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Figure 2: Active Indipendent Component Analysis-components (ICA-1 to ICA-5) between 200 ms
and 350 ms accounting for ERP variance in each of the condition tasks. The topographic distribu-
tions of ICA-components are presented on the left side of the grand average waveforms.

emotional states. The images were selected among a broad set of pictures painted by the artist
Rose Coleman. In contrast to most of the pictures used in databases of the kind of the International
Affective Picture System (IAPS) [10, 11] our data set is based on non-figurative abstract pictures.
Participants were asked to rate the emotional content of the image only at the end of the experiment.

2.2 Electrophysiological recording

Continuous EEG was recorded using 64 surface electrodes (ActiveTwo MARK II Biosemi EEG
System, BioSemi B.V., Amsterdam). Electrophysiological signals were sampled at 2048 Hz with
lower cutoff at 0.05 Hz and upper cutoff at 200 Hz (DC ampliers and software by BioSemi B.V.). The
electro-oculogram was recorded using two pairs of bipolar electrodes in both vertical and horizontal
directions. Time stamps of visual stimuli presentations and keyboard press gestures were recorded
with markers in the continuous EEG data le. The start of a trial was initiated by pressing the spacebar
at the beginning. The EEG recordings were analyzed with NeuroScan software (NeuroScan Inc,
Herndon, VA, USA) and open source softwares. ERPs were averaged with a 200 ms baseline epoch
prior to trigger onset and band-pass filtered from 0.3 Hz to 30 Hz.

3 Results

We started by analyzing data in one of the 2 experimental conditions: when the participants offered
an amount of money to share to an hypothetical partner. Overall offers were balanced around av-
erage (average= 5.03, SD= 1.34 on a scale from 1 to 9 CHF). A first analysis conducted across
subjects (IBM-SPSS version 19, Chicago, IL, USA) revealed a negative correlation between the
emotional content of the figure in the background, in particular related to happiness, and the amount
that was offered, r(630) = .14, p < 0.001. Positive correlations were found with emotions such
as fear, r(630) = .12, p < 0.05 and sadness, r(630) = .09, p < 0.05. To further explore this
relationship we created two clusters of emotional contents of the figures employed in the back-
ground, one indicating high content of positive emotions, such as surprise and happiness, and the
other with high content of negative emotions, such as disgust, fear and sadness. Then we conducted



a 1-way ANOVA in which emotional content (positive and negative) was used to predict the amount
of money offered. Preliminary results revealed that indeed positive content predicted a lower offer
than negative content, F'(2,629) = 10.42, p < 0.001.

In the electrophysiological recordings we observed significant differences in the latencies of the
P200 peak, with human Responders’ peak occurring 30-50 ms later than the peak elicited in Pro-
posers. The N40O0 latency was similar for central and frontal areas but it was about 100 ms longer
than the N400 latency observed in Pz. This wave is likely to be associated with information pro-
cessing and response preparation, especially in the central and frontal areas. Figure 2 shows that
Independent Component Analysis (ICA, [12]) revealed ICA-components ICA-1 and ICA-5 associ-
ated to the previously described P200 and N400 components of each experimental condition. The
ICA-1 component accounted for the same percentage of variance in Proposer and Responder condi-
tions (17% and 11%, respectively; Fig. 2a,d). Differences between the conditions appeared for the
ICA-5 component, which explained 22% of the variance for Proposer and only 7% for the Responder
condition (Fig. 2¢,f). ICA-2, ICA-3 and ICA-4 explained 15%, 17% and 34%, respectively, of the
variance in Proposer condition. On the opposite only two components ICA-2 and ICA-3 explained
9% and 18%, respectively, of the variance in the Responders.

4 Discussion

We presented here only preliminary results on the effect of emotions on Proposer’s decision mak-
ing. Data from the other experimental condition, namely when the participant decided to accept or
refuse an offer, will allow us to investigate whether the same emotional content may produce similar
or different effects on economic decision-making. In particular, the analysis we plan to conduct
will focus on the relationship among monetary decision, indirect measures of emotions with EEG,
and subjective evaluation of the emotional images shown during decision making. Finally we plan
to analyze whether emotional state will mediate the relationship between certain personality char-
acteristics, such as greed avoidance, and certain decision outcomes, such as higher sharing offers.
The combined psychological and neurophysiological approach will allow us to produce a model
of the most likely neurological circuit suitable to be influenced by affective choices. Our results
will provide additional evidence to the role emotions and individual differences play in economic
decision-making.
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Abstract

We introduce a model that describes the decision making process of an au-
tonomous synthetic agent which interacts with another agent and is influenced
by affective mechanisms. This model would reproduce patterns similar to humans
and regulate the behavior of agents providing them with some kind of emotional
intelligence and improving interaction experience. We sketch the implementation
of our model with an edutainment robot.

