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Abstract

Recent advances in Large Language Mod-
els (LLMs) have spurred interest in designing
LLM-based agents for tasks that involve inter-
action with human and artificial agents. This
paper addresses a key aspect in the design
of such agents: predicting human decisions
in off-policy evaluation (OPE). We focus on
language-based persuasion games, where an
expert aims to influence the decision-maker
through verbal messages. In our OPE frame-
work, the prediction model is trained on human
interaction data collected from encounters with
one set of expert agents, and its performance is
evaluated on interactions with a different set of
experts. Using a dedicated application, we col-
lected a dataset of 87K decisions from humans
playing a repeated decision-making game with
artificial agents. To enhance off-policy perfor-
mance, we propose a simulation technique
involving interactions across the entire agent
space and simulated decision-makers. Our
learning strategy yields significant OPE gains,
e.g., improving prediction accuracy in the top
15% challenging cases by 7.1%.1

1 Introduction

Consider an online platform like Booking.com,
where service providers (e.g., hotel owners)
promote their services to potential consumers
(e.g., travelers). These platforms enable various
economic interactions with dynamic behavior,
making reputation a key factor as the interac-
tion is often repeated. The platform often aims
to predict user behavior with service providers
for tasks like revenue forecasting and improved
matching to boost social welfare. Predicting user
behavior with new, unseen providers, however,
results in a distribution shift. In this paper, we

1Our data and code are available in the GitHub
repository: https://github.com/eilamshapira
/HumanChoicePrediction.

introduce a novel approach to address this pre-
diction challenge. We use the term Off-Policy
Evaluation (OPE) to describe a scenario where
test-time interactions involve behavioral patterns
and strategies from service providers that differ
from those in the training data. When test-time
interactions align with the training distribution,
we refer to this as the on-policy scenario.

The interaction described above can be modeled
as a game with asymmetric information, famously
known as a persuasion game. In this game, a
sender (i.e., a hotel owner or a travel agent) aims
to influence the decision of a receiver (i.e., the con-
sumer) through strategic communication. Unlike
zero-sum games,2 persuasion games may involve
partially aligned or misaligned interests, depend-
ing on the state of the world (hotel quality)—only
observed by the sender.

Economics emphasizes the importance of
studying non-cooperative games beyond zero-sum
scenarios (Mas-Colell et al., 1995), with persua-
sion games being central to information economics
(Aumann et al., 1995; Kamenica and Gentzkow,
2011; Emek et al., 2014; Bahar et al., 2016;
Bergemann and Morris, 2019). However, many
game-theoretic models rely on simplified mes-
saging and overlook the complexities of natural
language communication between senders and
receivers. Although their incentives may differ,
they are not in complete opposition, making
straightforward maximization solutions inade-
quate (Fudenberg and Tirole, 1991). Unlike
traditional economic models that use formal sig-
nals, we explore persuasion games with natural
language communication.

Recent research (Apel et al., 2022; Meta
et al., 2022; Raifer et al., 2022) has ventured

2The term zero-sum game typically refers to a two-player
game where one player’s gain comes at the expense of the
other, implying a complete misalignment of interests—rarely
seen in real-world interactions.
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Figure 1: Illustration of a single round in the language-based persuasion game. The bot expert starts by analyzing
the interaction history from prior rounds (not depicted in the illustration) alongside a set of seven reviews, each
consisting of a textual description and an associated score. Following a predefined strategy, it selects one review
from the set and transmits only its textual content to the human Decision Maker (DM). The DM then evaluates
the received review in the context of the full interaction history and chooses an action. In the final step, both the
expert and the DM receive their payoffs, which are determined by the DM’s choice and the hotel’s actual quality.

into language-based games, showcasing notable
success in playing them, with diplomacy, a
multi-person zero-sum game, being a notewor-
thy example (Meta et al., 2022). Despite these
strides, a crucial gap persists in our compre-
hension of human choice within non-cooperative
language-based persuasion games.

Apel et al. (2022) introduced a unique non-
cooperative language-based persuasion game, fea-
turing a multi-stage setup involving an expert
(travel agent) and a decision-maker (DM), the
customer. In each interaction, the expert selects a
scored textual review from the hotel’s reviews to
persuade the decision-maker to choose the hotel.
The DM’s acceptance or rejection yields stochastic
payoffs determined by the review score distribu-
tion, accessible only to the expert. Both players
move to the next stage with a similar structure
after observing payoffs, but with a different hotel.
Figure 1 illustrates a single round of the game.
While Apel et al. (2022) primarily focused on pre-
dicting DM actions, Raifer et al. (2022) adapted
the framework, creating an artificial expert (AE)
employing the Monte Carlo Tree Search (MCTS)
algorithm (Coulom, 2006). The AE utilizes deep
learning models, incorporating behavioral and lin-
guistic features to anticipate the DM’s actions,
and predict the expert’s future reward based on
game status and a potential review. The AE aims
to maximize the number of hotels accepted by
the DM.

1.1 Our Contribution

This paper focuses on off-policy human choice
prediction in language-based persuasion games.
To assess the comprehensibility of human de-

cisions, we consider the prediction of human be-
havior when faced with an unobserved opponent.
Instead of determining optimal policies, we aim to
predict human agents’ choices when playing with
a set of artificial experts in a given game, based
on their interactions with various other experts in
the same game. This is an OPE setup for experts
(agents) interacting with human decision-makers
(DMs) in a persuasion game.

Data To realize this objective, we present a mo-
bile application simulating a realistic language-
based persuasion game environment. Through
experiments involving human agents engaging
with diverse artificial agents, we aim to estab-
lish predictive models that elucidate how humans
respond to unfamiliar partners based on their in-
teractions with known counterparts. In particular,
our dataset consists of 87k decisions from 245
DMs who played against 12 different automatic
expert bots (each DM played against 6 bots). We
consider this dataset as a contribution to the re-
search community and will make it public, hoping
that it will promote the research in our area.

Simulation To enhance the performance of
human choice prediction in OPE, we take
a simulation-based algorithmic approach. We
address data constraints in modeling human in-
teractions by combining human-bot and simulated
DM-bot interactions. Our DM simulation model
assumes that DMs utilize a combination of heuris-
tics related to past game behavior of both players
and the content of the chosen review, and that
they improve over time regardless of the specific
strategy of the expert. From an algorithmic per-
spective, the simulation is designed to model a
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DM that utilizes a mixture-of-heuristics with dy-
namic weights (probabilities), where the weight
of an oracle heuristic (a DM that knows the op-
timal decision) increases over time. This idea is
inspired by the multiplicative weights algorithm,
commonly used in online learning, game theory,
and optimization (Fudenberg and Levine, 1995;
Freund and Schapire, 1999; Arora et al., 2012).
The game-agnostic improvement-over-time prin-
ciple enables data generation from interactions
between simulated DMs and diverse bots. Our
results indicate that training a human decision
prediction model on this mix of human interaction
and simulated data results in a more robust model,
not tailored to specific bot idiosyncrasies in the
training set, making it suitable for predictions
involving new bots and human DMs. Our ab-
lation analysis highlights the importance of the
various components of our simulation: learning-
over-time, past behavior, and review content
modeling.

2 Related Work

2.1 Persuasion in NLP

Persuasion has been extensively explored in NLP
throughout the years. Tan et al. (2016) contributed
a vital dataset from Reddit’s ChangeMyView for
online persuasion analysis. Hidey et al. (2017)
explored argument classification in online persua-
sion, while Hidey and McKeown (2018) examined
the impact of argument sequencing on persuasive
success. Wang et al. (2019) investigated persua-
sive dialogue systems aimed at social good. Yang
et al. (2019a) developed predictive models that
assess the persuasiveness of requests on crowd-
funding platforms. Chen and Yang (2021) offered
a text repository for identifying effective per-
suasive strategies. Hiraoka et al. (2014) applied
reinforcement learning to cooperative persuasive
dialogues.

