations tionally, the probabilities used in the calculation of the mutual
COIL’s primary weakness results from trying to representinformation are frequentist (as opposed to Bayesian) approx-
general action and perception with the same system CELJmations, and are consequently very sensitive to noise caused
uses for speech and vision. CELL receives continuous miPy Small frequency counts (ie. rarely observed events). Roy
crophone data, later converted into discrete phonemes durirfgckles this by interpolating these probabilities with priors,
Event Segmentation. COIL receives continuous action datgut the choice of prior mass parameter required by this tech-
which is parsed into discrete action segments. The crucididué can have significant effects on the resulting probabili-
difference is betweethe spaces in which these discrete ob- €S, particularly if many of the events in question are infre-
jects lie We omit the details of Roy’s metric here (Joy, quent. This may well be the case for our applications, so we
1999, p. 108, but intuitively both phonemes and shapes candesire a more robust method.
have infinite variation and can be mapped into a continuous
space using histograms where the notion of ‘nearness’ is rel- !Limited in that relatively few actions can hitiated at any
atively well-defined. In contrast, the limited set of executablegiven time.



2 Model probabilities of action class membership for a given per-
ceptual state. This is achievable using a softmax activation

We therefore wish to implement a learning algorithm Wh'Chfunction for the network output unitiBridle, 1999 and

can operate within the COIL framework and minimise the po'minimising a cross-entropy error function for the network

tential problemg outlined above. Specm(?ally, it should be: weights[Bishop, 1995, p. 237 After some empirical testing,
Scalable- both in terms of memory requirements and learn-we chose to include three hidden units in the network,

ing complexity. although the results were not particularly sensitive to this
Incremental - so that all observations are used and knowl-choice. We are currently looking into Bayesian model
edge is consolidated in a natural way. selection techniques for selecting the number of hidden units

Rigorous - having output that is interpretable and justifiable (€€ Section 4). Given the above node structure, the network
we used was fully connected with a simple feedforward

through established mathematical argument. e

. . structure, as shown in Figure 2.
Robust - not prone to failure when processing unusual, un-
forseen or extreme events.

It would also be preferable for this algorithm to be suffi-
ciently general-purpose to be applied to other similar learn-
ing problems in this field. The Bayesian framework would
seem a good place to begin, as it allows each observed event
to update prior belief in an efficient and well-defined manner
[Bishop, 1995, p. 17 However, there are many algorithms
which make use of it, so the question becomes which one to
use in order to obtain the desired posterior beliefs. We chose
a multi-layer perceptron (MLP) architecture which, given a
certain set of constraints, provides Bayesian posterior proba-

bilities as its outputs. We describe this specific configuration
in the next section. binary inputs grouped by Perception channel

outputs correspond to action class probabilities
Al A2 A3 A4 A5

2.1 Network Architecture Figure 2: Diagram of MLP architecture. The binary input

The parts of COIL most prone to the kinds of problems de-vector is a concatenation of 1-of-c encoded symbols for each
scribed above are the Recurrence and Mutual Information filP€rception channel. There are three hidden units with soft-
ters. To replace these, we therefore require that the new alg§?@x activation to the outputs, which consequently correspond

rithm receive perception-action data from the Co-occurrenc® Posterior probabilities of action class membership. Arrow
filter and output a behavioural map. In MLP terms, this mapshows direction of forward propagation; biases are shown ex-

looks like a classifier network, which receives perceptual dat&®!Icitly for clarity.
and assigns it to the appropriate action class. To allow an o ) )
MLP to learn such a classification, we must translate the ob- The network training scheme uses Bayesian regularisa-
served perception-action pairs into an appropriate set of trairflon with separate hyperparameters for each of four weight
ing examples. Each example should consist of a set of inpl@roups: first-layer weights, first-layer biases, second-layer
variables and a set of target variables. In this case, the inpi¥eights and second-layer biasfBishop, 1995, p. 408
variables should correspond to the observed perceptual staléaining was by back-propagation for up to 100 cycles of
of the expert, and the target variables should correspond t&caled conjugate gradient search (fewer if convergence oc-
the observed action. The question is, what encoding to useurred beforehand), followed by re-estimation of the hy-
for these variable sets? perparameters using thewvidence approximatiotechnique