1 Introduction

We have recently introduced in [19] the framework of Adversarial Risk Analysis (ARA) to cope with
risk analysis of situations in which risks stem from deliberate actions of intelligent adversaries. ARA
has a Bayesian game theoretic flavor, as in [11] and [17]. In supporting one of the participants, the
problem is viewed as a decision analytic one, but principled procedures which employ the adversarial
structure, and other information available, are used to assess the probabilities on the opponents’
actions. There is a potentially infinite analysis of nested decision models arrived at when using
ARA. This is in the realm of incomplete Bayesian games, see [8], which avoids the infinite regress
by using the common (prior) knowledge assumption. We feel that this is a very strong hypothesis
which is not tenable in our application domain. We prefer to be realistic and accommodate as much
information as we can from intelligence into our analysis, through a structure of nested decision
models. Depending on the level we climb up in such hierarchy of nested models, we talk about
0-level analysis, 1-level analysis and so on, see [1] and the discussion [10]. [1], [18] and [19] have
introduced different principles to end up the hierarchy. In this paper, we shall explore how the ARA
framework may support the decision making of an autonomous emotional agent in its interaction
with a user.

Over the last several years, researchers in the field of cognitive processes have shown that emotions
have a direct impact on judgment and decision-making tasks. This has vertebrated fields such as
affective computing [16], affective decision making ([13] and [4]) and neuroeconomics [6]. Based



on some of their concepts, we develop a model that allows an agent to make decisions influenced by
emotional factors within the ARA framework.

The model is essentially multi-attribute decision analytic, see [3], but our agent entertains also mod-
els forecasting the evolution of its adversary and the environment surrounding them. We also include
models simulating emotions, which have an impact over the agent’s utility function. In such a way,
we aim at better simulating human decision making and, specially, improving interfacing and inter-
action with users.

2 Basic Elements

We start by introducing the basic elements of our model. We aim at designing an agent A whose
activities we want to regulate and plan. There is another participant B, the user, which interacts with
A. The activities of both A and B take place within an environment F. As a motivating example,
suppose that we aim at designing a bot A which will interact with a kid B within a given room F.

A makes decisions within a finite set A = {a,...,a;,}, which possibly includes a do nothing
action. B makes decisions within a set B = {b1, ..., b, }, which also includes a do nothing action.
B will be as complete as possible, while simplifying all feasible results down to a finite number. It
may be the case that not all user actions will be known a priori. This set could grow as the agent
learns, adding new user actions, as we discuss in our conclusions. The environment E' changes with
the user actions. The agent faces this changing environment, which affects its own behavior. We
assume that the environment adopts a state within a finite set £ = {ey,..., e, }.

A has ¢ sensors which provide readings and are the window through which it perceives the world.
Sensory information originating in the external environment plays an important role in the intensity
of the agent’s emotions, which, in turn, affect its decision-making process. Each sensor reading is

attached to a time ¢, so that the sensor reading vector will be s; = (s{, ..., s?). The agent infers the
external environmental state e, based on a transformation a function f, so that
ét = f(St)

A also uses the sensor readings to infer what the user has done, based on a (possibly probabilistic)
function g

Bt = g(st)-

We design our agent with an embedded management by exception principle, see [23]. Under normal
circumstances, its activities will be planned according to the basic loop shown in Figure 1. This is
open to interventions if an exception occurs.

Read | [T |~ i | [ (e e | [ Qo
SENsors S; state e; action by orecasting
model

Figure 1: Basic Agent Loop

3 ARA Affective Decision Model

Essentially, we shall plan our agent’s activities over time within the decision analytic framework,
see [3]. We describe, in turn, the forecasting model (which incorporates the ARA elements), the
preference model (which incorporates the affective elements) and the optimization part.



3.1 Forecasting Models

The agent maintains forecasting models which suggest him with which probabilities will the user act
and the environment react, given the past history of its actions, the user’s actions and the evolution
of the environment. We describe the general structure of such models.

Assume that, for computational reasons, we limit the agent’s memory to two instant times, so that
we are interested in computing

p(et, by | G, (etfly at—1, btfl)y (€t727 at—2, btfz))~

Extensions to k instants of memory or forecasting m steps ahead follow a similar path. The above
may be decomposed through

p(etlbta g, (etfla at—1, btfl)) (€t72, at—2, bt72)) X p(btlat7 (et717 at—1, bt71)7 (et727 at—2, bt72>>'

We assume that the environment is fully under the control of the user. As an example, the user
controls the light, the temperature and other features of the room. Moreover, he may plug in the bot
to charge its battery, and so on. Only the latest action of the user will affect the evolution of the
environment. Thus, we shall assume that

ples | be,ag, (€—1,ai—1,bi—1), (er—2, ar—2,bi—2)) = ples | by, e—1,€4—2).
We term this the environment model.