Several studies focused on studying persua-
sion from the expert’s perspective: Raifer et al.
(2022) follow the setup of Apel et al. (2022) to
design an automated expert for language-based
persuasion games, utilizing tools such as MCTS;
Carrasco-Farre (2024) study persuasive strategies
employed by LLMs; Breum et al. (2024) study
the effect of persuasive LLMs on opinion dy-
namics; and Matz et al. (2024) demonstrate the
potential of LLMs in personalized persuasion.

In contrast, we focus on predicting the behav-
ior of human decision-makers, particularly in the
off-policy evaluation scenario, and developing a
novel simulation-based approach.

2.2 Simulation Data

Simulation ideas have been flowering in machine
learning (ML) areas where human-human and
human-machine interactions are modeled, e.g., in
Reinforcement Learning (RL), due to the costly
and laborious data collection for such setups
(Tesauro, 1991). Notable applications include RL
for robotics (Bousmalis et al., 2018; Vacaro et al.,
2019), and autonomous cars (Yue et al., 2018).
Simulations also play a crucial role in the devel-
opment of artificial agents proficient in gaming
scenarios, e.g., by using MCTS-like simulations
to enhance agent performance (Silver et al., 2018,
2017; Schrittwieser et al., 2020; Oroojlooy and
Hajinezhad, 2022). In NLP, simulating human in-
teractions is used to build dialog systems (Jung
et al., 2008; Ai and Weng, 2008; González et al.,
2010; Shi et al., 2019; Zhang and Balog, 2020;
Liu et al., 2023) and train LLM-based agents that
mimic human behavior (Park et al., 2023; Hussain
et al., 2023; Chuang et al., 2023; Taubenfeld et al.,
2024).

Our work demonstrates a novel use of integrat-
ing interaction data with simulation data. Doing
this we step in the footpath of several stud-
ies in diverse domains, such as NLP (Calderon
et al., 2022), autonomous cars (Cao and Ramezani,
2023; Yue et al., 2018), and astro-particle physics
(Saadallah et al., 2022). Our simulation is novel as
it integrates simple heuristics and can shed light
on human behavior. It is also designed to model
a DM that, like human DMs, learns and improves
over time—a property that is shown to be highly
effective in enhancing OPE.

2.3 Action Prediction in ML and NLP

In the realm of ML and NLP, action predic-
tion, particularly in human decision-making, has
been studied across diverse scenarios (Plonsky
et al., 2019; Rosenfeld and Kraus, 2018; Bourgin
et al., 2019). For example, Plonsky et al. (2017)
integrated psychological features with ML tech-
niques, focusing on decision-making in games
against nature, while Auletta et al. (2023) utilized
supervised learning and explainable AI techniques
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Figure 2: A sample review from our hotel review dataset. The agent is exposed to both the textual part and the
numerical rating of the review. The agent sends only the textual signal to the DM, who is not exposed to the
numerical rating.

for action prediction in collaborative tasks. While
these works have not involved language, others
try to predict human decisions in language-based
situations. Ben-Porat et al. (2020) predicted in-
dividuals’ actions in one-shot games based on
free-text responses, and Oved et al. (2020) forecast
the in-game actions of NBA players by leveraging
insights from open-ended interviews.

Language-based action prediction has been ex-
tensively explored in the legal domain: Zhong
et al. (2018) and Yang et al. (2019b) developed
novel approaches for judgment prediction; Bak
and Oh (2018) demonstrated how group discus-
sions can be used to predict a leader’s decision;
Aletras et al. (2016) and Medvedeva et al. (2020)
utilized ML and NLP to predict decisions of the
European Court of Human Rights.

The recent advancements in LLMs for strategic
and economic scenarios have opened new possi-
bilities for leveraging LLMs as data generators to
predict human actions in economic environments
(Xi et al., 2025). For instance, Horton (2023)
studied the behavior of LLMs in well-known
behavioral economics experiments; Chen et al.
(2023) studied the emergence of rationality of
GPT; Akata et al. (2023) and Guo et al. (2024)
compared the behavior of LLMs in games to those
of rational agents, as predicted by game-theoretic
concepts; and Shapira et al. (2024b) assessed
efficiency and fairness of LLMs in games.

Closest to our work, Shapira et al. (2024a)
demonstrated the potential of this approach in
a similar setting to our language-based persua-
sion game. While this LLM-based approach is
promising, our simulation-based approach offers
three key advantages: (a) it is significantly more
cost-effective, both in terms of budget and run-
time; (b) it proves effective in the OPE setting,
which was not studied by Shapira et al. (2024a);
and (c) it serves as an interpretable generative
model for human choice decisions.

3 Problem Definition

While the space of non-cooperative games is very
large, our emphasis here is on language-based
persuasion games, in which textual messages re-
place the stylized messages discussed in economic
theory. These games model interactions that typi-
cally arise in real-world applications such as online
platforms, as illustrated in §1.

Language-based Persuasion Game The game
consists of two parties, an expert and a
decision-maker (DM), interacting for R rounds.
In each round, the expert, who plays the role of
a travel agent, attempts to promote a randomly
selected hotel. The expert is presented with m
scored reviews that were written and scored by
real users of Booking.com. The expert is then
asked to send the DM one of the reviews to per-
suade her to select the hotel. Figure 2 presents an
example review. A hotel is considered good if:

ŝ =
1

m

m∑

i=1

si ≥ TH (1)

That is, its average review score, ŝ, is not less than
a predefined threshold, TH , and bad otherwise,
where si is the hotel’s i′th review score.

In the experimental study (see next section),
following Apel et al. (2022), we take R = 10 and
m = 7. We chose TH = 8.0 because, according
to Booking.com, a hotel rated 8.0 or higher is
considered a good hotel. The definition of what
constitutes a good hotel is available only to the
expert.

While the expert observes both the verbal and
the numerical part of the reviews and hence knows
the hotel’s quality, the DM observes only the
verbal part of the review sent to her. The DM’s
task is to decide whether to accept the expert’s
offer and go to the hotel or decline it and stay at
home, based only on the review provided by the
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Split Condition Description Condition formulation
Is the current hotel good? ŝt ≥ 8
Did the DM choose to go to the hotel in the previous round? dt−1 = 1
Was the hotel in the previous round good? ŝt−1 ≥ 8
Has the decision maker earned more points than the
number of times he chose to go to the hotels?

∑t−1
i=1(Iŝi≥8 = di) >

∑t−1
i=1 di

Action Description
Send the r review r ∈ {best, mean, worst}

Table 1: The conditions and actions used by the rule-based experts in round t. The hotel score in the
i-th round is denoted with ŝi, while the binary decision made by the DM in the i-th round is denoted
with di (with di = 1 for hotel selection).

expert. The DM’s payoff at each round depends
on the quality of the hotel, with a positive payoff
(of 1 point) received when a good hotel is selected
or when a bad hotel is not selected, and a payoff
of 0 incurred otherwise. At the end of each round,
both players are notified of the DM’s decision and
her individual payoff. The goal of the DM is to
gain at least TR out of the R = 10 possible points
(see §4).

3.1 Strategy Space

While Apel et al. (2022) study human vs. human
games, in this work we generalized their game to
human (DM) vs. bot (expert) interactions in an
OPE setup. We therefore need to define a strategy
space for the experts. This space encompasses all
simple, deterministic decision-tree-based strate-
gies that can be constructed using a pre-defined
set of binary split conditions and a pre-defined set
of actions. These conditions and actions are based
on the respective reviewers’ numerical scores as-
signed to the hotels, and the game’s history, as
detailed in Table 1. Employing decision trees of
depth up to 2 (to keep the strategies simple), we
obtained a total of 1179 strategies.