As explained above, we are assuming for nowlMacKay, 1992b. This cycle of re-estimation and re-training
that perceptual categories (such dem _left —and Was carried out 8 times. The test data for the network con-
no_item _visible ) have no implicit relationship to each Sisted of querying all possible combinations of perceptual
other. They do not lie in a metric space and so cannot bétate, to evaluate the most probable action assigned to that
represented by ordinal variables. We therefore use a pure§fate by the classifier. Finally, these posterior probabilities
categorical 1-of-c encoding for the inpufBishop, 1995, Were marginalised according to the observed fistacKay,
p. 304. Suppose a given Perception channel hamssible  1992d. Although this last step does not affect the most prob-
symbolic states. Then symbelcan be represented by a able action class, it can have significant effects if loss matrices
vector ofn bits where only the'" bit is set ( <= i <=n). ~ aré added (see Section 3.3 below). _
If there arem Perception channels then the concatenation of Empirical evidence showing the increadedrningperfor-
m such vectors produces the complete required binary inpuance of the new algorithm can be found in the next section.
vector of lengthn; + ... + n,,. If there arek observable B(_efO(e we examine this .hoyvever, we review the theoretlcal
actions, then this is equivalent to a classification problenfriteria set out at the beginning of this section and ask if they
with k target classes, and we can create one output node f@re satisfied.
each class. We have already stated that it is desirable f@calable- as far as learning complexity is concerned, net-
these outputs to have a Bayesian interpretation as posteri@rork training time increases only linearly with the number



of observed events, as compared to the combinatorics of thg&.1 Task 1

original algorithms (see Section 1.2). Also, the MLP is aTpe first task involved collectingealth vials one of many
function which requires storage equal to the number of netgy_cajled ‘pickups’ available in UT, from various locations
work weights as opposed to a potentially boundless numbe&githin a game map. The data was originally received and
of stored M-E Items. processed by a COIL system embedded in an Al-controlled
Incremental - due to this increase in efficiency and the be-bot, programmed to observe from within the environment a
lief accumulation property of the Bayesian framework, everyhuman-controlled bot carrying out the task. We used three
observation can be taken into account and consolidated witdifferent ‘tactics’ during our demonstrations:

prior knowledge. CW Tend to turn clockwise if no vials are visible.
Rigorous - the fact that we can interpret the MLP outputs asac\w Tend to turn anticlockwise.

posterior probabilities is a well-proven property of this type
of network and totally independent of the domain in which
we're working. Ten trials for each tactic were carried out, for a total of 30 tri-

Robust - the parametric re-estimation carried out after eactflS €ach lasting approximately 60 seconds. During the origi-
network training cycle serves to minimise any problemsnal experimental runs, the data arriving in channels (ie. post

caused by local minima relating to, say, weight initialisation. -€afure Extraction) were saved prior to further processing.
This allowed us to compare the new learning algorithms on

the same data sets. The MLP replaces only the recurrence
3 Experiments and mutual information filtering stages of COIL, with the first

three stages remaining unchanged. For further performance
To evaluate our new model we tested it against the sameomparison, we also fed this data into a decision tree algo-
data collected for the original COIL experiments. These datgithm, C4.5[Quinlan, 1992
were gathered itunreal Tournamen{UT), a commercially Our performance metric derives from our representation of
released, multi-player ‘First Person Shooter’ (garti2igi-  behaviour as a mapping from discrete regions of perceptual
tal Extremes, 1999 As the term suggests, the user has anspace to discrete actions. We defined the behaviour on which
agent’s-eye view of the game and direct, real-time controlve based our demonstrations as the ‘ideal’ map from percep-
of an avatar’s actions. UT also supports remote control ofjon to action for this task. The proportion of the learned be-
agents by sending commands to the game server over a nefaviour which matches the ideal allowed us to assign a ‘per-
work. This provides a framework for allowing external pro- centage correct behaviour’ score to each trial. The results
grams to direct an agent's actions. As such, UT provides @omparing the three techniques are shown in Figure 3(a). As
viable platform for testing strong Al, since humans and Al can be seen from the figure, the MLP (grey bars) generated
can compete and interact in a real-time, spatially situated daaniversally perfect behaviour for this task, correcting all er-
main. The game server sends two categories of sensor datérs made by COIL's native algorithms (black bars). Interest-

back to the client. The first is synchronous: at regular interingly though, C4.5 (white bars) also performs a perfect clas-
vals the client is informed of the agent’s status (e.g. healthsification

ammo, current weapon, etc). The second is asynchronous:
for example whenever a wall is bumped, a footstep is hear@.2 Task 2