Similarly, we shall assume that the user has its own behavior evolution, that might be affected by
how does he react to the agent actions, thus incorporating the ARA principle, so that

p(be | ar, (€r—1,ai—1,bi—1), (er—2, ar—2,bi—2)) = p(by | az,bi—1,bs—2). )]

The agent will maintain two models for such purpose. The first one describes the evolution of the
user by itself, assuming that he is in control of the whole environment, and he is not affected by the
agent’s actions. We call it the user model, and is described through

p(be | by—1,bi—2).

The other one refers to the user’s reactions to the agent’s actions. Indeed, that the user is fully
reactive to the agent, which we describe through

p(be | ar).
We call it the classical conditioning model, with the agent conditioning the user.

We combine both models to recover (1). For example, under appropriate independence conditions
we recover it through

p(be | at,br—1,bi—2) = (p(by | be—1,b:—2) p(be | at))/p(by).

Other combinations are required if such conditions do not hold. In general, we could view the
problem as one of model averaging, see [9]. In such case

p(bt \ at7bt—17bt—2) :p(Ml)p(bt \ btflabt72) +p(M2)p(bt | at),

where p(M;) denotes the probability that the agent gives to model ¢, which, essentially, capture
how much reactive to the agent’s actions the user is. Learning about various models within our
implementation is sketched in Section 4.

3.2 Affective Preference Model

We describe now the preference model, which incorporates the affective principles. We shall assume
that the agent faces multiple consequences ¢ = (¢, ¢a, . . . , ¢;). Ateach instant ¢, such consequences
depend on his action a;, the user’s action b, and the future state e, realized after a; and b;. Therefore,
the consequences will be of the form

ci(at,bt,et), 1= 1, N .,l.



We assume that they are evaluated through a multi-attribute utility function, see [3]. Specifically,
without much loss of generality, see [24], we shall adopt an additive form

!
u(ey, o,y 0p) = szuz(cz)a
i=1

withw; > 0, Y0 w; = 1.

The consequences might be perceived differently depending on the current emotional state d; of the
agent. We shall define it in terms of the level of k basic emotions, through a mixing function

1,2 k
dy = h(em;,em;,...,emy).

[5] and [22] provide many pointers to the literature on mixing emotions. The intensity of these basic
emotions, in turn, will be defined in terms of how desirable a situation is, i.e. how much utility
u(cy) is gained, and how surprising the situation was, see [7] for an assessment of such models. The
expectations, or surprise, will be defined by comparing the predicted and the actual (inferred) user
action through some distance function

Zt = d(Bt, I;t),

where b! is (the most likely) predicted user action. We assume some stability within emotions, in that
current emotions influence future emotions. Thus, we assume a probabilistic evolution of emotions
through

emy = ri(em;_y,u(ct), 21).
Finally, following [13], we shall actually assume that the utility weights will depend on the emotional
state, the stock of visceral factors in their notation, so that

l
u(c) = Z w; (d)u;(¢;).

3.3 Expected Utility

The goal of our agent will be to maximize the predictive expected utility. Planning m instants ahead
requires computing maximum expected utility plans defined through:

m

max  Y(ag, ..., q4m) = > D (w(aeri; bevis eria)) | X

(atv---aat+ 3
" (be,et).. ., (beym,etym) Li=1

Xp((bes et)s- - (betms €tm) | (G, Ges1s -5 Qepm, (@1, be—1, €0-1), (@t—2, be—2, e4-2))).

assuming utilities to be additive over time. This could be done through dynamic programming. If
planning m instants ahead turns out to be very expensive computationally, we could plan just one
period ahead. In this case, we aim at solving

max (a;) = Z u(ag, by, er) X p(be, € | ar, (az—1,be—1,€-1), (ar—2,be—2, €¢-2)).
a€A

bt,eq
We may mitigate the myopia of this approach by adding a term penalizing deviations from some
ideal agent consequences, as in [21]. In this case, the utility would have the form u(c) — p(c, ¢*)
where p is a distance and c* is an ideal consequence value.

Agents operating in this way may end up being too predictable. We may mitigate such effect by
choosing the next action in a randomized way, with probabilities proportional to the predictive ex-
pected utilities, that is

P(at) 08 w(at)v (2)
where P(a;) is the probability of choosing a;.



