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Abstract. We present a novel model of decision-making in social tasks
for virtual humans. The model considers multiple valuations of the avail-
able choices in a decision set according to individual and social factors
such as own utility, total group utility, and relative utility. Cultural dif-
ferences are incorporated using Hofstede’s dimensional model of culture
and affect the decision making process by changing the different weight-
ings of the factors. We have integrated the decision model into the dia-
logue manager of a virtual human system, and developed protocols and
dialogue capabilities to support virtual humans in playing a simple nego-
tiation game (Ultimatum Game). We present evaluations between both a
culturally oriented virtual human and a person and between two virtual
humans (with different culture models).

1 Introduction

Decision-making is an important part of social interaction. In the most general
case, a decider must consider not only the impact on his own utility, but also the
impact on others, including individuals, groups and society as a whole. There
are also differences in how individuals value the options in a decision-space as
well as broad similarities in outlook between similar individuals. In this paper
we develop a model of decision-making that can be used by virtual humans to
make decisions in a social setting, such as game play or negotiation.

Most classical economic game-theory accounts of decision-making (e.g. [10]
look at a monolithic notion of utility and maximizing expected utility as the
key to rationality. While such models are often used to good effect, they do not
explain a number of aspects of actual human behavior in social situations [2,
7]. Behavioral game theory focuses more on modeling the way people actually
make decisions [2]. Multi-attribute decision-making applies techniques for con-
sidering different sources of value and means for comparing them [3]. We use
these techniques, but applied to social-decision-making, in which agents are con-
cerned with not just their own utility, but also those of others, as well as relative
and total utility. Such a model can naturally capture differences in individual or
group behavior, by assigning different weights to the factors.

[9] uses Hofstede’s model of culture [8] to inform the decision-making of
virtual agents. We find this work inspiring, though limited in several respects,
notably that the model only covers two dimensions, it is limited to only very



specialized types of decisions, and seems hard to generalize the utility equations.
Moreover, it has not been implemented within virtual humans that can interact
with people.

In this paper, we present a model of decision-making that can be used by
virtual humans to make a wide variety of decisions in different contexts, includ-
ing interacting with both other virtual agents, such as in [9], but also human
interactors. In Section 2, we describe the general model, that can be specialized
to different kinds of situations. In Section 3, we describe how this model can be
adapted to cover cultural differences Using Hofstede’s multi-dimensional model
of culture [8]. In Section 4, we present a concrete example - the Ultimatum game,
in which a fair amount of data has been gathered on human decision-making,
and to which we adapt our model, calculating relevant aspects of cultural dif-
ferences for valuing the situation. In Section 5, we show how this model has
been incorporated into a virtual human dialogue model, allowing agents to play
the ultimatum game with each other and with humans, using natural language
dialogue interaction. Finally, in Section 6, we present a first evaluation of the
model, looking at results of different culture-specific models used to drive vir-
tual human interaction with other virtual humans and real people, in a dialogue
context. We conclude with some directions for future work.

2 The General Social Decision-Making Model

Our basic model considers a number of different metrics for evaluating a given
situation, even for something as simple as a division of money in an economic
game such as the prisoner’s dilemma [2] or the ultimatum game [5]. Each of
the metrics can be calculated from a basic payoff matrix. The metrics we have
considered include:

1. Self Interest (the agent’s own utility)
2. Other Interest (the utility of another)
3. Total Utility (sum of individual utilities of all participants)
4. Average Utility (may not be derivable from Total Utility when the number

of participants is variable)
5. Relative Utilities (viewed in several ways, such as self/total, self−other,

self/other, self/average)
6. Minimum Utility (lower bound for any participant - the aim of Rawls’ theory

of justice [12])
7. Uncertainty (variation among possible outcomes)
8. For each of the above, minimum outcome versions, denoting the worst case

rather than expected utility (in cases where payoffs are probabilistic rather
than guaranteed for a particular choice).

Each of these metrics can be given one or more valuations, choosing an optimum
point and scale. For example, the optimum for self/average might be infinity,
when considering relative self-interest, 1 when considering fairness, or below 1,



if trying to satisfy a vow of poverty. For a given set of possible choices, each val-
uation is considered and the values are brought into one scale by being centered
by the mean and scaled down by the standard deviation. Each individual agent
has a vector of weights, one per valuation, indicating the relative importance of
that valuation. If the weight is zero, then the valuation is not considered in the
overall utility computation for that individual. The total value for each choice
is the sum of the product of values and weights for each valuation, as shown
in (1). For every decision, our agent calculates the utility of all of its possible
choices and selects the one that has the highest overall valuation (according to
the agent’s knowledge and ability to calculate or estimate these values).