Six of these strategies were selected for group
EA, and six others for group EB, each of the
groups is played with a different set of human
DMs to implement an OPE setting. The strategies
were selected so that they are different from each
other, and the difference between EA and EB is
large.3 One example of such a strategy is presented

3To understand what ’difference’ between strategies
means, notice that each strategy induces a probability distri-
bution over the review scores it reveals to the DM. Then,
similarity can be naturally defined between any pair of such
induced distributions. As we discuss next, our OPE task is

Figure 3: An example strategy from the EB set.

in Figure 3. A full list of the strategies in EA and
EB is in Appendix A.

An important aspect of the selected expert
strategies is that they are simple and intuitive,
and represent a diverse set of behavioral patterns
that are likely to arise in real-world persuasion
scenarios. Simplicity mostly follows from the
fact that decision trees are restricted to depth
2. This property aligns with humans’ tendency
to follow simple heuristics due to limited cogni-
tive resources (Hutchinson and Gigerenzer, 2005;
Gigerenzer and Brighton, 2009). To demonstrate
the intuitive nature of these strategies, we first
provide some examples of concrete strategies that
are contained in EA and EB, and then provide
a high-level classification of the entire strategy
space to conceptual categories, which are all
represented in both strategy sets.

more challenging than its on-policy counterpart. This ob-
servation confirms that the selection process successfully
identified two conceptually different strategy sets.

984



Examples We now introduce several intuitive
persuasive behavioral patterns captured within
particular expert strategies in our setup.

• The greedy expert always reveals the most
optimistic piece of evidence for the hotel’s
quality, regardless of its true quality.

• The honest expert reveals the best review
when the hotel is good, and reveals the most
negative review when the true quality is low.

• The backward-looking expert takes a differ-
ent approach: When the previous decision
of the DM was to accept the offer, she
presents the best possible review, exploiting
the good reputation to maintain momen-
tum. Otherwise, she presents the (closest
to the) mean-scored review, to avoid a bad
reputation.

These experts take different persuasive ap-
proaches while having the same goal of max-
imizing their cumulative gain against a human
DM. These reflect differing underlying beliefs
about the human DMs behavior, and their per-
formance can significantly differ depending on
the opponent. The greedy and honest strategies
are contained in EA, while the backward-looking
strategy is in EB.

Classification of Strategies We begin by ob-
serving that there are two types of split conditions
according to which the strategies are constructed
(Table 1): conditions that depend on the hotel
quality (e.g., first row) and conditions that de-
pend on the DM past behavior (e.g., second row).
A strategy may include both condition types, just
one, or neither. It is therefore convenient to use this
fact to define four distinct groups of strategies: (1)
simple strategies that include no split condition,
and are defined solely by an action description
(e.g., the greedy strategy); (2) quality-dependent
that only contain split conditions depending on
the hotel quality (e.g., the honest strategy); (3)
history-dependent strategies, that contain only
split conditions that are history-dependent (e.g.,
the backward-looking strategy); and (4) complex
strategies that contain both types of splitting con-
ditions (e.g., the strategy illustrated in Figure 3).
Importantly, our selected strategy sets are repre-
sentative of the entire strategy space in the sense
that they cover all four strategy classes.

Our Challenge Given a dataset composed of in-
teractions between human decision-makers and an
ordered set of experts EA, our objective is to pre-
dict the behavior of other human decision-makers
when they engage in game-play with another
ordered set of rule-based experts EB.4

4 The Human-Bot Interaction Dataset

In order to collect data, we developed a mobile
phone game application that follows the above
multi-stage language-based persuasion game set-
ting. In our game, a human DM plays with a series
of 6 rule-based experts (bots, either EA or EB),
each game consisting of R = 10 rounds. The DM
gets 1 point if she makes a good decision (select-
ing a good hotel or avoiding a bad one), and 0
points otherwise, and hence the maximal payoff
is 10. To advance to the next level (play with
the next bot), the DM must achieve a pre-defined
target payoff. The target payoffs are in the 8–10
range, and are defined according to how challeng-
ing the bot is.5 The goal of the human player is to
get the target payoff of all six experts. We refer
to reaching the target payoff as ‘‘defeating’’ the
expert, although this is not a zero-sum game with
adversarial experts.6

The Hotels Utilizing hotel reviews sourced
from Booking.com, we compiled a dataset com-
prising 1,068 hotels, each with m = 7 scored
reviews. We chose the hotels so that only
about half of them are defined as good (i.e.,
ŝ ≥ TH = 8). The median score of the hotels
was also set to 8.01.

Interaction Data We ranourgamein the Apple’s
App Store and Google Play for a few months (May
2022–January 2023). The players who down-
loaded the app until November 2022 played with
group EA experts, while the players who played
from December 2022 played with group EB ex-
perts. We collected 87,204 decisions taken by 245
players who finished the game, i.e., defeated all
six experts. Statistical details of the data are given
in Table 2. We used reward schemes, including

4In Appendix E.1 we demonstrate that the off-policy task
is indeed harder than the on-policy one.

5Based on game design considerations, we did not order
the bots by difficulty; the target payoffs were estimated by
the authors after playing several times against each bot.

6The introduction of target payoffs, whose goal is to en-
hance player engagement, represents yet another distinction
of our work from that of Apel et al. (2022).

985



Group Experts #DMs #decisions median #decisions/DM median #games/DM

A EA 210 71,579 273 34.5
B EB 35 15,625 367 55

Total EA or EB 245 87,204 280 37

Table 2: Dataset statistics.

lottery participation and course credit, to incen-
tivize players to beat all six experts in the game.
More details about our app and the data collection
process are in Appendix B.

5 Simulation-based OPE

We propose a simulation-based DM as an inter-
pretable generative model for human choice data.
By interacting with expert bots using random
strategies from the strategy space, the simulated
DM generates data that is combined with initial
human-bot interaction data to enhance off-policy
prediction.7 Algorithmically, the simulation uses
a mixture of heuristics with dynamic weights, re-
lying on intuitive decision rules informed by past
interactions and textual content to decide the next
action.

Over time, the simulated DM dynamically up-
dates the weights of these heuristics, referred to as
its temperament. However, while these heuristics
are interpretable and intuitive, they are inherently
simplistic and fail to emulate the adaptive learning
seen in human DMs, whose performance improves
over time (see §8.2 for evidence).

To address this, we introduce an oracle heuristic
into the simulation, with its weight increasing over
time. This adjustment enables the simulated DM
to exhibit improvement patterns akin to human
DMs, effectively combining human-like heuris-
tics with gradual improvement. This approach
proves highly effective in enhancing off-policy
evaluation.

The Simulation In each instance of the bot-DM
interaction simulation, we sample six expert strate-
gies from the entire strategy space, uniformly at
random. For each simulated DM-bot interaction,
we randomly sample 10 hotels, one for each of
the R = 10 rounds. In each of the rounds, the
expert uses its strategy to select a review from
the review set of the hotel associated with that

7In Appendix E.2, we show that the simulation also
improves on-policy prediction quality.

round. The simulation involves the DM playing
the 10 rounds game against the same expert un-
til achieving a payoff of SIM PAY TH = 9
points, before moving on to play against the next
expert.8 The simulated DM uses the textual review
and its estimated numerical score (see below) to
make decisions.

Our simulation is based on two basic probability
vectors: (a) The nature vector, a hyper-parameter
vector denoted with (p1, p2, p3); This vector pro-
vides the initial probabilities that the DM will
select one of three basic heuristics (see below);
and (b) The temperament vector, comprising four
values (pt0, p

t
1, p

t
2, p

t
3) and updated in each round

t. While pt1, p
t
2, p

t
3 correspond to the three values

in the nature vector, pt0 is the probability that the
DM will play oracle, and take the right decision
just because it has learned how to play the game
from the multi-stage interaction with the bot.9

The nature vector corresponds to three heuris-
tics: Trustful, Language-based, and Random.
These heuristics reflect the two basic com-
ponents we attribute to a DM: considering
past behavior and its outcome (Trustful) and
learning from the information in the current ho-
tel’s review (Language-based), alongside inherent
randomness (Random).10

DM Heuristics Under the Trustful heuristic, the
DM chooses to go to the hotel if and only if in the
last K rounds the DM’s estimated review score
matched the feedback about the hotel quality,
where K is a stochastic parameter sampled for
each DM individually. Notice that as opposed to

8If the DM does not reach a payoff of 9 or 10 then it
repeats the game after 10 new hotels are sampled to replace
the original 10 hotels.