4 Implementation

The above procedures have been implemented within the AISoyl robot environment
(http://www.aisoy.es). Some of the details of the model implemented are described next, with code
developed in C++ over Linux.

The set A includes the robot’s actions which include cry, tell a joke, ask for being recharged, com-
plain, talk, sing, argue, ask for playing, ask for help and do nothing. On the user’s side, set BB, the
robot is able to detect several agent’s actions, some of them in a probabilistic way. Among them,
the robot detects hug, hit, shout, speak, being recharged, play, being touched, stroke or no action.
Regarding the environment (set £), the bot may recognize contextual issues concerning the presence
of noise or music, the level of darkness, the temperature, or its inclination. To do so, the bot has
several sensors including a camera to detect objects or persons within a scene, as well as the light
intensity; a microphone used to recognize when the user talks and understand what he says, through
a natural language processing component; some touch sensors, to interpret when it has been touched
or hugged or hit; an inclination sensor so as to know when it is lying down or not; and a temperature
sensor. The information provided by these sensors is used by the bot to infer the user’s actions and
environmental states. Some are based on simple deterministic rules; for example, the hit action is
interpreted through a detection in a touch sensor and a variation in the inclination sensor. Others are
based on probabilistic rules, like those involving voice recognition and processing.

The basic forecasting models (environment, user, classical conditioning) are Markov chains and we
learn about their transition probabilities based on matrix beta models, see [20]. For expected utility
computations and point forecasts we summarize the corresponding row-wise Dirichlet distributions
through their means. Learning about probability models is done through Bayesian model averaging,
as in [9].

The bot aims at satisfying four objectives, which, as in [14], are ordered in hierarchical order of
importance. They go from a primary security objective, in which the bot cares mainly for its sur-
vival and security (in terms of not being hit, having a sufficient energy level, and being at the right
temperature), to higher objective levels in relation with a social empathy layer, once basic objectives
are sufficiently covered, in relation with social interests of the bot. Weights reflect the importance
of the objectives and component utility functions reflect the aim of fulfilling as quickly as possible
the primary objectives, up to a certain level. Emotion implementations are based on [7], who com-
pare different appraisal models to obtain the intensity of an emotion. We use four basic emotions
(joy, sadness, hope and fear), which are then combined to obtain more complex emotions. Emotions
evolve as Dynamic Linear Models, as in [23].

The model is implemented in a synchronous mode. Sensors are read at fixed times (with different
timings for various sensors). When relevant events are detected, the basic information processing
and decision making loop is shot. However, as mentioned it is managed by exception in that if
exceptions to standard behavior occur, the loop is open to interventions through various threads.
We plan only one step ahead and choose the action with probabilities proportional to the computed
expected utilities. Memory is limited to the two previous instants.

5 Discussion

We have described a model to control the behavior of an agent in front of an intelligent adversary. It
is multi-attribute decision analytic at its core, but it incorporates forecasting models of the adversary
(Adversarial Risk Analysis) and emotion-based behavior (Affective Decision Making). This was
motivated by our interest in improving the user’s experience interacting with a bot [2], [12] and
[15]. We believe though that this model may find many other potential applications in fields like
interface design, e-learning, entertainment or therapeutical devices.

The model should be extended to a case in which the agent interacts with several users, through
a process of identification. It could also be extended to a case in which there are several agents,
possibly cooperating or competing, depending on their emotional state. Dealing with the possibility
of learning about new user actions, based on repeated readings, and, consequently, augmenting the
set 3 is another challenging problem. Finally, we have shown what is termed a 0-level ARA analysis.
We could try to undertake higher ARA levels in modeling the performance of adversaries.
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Abstract

When individuals are learning about an environment and other decision-makers
in that environment, a statistically sensible thing to do is form posterior distri-
butions over unknown quantities of interest (such as features of the environment
and ’opponent’ strategy) then select an action by integrating with respect to these
posterior distributions. However reasoning with such distributions is very trouble-
some, even in a machine learning context with extensive computational resources;
Savage himself indicated that Bayesian decision theory is only sensibly used in
reasonably “small” situations.