(1) V alue(Choicei) =
∑n

j=1(W j ∗ V j(Choicei))

The vector for a simple economic model would have weight one for self-
interest zero for all other weights. A simple cooperative model would have all
weight on total utility. An advantage of the multi-valuation approach is that
it can model an agent who cares (possibly to different extents) about different
aspects of the situation, such as self-interest, collective interest, and fairness.
Our belief is that such a model can better reflect the kinds of decisions that
people make considering multiple factors, which can also account for systematic
differences in decisions made by different individuals (who would have a different
weight vector), as well as subtle changes in the context of a decision, where
changes are only present on some dimensions but not others.

3 Modeling Cultural Differences in Decision Making

The model in (1) can capture cultural differences among populations by setting
the weights for different valuations to be congruent with the norms of specific cul-
tures for those valuations. E.g. the relative value of utility given to self, a group,
or the whole population. We use Hofstede’s model of culture [8] as our basis for
cultural modeling of decision-making because it has the following advantages:

– explicit dimensions of cultural norms that can be tied to valuation
– multiple ways in which cultures can be similar or differ
– data on dimension values for a large range of (national) cultures

Hofstede’s model has five dimensions: Individuality (IDV), Power Distance
(PDI), Long Term Orientation (LTO), Masculinity (MAS), Uncertainty Avoid-
ance (UAI). In theory, each of these dimensions could contribute to the relative
weight of any of the valuations. Thus our generalized model, shown in (2), breaks
down the elements of the weight vector into one component per dimension, and
thus an overall matrix of n valuations and m (= 5) dimensions.

(2) V alue(Choicei) =
∑n

j=1((
∏UAI

d=IDV W j,d) ∗ V j(Choicei))

In practice, however, not every dimension value will impact every valuation,
so a number of these weights will be 1, and not modify the resulting valuation.



The issue then becomes how to assign the weights for individuals from particular
cultures, in specific circumstances. Individuals could vary quite a bit from the
cultural norms, however we would expect a weighted average of individuals from
the culture to roughly match the norms for that culture. If we have no other
information about the preferences of an individual agent, we can use the cultural
norms of the society that the agent belongs to as an approximation of his cultural
profile. If we have information about the personality, power position and the
status of the membership of the agent to different groups, we can also take into
account the variations it imposes on the weights of the valuation functions. The
variation among agents also introduces uncertainty in prediction of how another
agent may choose, even when following the above deterministic decision process.

Our initial weights are chosen by trying to match intuitions about the mean-
ings of Hofstede’s dimensions to the values that high and low points in the
dimension would place on each of the metrics, under different circumstances.
We outline those intuitions below. We attempt to evaluate and refine these in-
tuitions by comparison of our predictions based on the model to observations of
tendencies of different cultures to make different choices for each decision. In the
future we intend to refine these valuations by using machine learning techniques
to optimize the fit to known outcomes, and then evaluating against held out
cultural data.

3.1 The Individualism-Collectivism Dimension (IDV)

The assumption is that in collectivistic societies where people have low individ-
ualism scores, people tend to care more about other individuals and give higher
weight to group rather than self utility. The distinction between in-group and
out-group is essential in collectivistic cultures [8], with value being placed on
utility of others only within the group.

In our model, we define group IDs for individuals and each individual con-
siders his in-group or out-group relationships when he wants to calculate the
utility function of the decision. High individualism cultures put high weight on
self-utility, while low individualism puts less weight on self utility. Low individ-
ualism cultures put high weight on other utility for group members, and high
weight on total utility, when everyone considered is in the group.

3.2 Power Distance Index (PDI)

Power distance is the tendency to accept that more powerful individuals should
have more resources. In a low power-distance culture, more weight is put on
fairness (minimum utility and average utility), regardless of the status of the
participants. For high power distance cultures, the value of self or other is pro-
portional to the power or status of the individual, and the ideal value for relative
utility is in accordance with the relative power.



3.3 Masculinity (MAS)

The masculinity index in general refers to differentiation among gender roles.
However it is also correlated with higher assertiveness and competitiveness, es-
pecially for male members of the culture. For low masculinity cultures, the values
are more similar across gender roles, and tend more toward caring and general
well-being. In terms of our valuations, high masculinity cultures have higher
weights for relative utility (self/average) and self utility, while low masculin-
ity cultures have higher weights for other utility, average utility and minimum
utility.