9A core idea behind the simulation design is that human
DMs indeed learn and improve over time. In Appendix 8.2
we provide empirical evidence of this phenomenon.

10Notice that both the expert strategies and the structure
of our simulation reflect underlying beliefs about the nature
of human DMs. However, the simulation remains agnostic to
the beliefs guiding the test-time strategies, and still produces
high-quality data. In some sense, the simulation is hence
based on heuristics that can be seen as fundamental.
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Figure 4: Example of the update process of the temperament vector of a simulated DM. Each simulated DM
is assigned a nature vector, representing its inherent action probabilities. At the start of an interaction with a
new agent, the DM’s temperament vector is initialized to that nature vector. In each round, the DM’s action
is randomly chosen according to the probabilities in the temperament vector. After the round, the temperament
vector is updated so that, with some positive probability, the likelihood of playing Oracle increases, while the
probabilities of playing all other actions decrease.

the real human-bot interactions, in this heuristic
the DM does use the numerical score of the review.
However, in order to emulate the reality where
it is hard for humans to accurately estimate the
review score from its text, the estimated numerical
score is defined as ŝ + x, where ŝ is the actual
score of the review and x ∼ Normal(0, ε) is a
noise variable. The hotel quality feedback is the
average scores of the hotel’s reviews (Equation 1).
According to the Language-based heuristic, the
DM uses an LLM to predict the review score. If
the predicted score is 8 or higher, the DM chooses
to go to the hotel. We computed review scores
with Text-Bison (Anil et al., 2023), prompting it
to score each review on a 1–100 scale such that a
good hotel is one with a score of ≥ 80, and then
re-scaled the scores into the 1–10 range. Finally,
under the Random heuristic, the DM would make
a random decision.11

The Temperament The temperament vector is
initialized at the onset of each 10-round DM-bot
interaction to be p0 = (0, p1, p2, p3), where
(p1, p2, p3), the nature vector, is a DM-specific
hyper-parameter (see Appendix D). At each
round t, the temperament vector is updated
by multiplying pt1≤i≤3 by a factor of 1 − γti ,
where γti ∼ Uni(− η

10 , η) and η ∈ (0, 1] is a
hyper-parameter representing the DM’s improve-
ment rate.12 Accordingly, pt0 is updated to be
pt0 = 1 −

∑
1≤i≤3 p

t
i to ensure that the tempera-

11Note that simulating data based on both textual and
behavioral contexts using an LLM is financially prohibitive,
as it would require us a call to the LLM for every decision in
the simulation, for a total of tens to hundreds thousands calls.

12We allow γt
i to get negative values since it is possible

that at some rounds the DM performance degrades.

ment vector is a probability vector. In this way,
the temperament vector after T > 0 rounds is
defined by:

pTi = pi

T∏

t=1

(1 − γti ) and pT0 = 1 −
3∑

i=1

pTi

(2)
Since 0 < E[1 − γti ] < 1, it holds that the

probability making the right decision (pT0 ), irre-
spective of the nature vector, tends towards 1 as
the number of rounds approaches infinity. Hence,
the DM will inevitably defeat any expert after a
sufficient number of rounds.13 Figure 4 illustrates
the update process of the temperament vector.

Gradient-based Training We leverage both
simulation data and real human-bot interactions
to train the decision prediction model. At the be-
ginning of each training epoch, we train the model
using Sr simulated DMs per each human DM, and
subsequently train the model using the human-bot
interaction data (Sr is a hyper-parameter).

6 Experiments

6.1 Feature Representation

We represent each DM-bot interaction round with
features related to (1) the hotel review sent by the
expert to the DM; and (2) the strategic situation
in which the decision was made. To represent
a review, we utilize a set of binary Engineered
Features (EFs) originally proposed by Apel et al.
(2022). These features describe the topics that the
positive and negative parts of the review discuss
(e.g., Are the hotel’s design mentioned in the

13In Eq. 2, it may be that
∑

1≤i≤3 p
T
i > 1, in which case

we trim this sum to 1 before computing pT0 .
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positive part of the review?) as well as structural
and stylistic properties of the review (e.g., Is the
positive part shorter than the negative part?).

To label the topics the review discusses, we use
OpenAI’s Davinci model.14 The model receives
as a prompt the review and the feature definition,
and is asked to indicate whether or not the feature
appears in the review. Below we demonstrate that
the use of EFs yielded better results compared to
deep learning based text embedding techniques
such as BERT (Kenton and Toutanova, 2019)
and GPT-4 (OpenAI et al., 2023). To represent
the strategic interaction, we introduce additional
binary features that capture the DM’s previous de-
cision and outcome, current payoff, and frequency
of choosing to go to the hotel in past rounds of
the same interaction (see Appendix C for further
details).

6.2 Models and Baselines

This subsection provides a description of the mod-
els that we train for our study. For each model,
except for the Majority Vote model, we train three
versions: one using only human-bot interaction
data, one using only simulation data, and one with
both interaction and simulation data. This allows
us to evaluate the impact of simulated data on the
model’s predictive performance. All the models
are designed to predict the DM’s decision in a
specific round, given the previous rounds played
in the same bot-DM interaction.

Majority Vote The Majority Vote baseline pre-
dicts the DM’s decision based on the percentage
of DMs who decided to go to the hotel in the inter-
action training set. Notably, this baseline method
solely relies on the review and disregards the
repeated nature of the game. Additionally, it is
unsuitable for predicting the decisions of players
who are the first to encounter a new review. In
order to make sure that we consider only cases
where DMs indeed read the review, we consider
only cases where DMs spent at least 3 seconds
before making their decision.15

14This stands in contrast to Apel et al. (2022), who
manually tagged their reviews with the EFs.

15Note that we could use this baseline because we use
the same set of hotels at train and test (and also simulation)
time. We justify this design choice by the large number of
hotels in our dataset (1068, see §4), the resulting negligible
probability of getting the same 10 hotel sequence in two
different bot-DM interactions and the fact that in the actual

Machine Learning Models We employ five
machine learning models to predict the DM’s deci-
sions. First, we utilize a Long Short-Term Memory
(LSTM) model (Hochreiter and Schmidhuber,
1997), wherein the cell state is initialized be-
fore the DM’s first game (10-round interaction
with a bot) to a vector estimated during train-
ing, while the hidden state is propagated from
game to game.16 By managing the cell state in
this manner, we model the relationship between
successive games of the DM against the same
expert. Second, we train a Transformer model
(Vaswani et al., 2017) that takes as input the rep-
resentation of all rounds up to round t. Third,
we use Mamba, which is a modern state-space
model (Gu and Dao, 2024). Lastly, we implement
two strong non-sequential models: an XGBoost
classifier (Chen and Guestrin, 2016), and a fully
connected (FC) neural network.17

Ablation Analysis Experiments with these
models aim to shed light on the factors that con-
tribute to the positive impact of the simulation.
To this end, we consider several variants of the
simulation process of §5. First, we test the im-
pact of the DM’s learning rate parameter (η) on
the prediction performance. Then, we examined
the effect of the number of simulated agents on the
performance of the models, reasoning that a truly
effective simulation is one where more simulated
data yields better results, at least up to some
threshold. Finally, we consider the relative impact
of each component of the simulation.