Random beliefs is a framework in which individuals instead respond to a single
sample from a posterior distribution. There is evidence from the psychological
and animal behaviour disciplines to suggest that both humans and animals may
use such a strategy. In our work we demonstrate such behaviour ’solves’ the
exploration-exploitation dilemma ’better’ than other provably convergent strate-
gies. We can also show that such behaviour results in convergence to a Nash
equilibrium of an unknown game.
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Abstract

Classifier combination methods need to make best use of the outputs of multiple,
imperfect classifiers to enable higher accuracy classifications. In many situations,
such as when human decisions need to be combined, the base decisions can vary
enormously in reliability. A Bayesian approach to such uncertain combination
allows us to infer the differences in performance between individuals and to in-
corporate any available prior knowledge about their abilities when training data is
sparse. In this paper we explore Bayesian classifier combination, using the com-
putationally efficient framework of variational Bayesian inference. We apply the
approach to real data from a large citizen science project, Galaxy Zoo Supernovae,
and show that our method far outperforms other established approaches to imper-
fect decision combination. We go on to analyse the putative community structure
of the decision makers, based on their inferred decision making strategies, and
show that natural groupings are formed.

1 Introduction

In many real-world scenarios we are faced with the need to aggregate information from cohorts of
imperfect decision making agents (base classifiers), be they computational or human. Particularly in
the case of human agents, we rarely have available to us an indication of how decisions were arrived
at or a realistic measure of agent confidence in the various decisions. Fusing multiple sources of
information in the presence of uncertainty is optimally achieved using Bayesian inference, which
elegantly provides a principled mathematical framework for such knowledge aggregation. In this
paper we provide a Bayesian framework for such imperfect decision combination, where the base
classifications we receive are greedy preferences (i.e. labels with no indication of confidence or
uncertainty). The classifier combination method we develop aggregates the decisions of multiple
agents, improving overall performance. We present a principled framework in which the use of
weak decision makers can be mitagated and in which multiple agents, with very different obser-
vations, knowledge or training sets, can be combined to provide complementary information. The
preliminary application we focus on in this paper is a distributed citizen science project, in which
human agents carry out classification tasks, in this case identifying transient objects from images
as corresponding to potential supernovae or not. This application, Galaxy Zoo Supernovae [1], is
part of the highly successful Zooniverse family of citizen science projects. In this application the
ability of our base classifiers can be very varied and there is no guarantee over any individual’s per-
formance, as each user can have radically different levels of domain experience and have different
background knowledge. As individual users are not overloaded with decision requests by the sys-
tem, we often have little performance data for individual users (base classifiers). The methodology
we advocate provides a scaleable, computationally efficient, Bayesian approach to learning base
classifier performance thus enabling optimal decision combinations. The approach is robust in the
presence of uncertainties at all levels and naturally handles missing observations, i.e. in cases where
agents do not provide any base classifications.



1.1 Independent Bayesian Classifier Combination

Here we present a variant of Independent Bayesian Classifier Combination (IBCC), originally de-
fined in [2]. The model assumes conditional independence between base classifiers, but performed
as well as more computationally intense dependency modelling methods [2]. For the ith data
point, we assume that the true label ¢; is generated from a multinomial distribution with proba-
bility x : p(t; = j|lk) = ;. We assume that observed classifier outputs, c, are discrete and are
generated from a multinomial distribution dependent on the class of the true label, with parameters
T p(cgk)\ti = j,m) = w(_k()k). Thus there are minimal requirements on the type of base clas-
Je;
sifier output, which need not be probabilistic and could be selected from an arbitrary number of
discrete values, indicating, for example, greedy preference over a set of class labels. The parame-

ters 7r and k have Dirichlet prior distributions with hyper-parameters agk) = [04(()];,)17 e aélj?L] and

v = [vp1,...Vp ] respectively, where L is the number of possible outputs from classifier k and J is
the number of classes. The joint distribution over all variables is

N K
p(, m toclav) = [T{ke, [T, oo bp(slo)p(n]a). M
i=1 k=1 )

The graphical model for IBCC is shown in figure 1.
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Figure 1: Graphical Model for IBCC. Shaded nodes are observed values, circular nodes are variables
with a distribution and square nodes are variables instantiated with point values.

A key feature of IBCC is that 7 represents a confusion matrix that quantifies the decision-making
abilities of each base classifier. This potentially allows us to ignore, or retrain, poorer classifiers
and assign experts decision makers to data points that are highly uncertain. Such efficient selection
of base classifiers is vitally important when obtaining a classification that has a cost related to the
number of decision makers, for example. The IBCC model also allows us to infer values for missing
observations of classifier outputs, ¢, so that we can naturally handle cases in which only partially
observed agents make decisions.

The IBCC model assumes independence between the rows in 7r, i.e. the probability of each classi-
fier’s outputs is dependent on the true label class. In some cases it may be reasonable to assume that
performance over one label class may be correlated with performance in another; indeed methods
such as weighted majority [3] make this tacit assumption. However, we would argue that this is not
universally the case, and IBCC makes no such strong assumptions.