3.4 Uncertainty Avoidance Index (UAI)

The Uncertainty avoidance indices in societies show how much people do not
want to tolerate uncertainty and ambiguity. This dimension of the culture brings
up another example of violation of classic game theory measurement of utility.
[1] showed that many people would prefer a risk free decision over a possible
decision with higher pay off but uncertainty involved. We capture this aspect
by looking not at expected utility of each valuation, but at a more qualitative
representation of the decision-space, looking at the range of different possible
outcomes that are not under the control of the player. In the simplest case, this
degenerates to looking at the worst-case options.

3.5 Long-Term Orientation (LTO)

Long term orientation can be viewed as different ways of assigning utility, de-
pending on the time scale of the utility and discount rate for future payoff. It
can also be viewed as the tendency to view a set of decisions together as a policy
toward an ultimate goal, rather than looking at each decision in its own right.
We defer modeling LTO for the time being, focusing first on individual decisions
with simple utility values, without taking time into account.

4 Example Application: The Ultimatum Game

In the ultimatum game two people have the opportunity to split a certain amount
of money. The first player makes an offer and second player can accept or reject
this offer. If the offer is accepted the money is split according to the proposal. If
the offer is rejected, both get nothing. This stylized negotiation was first studied
in [5]. Analytical game theory predicts that the responder should accept any
offer greater than 0. In reality many people from most modern cultures would
turn down an offer as low as $10 (out of $100) in order to punish the “unfair”
proposer [7] and [2].

In the case of the ultimatum game, given the simplicity of the task and
symmetries coming from splitting a fixed amount with one other player, we use
only the following four metrics: Self Utility, Other Utility, Self/Other Utility,



and Lower Bound. Decisions are made according to calculations of (2), with one
weight for each combination of valuation and cultural factor

In the rest of this section we give initial weights for low and high values of the
dimensions, under different circumstances. In all cases, for a given dimension d,
weights are shown as a vector for that dimension: (Wself,d, Wother,d, Wself/others,d,
Wlowerbound,d).

4.1 Impact of Individualism-Collectivism Dimension

(3) shows our initial weights for High individualism and for collectivism, consid-
ering both in-group and out-group partners.

(3)
Low IDV In-group Low IDV Out-group High IDV
(2, 2, 1, 4) (1, 1, 1, 1) (2, 1, 1, 1)

4.2 Impact of Power Distance Dimension

In the context of the ultimatum game, the assumption is that in societies with
low PDI, both parties would expect a more even split, while in high power
distance societies, it would be natural to allocate more to the more powerful
party. Our initial weights for this dimension are showin in (4), considering the
power relationship as well as the cultural dimension value.

(4)
PDI score Low PDI High PDI
High to Low power position (2, 1, 2, 2) (2, 1, 2, 1)
Low to High power position (1, 2, 1, 4) (2, 4, 1, 1)

4.3 Impact of Masculinity Dimension

Our model of the masculinity dimension contrasts fairness and care for everyone
vs competitive self-interest. It is summarized (5).

(5)
Low MAS High MAS
(2, 2, 1, 4) W = (4, 1, 4, 1)

4.4 Impact of Uncertainty Avoidance Dimension

The main source of uncertainty in the Ultimatum game is only for the pro-
poser, considering how likely the responder is to accept. Proposers with a high
uncertainty avoidance score, would try to come up with decisions that would
minimize the chance of rejection. The probability of acceptance is calculated
by looking at the likelihood of a random responder accepting, considering the
decision that each cultural model would make and the frequency of each type of
culture assumed to be in the population of players. For low uncertainty avoid-
ance, expected utility is used. For high uncertainty avoidance, we assume a
deterministic decision based on how the majority would decide.



5 Integration with Virtual Humans

We use the model developed above to control virtual human decision-making in
playing the ultimatum game. We integrated an implementation of the decision-
making protocol described above within the tactical questioning architecture [4].
The authoring environment was used to construct domain knowledge and textual
realizations for natural language understanding and generation of a range of
speech acts.

Two agents, were also developed, each of which can play roles of proposer
and the responder in the context of the ultimatum game. The dialogue model
was extended so that for certain situations, the dialogue manager would consult
the decision-making module before deciding on which offer to give (for proposer)
or whether or not to accept an offer (for responder). Other dialogue moves (e.g.,
greetings, closings, explanations) were handled by the existing dialogue networks
in [4]. For each character we can use any of the possible cultural models, and
instantiate relationship variables, such as whether the players are from the same
group, the relative power status, and the population set considered for calculat-
ing probability of refusals.