6.3 Research Questions

We consider the following research questions:
Q1: Does incorporating simulation data during
model training improve the accuracy of decision
prediction in OPE scenarios for different types
of prediction models? Q2: How do the different
learning models perform on the human choice
prediction task? Q3: Does simulation improve
prediction for different types of expert strategies?
Q4: What are the components of the simulation
that lead to the improved results? and Q5: How
does the representation of the language in the

world, the set of available hotels does not tend to change very
quickly.

16This method for sharing information among games
outperformed several alternatives we considered.

17Additional experimental details and the hyper-parameter
tuning procedures are in Appendix D.
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Figure 5: Performance of the models on different sets of hard (top) and easy (bottom) examples, with 95%
bootstrap confidence intervals. Training on a combination of human-bot interaction and simulated data improves
model performance on the hard sets without harming their performance on the easy sets.

prediction model (EFs vs. plain LLMs) affect the
prediction quality with and without simulation?

7 Results

In this section we report the results of each
model as the mean of the average accuracy per
player (DM) and expert strategy. We average
over DMs rather than over decisions so that hu-
man DMs who played more games than others
are not over-represented in the results. For the
models trained on human-bot interactions only
(i.e., without simulation data), LSTM and Mamba
show the best performance, outperforming Trans-
former. The XGB, FC, and Majority models are
inferior, and hence in what follows we mostly
focus on the results of the LSTM and the Trans-
former, and the full experimental results can be
found in Appendix E.3. The rationale behind fo-
cusing on LSTM and Transformer (instead of the
two best-performing models, LSTM and Mamba)
is that the two architectures reflect two extreme
modeling approaches (see discussion in Q2), while
Mamba conceptually serves as a middle-ground,
combining the sequential processing of LSTM
with the and scalability of Transformers.

The Impact of the Simulation (Q1) Figure 5,
as well as Table 7 in Appendix E.3, present the ac-
curacy of each model, when trained on the human
interaction data only, and when simulation data

is added to the training set (the +S models). Our
analysis distinguishes hard from easy examples
for each model, and also provides results over the
entire test set. We define a hard example for a
deep learning model as one for which not all of its
15 variants, differing in their randomly initialized
training weights, agree with each other. For the
XGB and Majority vote models, we consider ex-
amples with confidence levels 40%-60% as hard.
Non-hard are considered easy.18

For all classifiers and for all hard exam-
ple sets, combining human and simulated data
demonstrates improved performance compared to
training on human interaction data only, without
harming the prediction on the easy example sets.
That is, for each prediction model (column in
Figure 5), adding simulated data increases accu-
racy on hard cases (top row) and does not decrease
accuracy on easy cases (bottom row). Specifically,
for LSTM the improvement on its own hard exam-
ple set is 7.1%, from 53.7% to 60.8% accuracy. For
the Transformer the corresponding improvement
is 4.8%, from 56.5% to 61.3%.

We emphasize that training on the simulated
data only yields disappointing performance. For
example, on the entire test-set the accuracy of
LSTM+S is 83.6% and of Transformer+S is

18The results in Figures 5 and 6 (as well as Table 7 in
Appendix E.3) are presented with 95% bootstrap confidence
intervals, based on the accuracy obtained by all 15 prediction
models’ variants.
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Figure 6: Model performance on the LSTM hard examples, for each expert strategy, with 95% bootstrap confidence
intervals. Training on human and simulation data improves performance for all strategies.

83.4%, and for the LSTM and Transformer mod-
els, trained on human-interaction data only, the
corresponding numbers are 82.6% and 82.3%. At
the same time, if we train the LSTM and the Trans-
former on simulated data only, their accuracy
is 78.6% for LSTM and 78.7% for the Trans-
former. Hence, we do not consider simulation-only
training any further in this paper.19

The ImpactofthePrediction Model (Q2) Figure 5
reveals an insightful observation on the relative
effectiveness of different model architectures.
Although, as expected, XGB performs worse
than both LSTM and Transformer models, an
unexpected result is that LSTM often outper-
forms Transformer in harder cases. Specifically,
across the top row of results (excluding ‘Hard
to LSTM+S’), LSTM consistently outperforms
Transformer. This observation holds even in ‘Hard
to LSTM’ cases, where one would anticipate
Transformer to perform better, given that these
cases are particularly challenging for LSTM.

A possible explanation lies in the distinct archi-
tectural characteristics of LSTM and Transformer.
Unlike Transformers, which models dependencies
across all elements of an input sequence, LSTMs
have an inherent inductive bias that encourages
reliance on recent sequence elements for predic-
tion. This inductive bias appears advantageous
in choice prediction tasks, where human DMs
are generally influenced by recent interactions (a
cognitive bias famously known as the ‘‘recency ef-
fect’’, see Ebbinghaus, 1913). While it might seem
plausible for Transformer to learn such patterns
autonomously, it is essential to note that, unlike
language modeling tasks, human choice prediction
datasets are often relatively small, lacking suffi-

19In Appendix E.4 we compare the contribution of simu-
lated data to the hypothetical case where additional human
data is available.

cient data for the Transformer to independently
capture such temporal patterns without architec-
tural guidance. Given the constraints on collecting
human data–stemming from privacy, budget, and
logistical challenges–limited training data is a fre-
quent issue in human choice prediction tasks. This
limitation underscores the importance of model
selection in addressing these challenges.

The Impact of the Expert Strategy (Q3) We
highlight that the effectiveness of an expert strat-
egy heavily depends on the behavior of the
opponent DM. Different human players respond
differently, creating varied effects that impact
how accurately their actions can be predicted.
For example, consider a greedy expert who al-
ways presents the most positive review. Some
DMs may trust and follow consistently positive
reviews, while others may learn to disregard them
as uninformative. A different expert strategy is
likely to dramatically change the behavior of DMs.
Thus, the particular expert strategy (against whom
human behavior is predicted) directly influences
the complexity and outcome of the prediction
task. Figure 6 presents the accuracy of the models,
trained with and without simulation, for each of
the expert strategies for the set of hard examples
of the LSTM model. Apparently, including the
simulation data improves the performance of both
LSTM and Transformer for each of the expert
strategies. The same results are observed when
testing the models on the hard Transformer ex-
amples. This result increases our confidence in
the simulation as it improves performance when
considering each strategy separately.

Ablation Analysis (Q4) Figure 7 presents
model performance as a function of the num-
ber of training epochs, for various values of the
Sr parameter, which defines the ratio between
the number of simulated and human DMs in the
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Figure 7: Model performance as a function of the number of epochs, for various values of Sr, the ratio between
the number of simulated and human DMs in the training set (the number of human interaction examples is fixed
to the entire human interaction training set).

Figure 8: Model performance as a function of the number of epochs, for different values of η, the improvement
rate parameter.

training set.20 It can be seen that adding more sim-
ulated data improves performance, up to a limit of
Sr = 4. However, the improvement with Sr = 10
is lower than withSr = 4, so the impact of the sim-
ulation data is not unlimited. The regularization
effect of the simulation is also observed. These
results demonstrate the quality of our simulation,
as we would expect that more high-quality data
would increase its positive impact.

We next examine the relative importance of
the various simulation components for improved
performance. We start by training the models with
different values of η, the DM improvement rate
parameter, which controls the DM learning from
experience. Figure 8 demonstrates that when η =
0, the simulation data neither improves nor harms
model performance, and serves only as a means of
regularization. For η > 0, both LSTM and Trans-
former benefit from the simulation to a similar
extent. These results emphasize the importance

20The number of human interaction examples is fixed to
the entire human interaction training set, so higher Sr values
simply mean more simulated data.

With Random

With Trustful Without Trustful

With Lang.-based 100.0% 80.8%
Without Lang.-based 50.3% 10.9%

Without Random

With Trustful Without Trustful

With Lang.-based 89.2% 70.9%
Without Lang.-based 71.5% 0%

Table 3: The impact of simulation heuristics on
the LSTM prediction performance (with η = 0.01
selected via hyperparameter tuning). Percentages
are taken from the prediction accuracy of the
complete simulation.

of learning from experience for OPE, particularly
independently of the expert strategy.