The goal of the combination model is to perform inference for the unknown variables ¢, 7, and k.
The inference technique proposed in [2] was Gibbs Sampling. While this provides some theoretical
guarantee of accuracy given the proposed model, it is often very slow to converge and convergence
is difficult to ascertain. In this paper we consider the use of a principled approximate Bayesian meth-
ods, namely variational Bayes (VB) [4] as this allows us to replace non-analytic marginal integrals
in the original model with analytic updates in the sufficient statistics of the variational approxima-
tion. This produces a model that iterates rapidly to a solution in a computational framework which
can be seen as a Bayesian generalisation of the Expectation-Maximization EM algorithm.

In [2] an exponential prior distribution is placed over atg. However, exponentials are not conjugate to
the Dirichlet, and the conjugate prior to the Dirichlet is non-standard and its normalisation constant



is not in closed form [5], requiring the use of an expensive adaptive rejection Gibbs sampling step
for o and making even the variational Bayesian solution intractable. We therefore alter the model,
S0 as to using point values for o, as are used in other VB models [6, 7, 8]. The hyper-parameter
values of ap can hence be chosen to represent any prior level of uncertainty in the values of the
agent-by-agent confusion matrices, 7r, and can be regarded as pseudo-counts of prior observations,
offering a natural method to include any prior knowledge and a methodology to extend the method
to sequential, on-line environments.

1.2 Variational Bayes

Given a set of observed data X and a set of latent variables and parameters Z, the goal of varia-
tional Bayes (VB) is to find a tractable approximation ¢(Z) to the posterior distribution p(Z|X) by
minimising the KL-divergence between the approximate distribution and the true distribution. We
can write the log of the model evidence p(X) as

(Z]X)

Inp(X) = /q(Z)lnp(;((’Z)Z)dZ—/q(Z)lnpq(Z)dZ )

= L(q) — KL(q|p). 3)

As ¢(Z) approaches p(Z|X), the KL-divergence disappears and the lower bound L(q) is max-
imised. Variational Bayes selects a restricted form of ¢(Z) that is tractable to work with, then seeks
the distribution within this restricted form that minimises the KL-divergence. A common restric-
tion is to assume ¢(Z) factorises into single variable factors ¢(Z) = Hf\il q:(Z;). For each factor
¢i(Z;) we then seek the optimal solution ¢} (Z;) that minimises the KL-divergence. Mean field
theory [9] then shows that the log of each optimal factor In ¢ (Z;) is the expectation with respect to
all other factors of the log of the joint distribution over all hidden and known variables:

Ing;(Z;) = Eixj[Inp(X, Z)] + const. 4)

We can evaluate these optimal factors iteratively by first initialising all factors, then updating each
in turn using the expectations with respect to the current values of the other factors. Unlike Gibbs
sampling, the each iteration is guaranteed to increase the lower bound on the log-likelihood, L(q),
converging to a (local) maximum in a similar fashion to standard EM algorithms. If the factors
q; (Z;) are exponential family distributions, as is the case for the IBCC method we present in the
next section, the lower bound is convex with respect to each factor ¢;(Z;) and L(g) will converge
to a global maximum of our approximate, factorised distribution. In practice, once the optimal
factors ¢} (Z;) have converged to within a given tolerance, we can approximate the distribution of
the unknown variables and calculate their expected values.

2 Variational Bayesian IBCC

To provide a variational Bayesian treatment of IBCC, VB-IBCC, we first propose the form for our
variational distribution (¢(Z) in the previous section) that factorises between the parameters and
latent variables.

Q(K’ataﬂ-) = q(t)Q(Kvﬂ-) (5

This is the only assumption we must make to perform VB on this model; the forms of the factors
arise from our model of IBCC. We can use the joint distribution in equation 1 to find the optimal
factors ¢*(t) and ¢*(k, 7r) it in the form given by equation 4. For the target labels we have

Ing*(t) = Egx[lnp(k,t =, )]+ const. (6)

We rewrite this into factors corresponding to independent data points, with any terms not involving
t; being absorbed into the normalisation constant.