or damage is taken. The second task required the expert to locate and destroy en-
These data when viewed as a whole are a highly dynamigmy bots in an environment which also contained an equal
high-dimensional mixture of categorical and continuous varinumber of friendly bots. Each trial lasted as long as it took
ables, akin to sensory data acquired in the real world. Othefor this task to be completed; typically around 60 seconds.
similarities include physics simulation, such as collisions,Tactics CW, ACW and Mix were used analogously to Task 1,
gravity, and sound and light transmission. Al agent®t§)  again with ten trials each for a total of 30. All algorithms and
sensor data are incomplete in the sense that only a reduc@ining methods remained the same for this task as for the
subset of the game variables are observable; the bots hageevious one. Results are summarised in Figure 3(b). The
limited virtual sensors. For example, the imitator cannotMLP (left-hand grey bar in each group) provides a small but
know the health state of the expert, although this may welhot signifcant (t-testp = 0.05) increase in performance
affect the expert's choices. The environment contains manjtom both COIL (black bars) and C4.5 (white bar), which for
independent features, each of which could be represented this task performs no better than COIL. Upon inspection of
a number ways. Thus the problem of assimilating the bethe data it is clear that for a majority of the trials, the asso-
haviour of another agent via observation is far from simple ciations that would be necessary to form a fully correct be-
The first three stages of COIL each serve to reduce the conhaviour are never observed. Specifically, most of the mis-
plexity of this problem (see Section 1.1) so that it arrives afclassifications are made for turning toward an enemy; in the
the inputs of our new algorithm in a tractable state. absence of such associations the imitator tended to adopt the
In short, UT agents deal with real-world temporally- dominant turning direction observed and consequently err in
bounded cognitive constraints, not least the combinatoria¢ither theenemy_left or enemy_right state. The other
complexity of learning, which makes them ideal test subjectcommon mistake was to fire before the enemy was centred
for our research. in sights; both were made less by the network than the other

Mix No fixed tendency.
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Figure 3: Comparative performance of the different learning algorithms over a variety of tasks. The black bars correspond 1
the original COIL algorithms, the white bars correspond to C4.5 and the grey bars correspond to the new MLP classification:
In the second study, the right-hand grey bar corresponds to the system moderated by a loss matrix (see text for details). T
third study shows the automatically determined relative importance of two Perception channel input sets. Error bars show tt
standard error of the means.

algorithms. Performance is further improved, this time sig-a penalty than any other misclassificafionnformally, one
nificantly (t-testp = 0.05), by introducing a loss matrix to would expect this to be equivalent to giving the imitator the
represent prior task knowledge (right-hand grey bars in eachstruction “only shoot if you're sure”, prior to acting. The
group); one of the extentions we go on to talk about in theresults of applying this matrix to the Task 2 network outputs

next section. are shown in Figure 3(b) (right-hand grey bars in each group).
_ _ The improvement, as expected, is due to fewer cases of firing
3.3 Bayesian Extentions before the enemy is in position. Although this is a relatively

simple example of the application of this technique, it does

As discussed in Section 2, the probabilistic interpretation o ! .
results possible from the network model is highly desirable d€monstrate the ease at which prior knowledge can be for-

This also allows other Bayesian techniques to be applied t§12/ly incorporated into the model, and how it could be sys-

the network and its outputs. We now discuss two such techiematically altered to test the effect on output behaviour.

nigues and show preliminary results. Selective Attention

Loss Matrices It is likely that for a given task, only a small subset of the
In general decision theoretic terms)ass matrixdescribes  full available perceptual state will be required for good per-
the relative penalties associated with misclassifying a givefiormance. So far in this paper, this subset has been chosen by
input [Bishop, 1995, p.27 In this case we can describe the hand, but the MLP model can enable us to make this selec-
matrix as having elementfs;,; representing the loss resulting tion automatically, within a sound Bayesian framework. This
from assigning an actiod; to a given perceptual state when Automatic Relevance DeterminatipNeal, 1996, p. 1bis
in fact A;, should be assigned. Decisions are then made bgchieved by using a different hyperprior. Instead of grouping
minimising therisk, or equivalently by using the following the weights such that there are four independent regularisa-
discriminant to classify a given perceptual state tion hyperparameters, the weights associated gaith input
have their own hyperparameter. These coefficients vary in
- - L proportion to theénverseposterior variance of the weight dis-
Z Lij P(Aglx) < Z LiiP(Alx)  Yi#j (1) gipution for that input. Thus if a given input has a high coef-
k=1 k=1 ficient value, the weight distribution for that input has a low

whereP(A,|x) can be obtained from the (marginalised) net- Variance and the input has little bearing on the ultimate classi-

work output probabilities. To demonstrate this we applied dication: the input hakbow relevance Using a similar training
simple loss matrix to the networks generated during Task 2: 2nd re-estimation scheme as described earlier, these hyperpa-
rameters can be used to determine the relative relevance of

0 5 5 the different network inputs, which in this case correspond to
(Lgj)=( 1 0 1 ) (2) different aspects of the environment. Thus we have a method
1 10 for automatic attention selection within a broader set of chan-

where A, is thefire  action, A, isturn _left andAj is “Note a loss matrix with zeros on the main diagonal and ones ev-
turn _right . This matrix specifies that ‘accidentally’ firing erywhere else describes a discriminant equivalent to simply choos-
instead of correctly turning should incur five times greatering the class with the greatest posterior probability.



nels. same time capitalising on the flexibility of this approach.
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