Table 3 quantifies the impact of the three
heuristics (Language-based, Truthful, and Ran-
dom) on the performance of the LSTM prediction
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model. The table reveals that all three strategies
have a substantial impact on the performance.
For example, if we include only one, the accu-
racy of the eventual prediction model is 70.9%
for language-based, 71.5% for trustful, and only
10.9% for random (percentage taken from the pre-
diction accuracy of the complete simulation). The
patterns for the Transformer are very similar. We
also evaluated the model’s performance when the
simulation relies solely on an oracle. In this case,
the improvement reaches only 28.8%.

LanguageRepresentationAnalysis (Q5) Figure 14
(in Appendix E.5) presents the LSTM per-
formance for the three review representation
schemes: BERT, GPT-4, and EF, and for vari-
ous values of the simulation ratio parameter Sr.21

Evidently, the performance with EF is superior.22

8 Human-Simulation Comparison

As mentioned in §5, we constructed the simulation
based on principles that we believe characterize
human decision-making. In this section, we exam-
ine whether the simulation’s behavior aligns with
human behavior.

8.1 Comparing Simulation Behavior and
Human Decision-Making

To demonstrate the similarity between the simu-
lation and human decision-making, we analyzed
two vectors: one representing the percentage of
times a player chooses to go to a hotel based
on a given review, and another capturing the
percentage of times a player makes this choice
based on the decision history and outcomes from
the previous two rounds. Table 4 presents the
Pearson correlation coefficients between vectors
derived from all human player decisions and a
vector constructed from half a million rounds
played by simulated decision-makers. We report
the correlations for the different heuristics used in
the simulation, their combination with the Oracle
strategy, and the full simulation, which includes
all the strategies. The results indicate a strong

21For BERT and GPT-4 we take the sentence embeddings
and perform dimensionality reduction with PCA to 36 coor-
dinates, to balance the vector size with the number of reviews
(3000). 36 is also the number of the EFs.

22The pattern for the Transformer is similar.

Simulation Heuristic Review History

Oracle 0.52 0.23
Truthful 0.69 0.67
Truthful + Oracle 0.72 0.69
Language-based 0.79 0.70
Language-based + Oracle 0.81 0.79
Random −0.00 0.06
Random + Oracle 0.54 −0.01
Full Simulation 0.79 0.65

Table 4: Pearson correlation coefficients measur-
ing the similarity between human behavior and
heuristics in the simulation, based on average
decision-making probabilities given a specific re-
view (the Review column) and given the decision
and outcome history from the previous two rounds
(the History column).

correlation (Pearson coefficient ≥ 0.67) be-
tween the simulation’s decisions and those of
human players across both language-based and
truthful simulations. In all cases, incorporating
an oracle further enhances alignment with human
decision-making. Interestingly, the full simula-
tion, incorporating all strategies, shows lower
correlation with humans than the Trustful and
Language-based (w. or w/o Oracle) strategies.
This contrasts with Table 3, where the full simula-
tion proves superior as training data for prediction.
We hypothesize that its random component, while
uncorrelated with human behavior, enhances pre-
diction by improving the robustness of the trained
predictor. Figure 9 presents two games from the
dataset, comparing the human player’s behavior
to that of Simulated DMs employing language-
based and truthful strategies.

8.2 Improvement Over Time in Human DMs

One of the most important assumptions in the
simulation is that humans learn over time. In this
subsection, we validate this hypothesis. Figure 10
shows the improvement of human players over
time, against both training strategies (EA) and
test strategies (EB). Each point shows the aver-
age winning rate (i.e., the probability of taking
the ‘‘right’’ action) across all DMs, experts and
rounds, in the i′th game before the DM defeats the
expert (i.e., reaches the target payoff). The graph
clearly shows that as time progresses, DMs are
more likely to make correct decisions.
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Figure 9: Two games from the dataset. The top row shows the reviews sent by the agent (score and index) and the
hotel quality (green: good, red: bad). The following rows present the human player’s decisions and the decisions
that would have been made by a simulated DM under the language-based profile and by a simulated DM under the
truthful profile in the given situations. In the first game, the human player matched the language-based strategy,
while in the second, they followed the truthful strategy.

Figure 10: Round winning probability as a function
of the distance from the final game against the same
agent.

9 Discussion

We addressed the challenge of OPE in
language-based persuasion games by proposing
a simulation where DMs employ a mixture
of interpretable, human-like heuristics that
incorporate both behavioral and language-based
signals. Additionally, the probability of making
correct decisions increases progressively over
time. Combining this simulation data with
human-bot interactions demonstrated significant
improvements.

Limitations and Future Work We made sev-
eral restricting assumptions, which also serve as

potential future research directions. First, while
our strategy space is rigorously defined and al-
lows us to crystallize the approach, considering
more involved expert strategies is a natural ex-
tension in bridging this topic into practice. Future
work would aim to demonstrate results for a wide
range of strategy sets that would serve as EA
and EB, and with a larger variety of parameters
(e.g., for games with a larger number of rounds).
However, since data collection from humans is
costly and laborious, we restrict our experiments
to a specific choice of EA and EB, potentially
affecting the generality of our findings.

Second, extending our approach beyond the
persuasion game framework is another appealing
future direction. This paper takes an initial step to-
ward a simulation-based framework for off-policy
evaluation, demonstrated through a game inspired
by economic theory with relevance to domains
like recommender systems and e-commerce. Our
approach models a decision-making player using
basic heuristics—Trustful, Language-based, and
Random—while allowing gradual improvement
via an ‘‘oracle’’ strategy over time. Although fo-
cused on persuasion games, this method could ap-
ply broadly to other economic settings where such
interpretable ‘‘base’’ strategies are identifiable.

Ethical and Societal Considerations Human
choice prediction is a field with profound so-
cietal implications. Developing technology for
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predicting human decisions, particularly in eco-
nomic contexts, holds both promise and risk. On
the positive side, such technologies can enhance
consumer welfare in recommendation engines. By
accurately predicting consumer behavior, system
designers can strike a fair balance between the in-
terests of buyers and sellers, optimizing outcomes
for both. However, the same technology can be
exploited to manipulate consumers into ineffi-
cient trades, greedily maximizing profits at their
expense. Beyond commerce, the capabilities of
human choice prediction extend to policy-making
and public discourse. Persuasion games can model
the public’s response to various strategies, and
while this can inform better policies, it also
risks being used to manipulate public opinion,
potentially harming societal welfare.

Simulation-based approaches for human choice
prediction can also be used in behavioral eco-
nomics research. These methods can reduce the
costs of large-scale human data collection and en-
hance predictive accuracy. However, simulations
can also introduce biases, such as over-reliance
on modeled assumptions or misrepresentation of
human variability, potentially leading to skewed
predictions and misaligned conclusions.

Given these potential benefits and risks, we ad-
vocate for the careful and regulated development
and application of human choice prediction tech-
nologies. Clear guidelines for data collection and
use, as well as the development of these tools,
are crucial. This can be achieved through ethi-
cal codes in academic research, robust guidelines
in tech companies, and government regulations.
These measures are essential to ensuring that ad-
vancements in human choice prediction serve the
greater good of society.
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Rémi Coulom. 2006. Efficient selectiv-
ity and backup operators in monte-carlo
tree search. In International Conference
on Computers and Games, pages 72–83.
Springer. https://doi.org/10.1007
/978-3-540-75538-8_7

Hermann Ebbinghaus. 1913. A contribution to
experimental psychology. New York, NY:
Teachers College, Columbia University.
https://doi.org/10.1037/10011
-000

Yuval Emek, Michal Feldman, Iftah Gamzu,
Renato PaesLeme, and Moshe Tennenholtz.