K
Ing*(t;) = Ex[lnky,] + Z Er[ln 7rt® (x| -+ const (7)
k=1 e



To simplify the optimal factors in subsequent equations, we define expectations with respect to ¢ of
two statistics: the number of occurrences of each target class is given by

N N
Nj =) Eti=jl=) q'(ti=J) )
i=1 i=1
and the counts of each classifier decision, c( ) =1 , given the target label, ¢; = j, given by
N N
k k . k " ‘
N =3l = UBelts = 3] = 3 e = Ua" (= ). ©
i=1 i=1

is unity if ¢{*)

(k) — ] = [ and zero otherwise.

where [c;

For the parameters of the model we have the optimal factors given by:

Ing*(k,m) = Ei|lnp(k,t, 7T,C)] + const (10)
N
= Ey) {lnp, +Zln7r o} Inp(kvo) (1)
i=1 k=1
+ In p(7r|ax) + const. (12)

In equation 10 terms involving x and terms involving each confusion matrix in 7 are separate, SO
we can factorise ¢* (&, ) further into

¢ (kym) = ¢* () [T [[ a* (=) (13)

Considering the prior for & is a Dirichlet distribution, we obtain the optimal factor

N
Ing* (k) = ]Et[z In k¢,] 4+ In p(k|v) + const (14)
i=1
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1)Ink; + const. (15)

Taking the exponential of both sides, we obtain a posterior Dirichlet distribution of the form

q¢* (k) x Dir(k|v1, ..., v ) (16)
where v is updated in the standard manner by adding the data counts to the prior counts vg:
v; = vy,; + Nj. (17)
The expectation of In k required to update equation 7 is therefore:
J
Elln ;] = W(v;) — U vy) (18)
§’=1

where () is the standard digamma function.

(k)

For the confusion matrices 7r ;" the priors are also Dirichlet distributions giving us the factor

Ing*(m; W), ;k)) = ZEt 1n7r( )m + Inp(7|a) + const (19)

L
= Y N lnﬂ'(k)—l—z M~ Dy + const. (20)
=1

Again, taking the exponential gives a posterior Dirichlet distribution of the form

q*(ﬂ§k)) x Dir(rgk)\ay;),...,ozyz)) (21)



(k)

J

(k)

where o;"" is updated by adding data counts to prior counts oy, ;:

ol = o) + NP (22)
The expectation required for equation 7 is given by

L
Ellnr'y] = w(a{) - (> ol}). (23)
I'=1

To apply the VB algorithm to IBCC, we initialise all the expectations over E[In 77](.;“)} and E[ln «;], ei-
ther randomly or by choosing their prior expectations (if we have domain knowledge to inform this).
We then iterate over a two-stage procedure similar to the Expectation-Maximization (EM) algo-
rithm. In the variational equivalent of the E-step we use the current expected parameters, E[ln 7r§f)]

and E[In ], to update the variational distribution in equation 5. First we evaluate equation 7, then

use the result to update the counts IN; and NV J(lk) according to equations 8 and 9. In the variational
M-step, we update E[In w](.f)] and E[In x| using equations 18 and 23.

3 Galaxy Zoo Supernovae

We tested the model using a dataset obtained from the Galaxy Zoo Supernovae citizen science
project [1]. The dataset contains scores given by individual volunteer citizen scientists (base classi-
fiers) to candidate supernova images after answering a series of questions, the aim being to classify
each data sample (images) as either “supernova” or “not supernova”. A set of three linked questions
are answered by the users, which are hard-coded in the project repository to scores of -1, 1 or 3, cor-
responding respectively to decisions that the data point is very unlikely to be a supernova, possibly
a supernova and very likely a supernova.

In order to verfiy the efficacy of our approach and competing methods, we use “true” target clas-
sifications obtained from full spectroscopic analysis, undertaken as part of the Palomar Transient
Factory collaboration [10]. We note that this information, is not available to the base classifiers (the
users), being obtained retrospectively. This labelling is not made use of in our algorithms, save for
the purpose of measuring performance. We compare IBCC using both variational Bayes (VB-IBCC)
and Gibbs sampling (Gibbs-IBCC), using as output the expected values of ¢;. We also tested simple
majority voting, weighted majority voting & weighted sum [3] and mean user scores, which the
Galaxy Zoo Supernovae currently uses to filter results. For majority voting methods we treat both 1
and 3 as a vote for the supernova class.

The complete dataset contains many volunteers that have provided very few classifications, partic-
ularly for positive examples, as there are 322 classifications of positive data points compared to
43941 “not supernova” examples. We therefore subsampled the dataset, selecting all positive data
points, then selecting only negative data points that have at least 10 classifications from volunteers
who have classified at least 50 examples, which produced a data set of some 1000 examples with
decisions produced from around 1700 users. We tested all imperfect decision combination methods
using five-fold cross validation.