6 Evaluation and Conclusions

We evaluate the culture models by testing virtual humans playing against hu-
mans and virtual humans. In our experiments we ran the single shot ultimatum
game between two players, splitting $100 with all offers being multiples of $10.
We also played the games in rounds of 10 games each, so that a context of total
earnings can be built up between games to be used for calculating relative utility.

6.1 Evaluation: Virtual Humans versus Humans

We first evaluate the virtual human dialogue integration by having the virtual
humans play against human players. Our virtual humans were tested against
humans playing both proposer and responder roles. The goal was to demonstrate
that the system can play the game successfully, including recognizing a range
of human utterances as needed to participate. An example dialogue is shown in
(6). Three different users acted as both proposer and responder against a range
of cultural models. The average dialogue was composed of 3 dialogue acts and
3 exchanges of turns. An average of 2.5 offers were made by the user proposer
before they were accepted by the virtual human responder. Our initial results are
successful in that humans can play the game by engaging in unrestricted (text)
natural language for the domain. In future work we plan a more controlled study
to quantify performance levels.

(6)

Player Sample Utterances
VH Proposer “Would you accept and offer of ten dollars?”
H Responder “I reject your offer of ten dollars.”
H Proposer “I offer you thirty dollars.”
VH Responder “I accept thirty dollars.”



6.2 Evaluation of Culture Models

We evaluate the culture models by testing the virtual humans playing against
other virtual humans. We included all possible configurations (low, high) of the
cultural dimensions and under four different conditions considering in group and
out-group status crossed with lower and higher power. The goal was to compare
cultural models with data from human players from those cultures.

In order to evaluate the result of the experiments done so far and the perfor-
mance of the model we referred to the extensive data available from literature.
[2] provides a detailed of the history and data of the different ultimatum bar-
gaining games experiments.[6] reveals more variability across cultures and along
with [11] provides the baseline data for our model. The average amount of money
offered in all the experiments done so far is between 0.26 (for Machiguenga in
Peru) and 0.58 (in Lamelara in Indonesia). Our model’s VH proposed values
also fall into this range of data. According to [2] the rejection rate and rejection
data vary from 0 percent (in Tsimane’, Bolivia) to 67 percent (in Mapuche in
Chile). A summary of some of the results is shown in (7), along with data that
has been reported for human players of these cultures.

(7)

Culture Hofstede: VH Human VH Human
PDI,IDV, mean mean rejection rejection
MAS,UAI offer offer rate rate

Israel 13,54,47,81 $21.66 $41.71 25.0% 17.7%
Japan 54,46,95,92 $32.5 $44.73 1.0% 19.3%
Chile 63,23,28,86 $33.13 $34.0 1.0% 6.7%
Austria 11,55,79,70 $33.13 $39.21 9.1% 16.1%
Ecuador 78,8,63,67 $33.13 $34.5 1.0% 7.5%
Germany 31,64,61,60 $36.88 $36.7 9.1% 9.5%
US 40,91,62,46 $41.88 $42.25 12.0% 17.2%
Spain 57,51,42,86 $28.75 $26.66 25.0% 29.2%
Sweden 34,70,4,26 $33.13 $35.33 10.2% 18.2%

These initial results are encouraging. With the exceptions of Israel and Japan,
the VH mean offers are quite close to the human means, and differences are
tending in the right directions (higher for US, lower for Sweden). Similarly for
rejection rates, the rough magnitudes and orderings are consistent for VH and
observed humans.

Clearly there is still some more work to be done, however, to better account
for the data. There are many ways in which the model can be changed, while
still keeping the basic idea of different weights on different valuation functions
in an overall decision-making process. First, we can look at improving the indi-
vidual weights used, from those reported in Section 4. These were based mostly
on intuition, applying on reasoning about the descriptions of the dimensions.
However in many cases this is just guesswork - particularly when it comes to
questions of magnitudes of the weights rather than the qualitative differences.
We intend to apply machine learning techniques to try to learn optimal weights



for a set of cultures, and then evaluate on held-out cultures, to see if this may
provide more robust weights. Second, it may be the case that a different set
of valuation functions must be considered for the Ultimatum game - we may
be missing some important elements, at least for some cultures. Third, we in-
tend to refine the model of Hofstede’s dimensions, taking into account not just
whether the culture scores low or high, but making the weight dependent on the
actual values, to capture finer distinctions. Finally, it may be that the Hofstede
dimensions themselves are not adequate for capturing the kind of cross-cultural
variation that has been observed.
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