2014. Signaling schemes for revenue maxi-
mization. ACM Transactions on Economics and
Computation (TEAC), 2(2):1–19. https://
doi.org/10.1145/2594564

Yoav Freund and Robert E. Schapire. 1999.
Adaptive game playing using multiplica-
tive weights. Games and Economic Behav-
ior, 29(1–2):79–103. https://doi.org
/10.1006/game.1999.0738

Drew Fudenberg and David K. Levine. 1995.
Consistency and cautious fictitious play.
Journal of Economic Dynamics and Control,
19(5-7):1065–1089. https://doi.org
/10.1016/0165-1889(94)00819-4

Drew Fudenberg and Jean Tirole. 1991. Game
theory. MIT Press.

Gerd Gigerenzer and Henry Brighton. 2009.
Homo heuristicus: Why biased minds make
better inferences. Topics in Cognitive Science,
1(1):107–143. https://doi.org/10
.1111/j.1756-8765.2008.01006.x,
PubMed: 25164802
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A Expert Strategies

In this appendix, we present the expert strategies of groups EA (in Figure 11) and EB (in Figure 12) of
our game. The formal mathematical notations of the tree node conditions are provided in Table 1.

Figure 11: The strategies of the EA experts.

Figure 12: The strategies of the EB experts.
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B Data Collection

B.1 Instructions

The following text contains the instructions given to players in the app stores.

Are you the vacation planner at your house? Think you always know how to choose the best hotel?
Start to plan your 10-day trip with our travel agents. Just remember - they don’t always want the best
for you, and might have their own strategy to make you book the hotel they try to promote!

Travel or Trouble is a strategy game in which you will try to outsmart our traveling agents and plan
the perfect vacation for you.

Each game consists of 10 rounds, in each round, one of our traveling agents will introduce you with
a review for a new hotel they think might suit you, and you will have to choose: either book the hotel or
stay home.

Only true vacation masters can identify a good hotel based upon one review. . . are you up to the
challenge???

As in life, each vacation can turn out to be a great success or a huge disappointment.

Once you made your choice, you will see the results for the vacation in question: was it good or bad?

Based upon the hotel’s average rating (to which only the expert is exposed, and is based on multiple
reviews for each hotel), a lottery will determine the outcome of the vacation.

Collect points either by choosing a hotel that turned good or by avoiding bad ones.

Remember - the travel agent is rewarded each time you choose a hotel, regardless of the outcome!

At each game, you will meet a different agent, with a different skill of persuasion.

Try to discover each of our agents’ strategies to persuade you, and take the right decision every round.

Advance through the world of traveling by earning achievements on your way to becoming the true
vacation master.

B.2 Human Players Information

As discussed in §4, the app was available on Google Play and Apple App Store for several months.
To attract participants, we also published the app on social media. To increase participation and game
completion (playing until defeating all six experts), in some publications we offered participation in a
$100 lottery for players who completed the game. In addition, we offered students in an academic course
to play the game and complete it in exchange for 0.5 points in the course grade. We therefore know
that at least 50% of the participants are students (as these are the students who received the academic
bonus).

C The Input of the Models

All the models in our experiments utilize the same feature representation. Particularly, each DM-bot
interaction round is represented using features relating to both the hotel review shared with the DM,
and the strategic situation under which the decision was made. Table 5 illustrates the set of binary
Engineered Features (EFs), a subset of the feature set originally proposed by Apel et al. (2022) under
the name Hand Crafted Features (HCF),23 that are used to represent a review. In addition, the table also
presents the features we use in order to represent the strategic context of the decision.

23As we noted at §6.1, the reason we called the features EFs, while in Apel’s work they are called HCFs, is that Apel et al.
(2022) tagged these features manually, while we labeled them using an LLM.
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Features of the review
Category Feature Description
Positive Does the positive part of t ∈ {Facilities, Price, Design,
Topics the reviews provide info. about t? Location, Room, Staff, View,

Transportation, Sanitary Facilities}
Positive Part Is the positive part empty?
Properties Is there a positive summary sentence?

Number of characters in range r? r ∈ {[0,99], [100,199], [200,∞)}
Word from group #ga in review? g ∈ [1, 2, 3]

Negative Does the negative part of t ∈ {Price, Staff, Sanitary
Topics the reviews provide info. about t? Facilities, Room, Food,

Location, Facilities, Air}
Negative Part Is the negative part empty?
Properties Is there a negative summary sentence?

Number of characters in range r? r ∈ {[0,99], [100,199], [200,∞)}
Word from group number ga in review? g ∈ [1, 2, 3]

Overall Is the ratio between the length of r ∈ {[0, 0.7], (0.7, 4), [4, ∞)}
Review the positive part and the negative
Properties partb in the range r?
Features of the situation
Category Feature Description
Strategies Is the previous player action a? a ∈ {go, not go}
Features Is the previous hotel quality q? q ∈ {good, not good}

# of points DM’s earned so far.
# of rounds DM’s played so far.
Points b than rounds played? b ∈ {bigger, not bigger}

Reaction timec DM Reaction time in range r seconds? r ∈ {[0, 0.5), [0.5, 1), [1, 2),
[2, 3), [3, 4), [4, 6.5),
[6.5, 12), [12, 20), [20, ∞)}

a As described by Apel et al. (2020).
b In terms of the number of characters.
c Note that the value of this group of features will be 0 for a simulated DM.

Table 5: The text-based and strategic features utilized in our work. All features are binary except for the two
counting features (denoted with #).

D Hyper-parameter Tuning

Model Architecture To identify the most suitable model architecture, we partitioned the DM group
that interacts with experts from EA into two separate groups. Specifically, we randomly selected 80%
of the DMs to serve as the training group and the remaining 20% as the validation group. During the
training process, we exclusively utilized the interactions between the training group and the first four of
the six agents from EA as the training data. All the interactions of the validation group DMs, as well as
the interactions between the training group DMs and the last two experts from EA, were employed to
assess the model’s performance during validation.

To select the hyper-parameters for LSTM (the selected hyper-parameter is underlined) and LSTM+S
(the selected hyper-parameter is boldfaced), we performed a grid search on the following collection
of parameters: hidden size ∈ [32, 64, 128], learning rate ∈ [1e−4, 4e−4, 1e−3], and number of layers ∈
[2, 4, 6] Sr ∈ [0, 0.5, 1, 2, 4, 10].

To select the hyper-parameters for Transformer (the selected hyper-parameter is underlined) and
Transformer+S (the selected hyper-parameter is boldfaced), we performed a grid search on the
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following collection of parameters: hidden size ∈ [32, 64, 128], learning rate ∈ [1e−5, 4e−5, 1e−4,
1e−3], number of layers ∈ [2, 4], number of heads ∈ [2, 4], and Sr ∈ [0, 0.5, 1, 2, 4, 10].

To select the hyper-parameters for FC (the selected hyper-parameter is underlined) and FC+S (the
selected hyper-parameter is boldfaced), we performed a grid search on the following collection of
parameters: hidden size ∈ [16, 32, 64, 128], learning rate ∈ [1e−4, 4e−4, 1e−3], number of layers ∈ [2,
4], and Sr ∈ [0, 0.5, 1, 2, 4, 10].

To select the hyper-parameters for Mamba (the selected hyper-parameter is underlined) and
Mamba+S (the selected hyper-parameter is boldfaced), we performed a grid search on the fol-
lowing collection of parameters: model dim ∈ [32, 64], state dim ∈ [32, 64, 128], conv dim ∈ [4, 8],
learning rate ∈ [1e−4, 4e−4, 1e−3], and Sr ∈ [0, 0.5, 1, 2, 4, 10].

To select the hyper-parameters for XGB (the selected hyper-parameter is underlined) and XGB+S
(the selected hyper-parameter is boldfaced), we performed a grid search on the following collection
of parameters: max depth ∈ [3, 4, 5, 6], number of estimators ∈ [50, 100, 250], and Sr ∈ [0, 0.5, 1, 2, 4,
10].