Figure 2a shows the average Receiver-Operating Characteristic (ROC) curves taken across all cross-
validation datasets for the mean score, weighted sum and VB-IBCC. The ROC curve for VB-IBCC
clearly outperforms the mean of scores by a large margin. Weighted sum achieves a slight im-
provement on the mean by learning to discount base classifiers each time they make a mistake. The
performance of the majority voting methods and IBCC using Gibbs sampling is summarised by the
area under the ROC curve (AUC) in table 2b. Majority voting methods only produce one point on
the ROC curve between 0 and 1 as they convert the scores to votes (-1 becomes a negative vote,
1 and 3 become positive) and produce binary outputs. These methods have similar results to the
mean score approach, with the weighted version performing slightly worse, perhaps because too
much information is lost when converting scores to votes to be able to learn base classifier weights
correctly.

With Gibbs-sampling IBCC we collected samples until the mean of the sample label values con-
verged. Convergence was assumed when the total absolute difference between mean sample labels
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Figure 2: Galaxy Zoo Supernovae: ROC curves and AUCs with 5-fold cross validation.

of successive iterations did not exceed 0.01 for 20 iterations. The mean time taken to run VB-IBCC
to convergence was 13 seconds, while for Gibbs sampling IBCC it was 349 seconds. As well as
executing significantly faster, VB produces a better AUC than Gibbs sampling with this dataset.

4 Communities of decision makers

In this section we apply a recent community detection methodology to the problem of determining
most likely groupings of base classifiers, the imperfect decision makers. Identifying overlapping
communities in networks is a challenging task. In recent work [11] we have presented a novel
approach to community detection that utilises a Bayesian factorization model to extract overlap-
ping communities from a “similarity” or “interaction” network. The scheme has the advantage
of soft-partitioning solutions, assignment of node participation scores to communities, an intuitive
foundation and computational efficiency. We apply this approach to a similarity matrix calculated
over all the citizen scientists in our study, based upon each users’ confusion matrix. Denoting 7; as
the (3 x 2) confusion matrix inferred for user ¢ we may define a simple similarity measure between
agents ¢ and j as

Vij = exp (=HD(m;, ;) s (24)

where HD() is the Hellinger distance between two distributions, meaning that two agents who have
very similar confusion matrices will have high similarity.

Application of Bayesian community detection to the matrix V robustly gave rise to five distinct
groupings of users. In figure 3 we show the centroid confusion matrices associated with each of
these groups of citizen scientists. The labels indicate the “true” class (0 or 1) and the preference for
the three scores offered to each user by the Zooniverse questions (-1, 1 & 3). Group 1, for example,
indicates users who are clear in their categorisation of “not supernova” (a score of -1) but who are
less certain regarding the “possible supernova” and “likely supernova” categories (scores 1 & 3).
Group 2 are “extremists” who use little of the middle score, but who confidently (and correctly) use
scores of -1 and 3. By contrast group 3 are users who almost always use score -1 (“not supernova’)
whatever objects they are presented with. Group 4 almost never declare an object as “not supernova”
(incorrectly) and, finally, group 5 consists of “non-commital” users who rarely assign a score of 3 to
supernova objects, preferring to stick with the middle score (“possible supernova”). It is interesting
to note that all five groups have similar numbers of members (several hundred) but clearly each
group indicates a very different approach to decision making.



Figure 3: Prototypical confusion matrices for each of the five communities inferred using Bayesian
social network analysis (see text for details).

5 Discussion

We present in this paper a very computationally efficient, variational Bayesian, approach to imper-
pect multiple classifier combination. We evaluated the method using real data from the Galaxy Zoo
Supernovae citizen science project, with 963 data points and 1705 base classifiers. In our experi-
ments, our method outperformed all other methods, including weighted sum and weighted majority,
both of which are often advocated as they also learn weightings for the base classifiers. For our
variational Bayes method the required computational overheads were far lower than those of Gibbs
sampling approaches, thus giving much shorter compute time, which is particularly important for
applications that need to make regular updates as new data is observed, such as our application here.
Furthermore, on this data set at least, the performance was also better than the slower sample based
method. We have shown that a sensible structure emerges from the cohort of decision makers via
social network analysis and this provides valuable information regarding the decision-making of the
groups’ members.

Our current work considers how the rich information learned using this method can be exploited
to improve the base classifiers, namely the human volunteer users. For example, we can use the
confusion matrices, 7, to identify users groups who would benefit from more training, potentially
from interaction with user groups who perform more accurate decision making (via extensions of
apprenticeship learning, for example). We also consider, via selective object presentation, ways
of producing user specialisation such that the overall performance of the human-agent collective is
maximised. We note that this latter concept bears the hallmark traces of computational mechanism
design and the incorporation of incentives engineering and coordination mechanisms into the model
is one of our present challenges.
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