We select the run that achieves the best results while using Sr = 0 to be the no-simulation version of
a given model.

In all of our experiments we used integer seed values 1 ≤ seed ≤ 15 to reduce noise in architecture
selection. We reported the average prediction obtained for the sample for the seed values.

Simulation We adjust the hyper-parameters of the simulation model after selecting the appropriate
architecture parameters. We tested the (0, 0.005, 0.1, 0.02) values of the η DM improvement parameter,
where 0 indicates no improvement over time. To avoid an infinite game, we set a cap of 100 games per
expert. We tested all possible combinations of w1, w2, and w3 taken from the set (0, 1) to determine
the nature vector. To ensure the temperament vector remains normalized, we calculated its components
as (p1, p2, p3) = ( w1∑3

i=1 wi
, w2∑3

i=1 wi
, w3∑3

i=1 wi
). Finally, we assessed the effect of human score estimation

noise by varying ε, the standard deviation of the normal distribution we used to generate noise, with
the values (0.2, 0.3, 0.4). Based on our experimental results, the best simulation hyper-parameters were
found to be η = 0.01, (p1, p2, p3) = (13 ,

1
3 ,

1
3), and ε = 0.3. We employ these values in our subsequent

analysis, as presented in the following section.

E Additional Experiments and Results

E.1 Off- vs. On- Policy Evaluation

In this appendix, we show that the off-policy task is indeed harder than the on-policy one. Given that
we have only 35 human players in the test set EB, we used leave-one-out cross-validation to assess
performance on the on-policy task. For each random seed S (which controls network randomness), we
trained 35 LSTM models: In each iteration, we excluded the data of player i from EB, trained the model
on the remaining 34 players, and then used it to label the data for player i. This process allowed us to
label all players’ data for a given seed S, and we repeated it across 15 different seeds.

To compare with the off-policy task using an identically sized training set (noting that throughout
the paper we used the full training set with 210 players), we trained a model on data from 34 randomly
selected players from EA for each of the 15 seeds. The reported results are the average across all seeds,
with 95% confidence intervals. For off-policy, the model achieved 80.2% accuracy with a confidence
interval of [79.5, 80.7]. For on-policy, the model achieved 81.8% accuracy with a confidence interval
of [81.6, 81.9]. These findings confirm that our off-policy problem is indeed harder, as the on-policy
accuracy lower bound is strictly greater than the off-policy accuracy upper bound.

E.2 Effectiveness of the Simulation in On-Policy Evaluation

A natural question that arises in the context of the paper is whether the simulation-based approach is
effective also in the on-policy scenario. We now show that the answer is positive. To show this, we
repeated the same method as in E.1, but this time, for each seed value, we ran three experiments: the
first one without any simulated data, the second one with simulation at Sr = 1 (i.e., one additional
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Sr Mean Accuracy Accuracy 95% Confidence Interval
0 81.8 [81.6, 81.9]
1 82.0 [81.9, 82.1]
4 82.4 [82.3, 82.5]

Table 6: Results of the on-policy experiments with different
values of Sr. It is evident that the simulation indeed contributes
to on-policy evaluation.

simulated DM for each human DM), and the third one with simulation at Sr = 4 (i.e., four additional
simulated DMs for each human DM). Table 6 shows that adding more simulated DMs indeed improves
the accuracy.

E.3 Models, Baselines, and Hard Examples

Table 7 presents the accuracy of each of the models, with and without simulated data. Since many
examples are either very easy or hard to predict, we focused on the hard examples, as described in §7.

\Hard to LSTM LSTM+S TF TF+S Mamba Mamba+S FC FC+S XGB XGB+S Majority All
Accuracy of \ Samples
LSTM 53.7±0.8 53.8±0.6 58.6±0.6 55.7±0.6 57.6±0.7 52.0±0.5 60.2±0.8 55.5±0.6 59.1±0.6 56.6±0.7 67.1±0.3 82.6±0.1
LSTM+S 60.8±0.8 58.1±0.7 62.8±0.6 61.4±0.6 62.1±0.5 57.5±0.5 63.7±0.7 59.9±0.4 61.2±0.5 61.1±0.5 67.7±0.5 83.6±0.1
TF 53.9±0.8 53.3±0.4 56.5±0.8 53.7±0.7 55.5±0.6 50.6±0.6 58.7±0.6 53.7±0.5 57.6±1.1 57.0±0.6 66.4±0.5 82.3±0.1
TF+S 59.5±0.7 57.6±0.4 61.3±0.6 58.4±0.6 60.4±0.6 55.8±0.6 62.8±0.8 57.9±0.4 61.4±0.6 60.6±0.6 66.2±0.5 83.4±0.1
Mamba 55.6±0.8 54.2±0.5 58.4±0.9 55.5±0.9 56.2±1.1 52.3±0.5 60.0±1.1 55.8±0.7 59.3±0.9 57.6±0.6 67.1±0.3 82.6±0.1
Mamba+S 60.9±0.5 58.9±0.6 62.4±0.4 60.5±0.5 61.8±0.5 55.9±0.6 63.9±0.5 59.8±0.5 61.9±0.7 61.8±0.4 67.4±0.5 83.7±0.1
FC 52.5±1.0 52.1±0.6 55.8±0.6 51.9±0.7 53.0±0.7 50.0±0.7 54.9±1.3 50.4±0.8 56.3±0.5 55.4±0.5 64.3±0.5 80.9±0.2
FC+S 61.1±0.6 58.5±0.6 61.9±0.6 60.0±0.6 60.7±0.5 57.4±0.4 61.6±0.5 56.8±0.6 61.8±0.6 59.7±0.6 65.7±0.4 82.5±0.1
XGB 55.2 53.2 56.3 55.4 56.6 52.3 56.9 55.0 49.9 51.0 65.3 81.8
XGB+S 57.9 57.6 58.8 59.0 60.8 56.0 61.5 58.6 57.2 57.3 67.8 82.9
Majority 56.1 54.8 56.4 56.2 58.4 53.9 56.2 54.0 54.9 55.1 50.5 77.4

# Samples 2350 3743 3273 3177 3246 3436 2728 3959 1949 2001 2709 15625
(15.0%) (24.0%) (20.9%) (20.3%) (20.8%) (22.0%) (17.5%) (25.3%) (12.5%) (12.8%) (17.3%) (100%)

Table 7: Performance of models (rows), with and without simulation, for sets of examples that are
challenging for different models (columns), with 95% confidence intervals. The results demonstrate
that training on simulated data improves the accuracy of the models for each subset of challenging
examples.

E.4 Contribution of Simulation-based DMs compared to Actual Human DMs

For this experiment, we denote by n the number of human players available at the outset, and fix
Sr = 1, meaning that we generate another n simulated players when using the simulation. Let acc(h, s)
denote the accuracy achieved by training a model with h human players and s simulated players. Then,
the improvement achieved by the simulation (compared to the initial dataset) is acc(n, n)− acc(n, 0),
and the improvement achieved by the hypothetical case in which we have access to additional n human
players in given by acc(2n, 0) − acc(n, 0). We refer to the ratio between the two as the improvement
ratio. Figure 13 shows the improvement ratio as a function of n. It can be seen that our simulation
can recover approximately 30% of the accuracy improvement, at a cost that is effectively negligible
(compared to the alternative of doubling the number of human participants).

E.5 The Impact of Language Representation

Figure 14 shows the performance of LSTM for the three review representations, as discussed in
§6.1: BERT, GPT4, and Engineered Featured (EFs). Notably, as Sr increases, the EF representation
outperforms the two alternatives.
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Figure 13: The improvement ratio acc(n,n)−acc(n,0)
acc(2n,0)−acc(n,0) for different values of n.

Figure 14: The impact of the review representation on the LSTM prediction model.
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