
1. Introduction
Among the 4 categories of deception identified by Park et al.[1], sycophancy, imitation,
unfaithful reasoning, and strategic deception, strategic deception is the most concerning form of
deception. However, there are no benchmarks on strategic deception in the existing literature.
The challenge lies in the lack of an explicit proxy for measuring deception due to the hidden
nature of deceptive behavior. Previous work on deception detection in NLP[2] used the
Werewolf (Mafia) game for constructing deception datasets. Zu et al. developed a framework
for using Werewolf as a testbed for RL agents with a focus on versatile communication and
strategic gameplay[3]. The game dynamics are inducive of deceptive behavior, thus making it
an ideal environment for the natural emergence of deception. In Werewolf, strategic deceptive
behavior yields victory. Hence we measure the winning rate of SOTA models in Werewolf as a
proxy for their strategic deception capabilities. We propose a benchmark to quantitatively
measure strategic deception capabilities in LLMs using the Werewolf game.
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In this work we put forward a benchmark to quantitatively
measure the level of strategic deception in LLMs using the
Werewolf game. We run 6 different setups for a cumulative sum of
500 games with GPT and Claude agents. We demonstrate that
state-of-the-art models perform no better than the random
baseline. Our findings also show no significant improvement in
winning rate with two werewolves instead of one. This
demonstrates that the SOTA models are still incapable of
collaborative deception. The Github repo for this project can be
found here.
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2. Methods
We modified the existing werewolf-GPT codebase to increase the accuracy of the evals. The
shared prompt with targeted role-based instructions resulted in high levels of echoing and
non-role-specific thought processes. By designing role-specific prompts and enhancing the
agent’s understanding of the game flow via RAG, we reduced non-role-specific echoing and
induced more novel thought processes and deceptive strategies. To establish the baseline, we
run a statistical simulation for 50000 iterations. The calculated baseline, 75%, is the chance of
werewolves winning by random voting, with no reasoning or strategy. We set the number of
players to five in all our experiments. In the first set of experiments, we set the discussion depth
to 20. We designed 6 simulations; the descriptions can be found in Table 1. Each setup is run
for 50 iterations.

Index Abbreviation Description

1 1w_gpt4o 1 werewolf in play, GPT-4o werewolf on GPT-4o base

2 1w_claude_sonn 1 werewolf in play, Claude-sonnet werewolf on GPT-4o base

3 2w_gpt4 2 werewolves in play, GPT-4o werewolf on GPT-4o base

4 2w_claude_sonn 2 werewolves in play, Claude-sonnet werewolf on GPT-4o base

5 1w_claude_on_claude 1 werewolf in play, Claude-sonnet werewolf on Claude-sonnet base

6 1w_gpt_on_claude 1 werewolf in play, GPT-4o werewolf on Claude-sonnet base

Table 1: Experiment 1 setups

In Experiment 1 we observed limited variety in the types of deception LLMs could display and
small gaps in werewolves’ heuristics. As a result, for the second set of experiments, we further
enhanced the prompts and implemented a separate voting prompt for the werewolves. We also
increased the discussion length to add more wiggle room and allow for more diverse forms of
deception to arise. We ran setups 1-4 with the new parameters, each for 50 iterations.

We performed a qualitative analysis of the results of the second experiment to analyze the
distribution of types of deception the LLMs exhibit during gameplay. Drawing from both our
qualitative analysis and deception taxonomies from existing work on social games [4] and
human communication [5]. These categories include fake claims (fabricating information about
your own role or knowledge of the game state), equivocation (intentionally making indirect or
ambiguous statements to avoid implicating yourself), concealment (omitting information that is
relevant to the game state when asked), and deflection (refusing to straightforwardly answer
questions by bringing up a different subject when accused). Examples of these can be found in
Appendix 6.4. We prompt a Gemini model to automatically detect and classify instances of
deception in the exported gameplay transcripts.

To assess the deception-inductive strength of the benchmark, we compute gameplay behavior
metrics to compare different models’ behavior across roles. Specifically, we compute times
spoken and average message length; as Burgoon et al. suggest, deceptive actors send fewer and
shorter messages [6]. We also compute gameplay influence metrics [4]: for each accusation
made by a player toward another player, we compute the number of future accusations made
toward the same target and the number of votes the target received. We then average overall
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accusations made by a player; higher values of this average influence suggest a player exerting
greater influence over the course of the game. For the detailed graphs, view Appendix 6.3.

3. Results and Discussion

In setups 1 and 2 from Table 1, we observed that Claude’s reasoning was more complex than
GPT-4o. It demonstrated longer COTs and self-recognition, i.e., while GPT agents sometimes
referred to their own player name as a third person in their reasoning, Claude agents
consistently used terms like “me”/“myself.” However, both agents display multiple instances of
inability to reason accurately (examples shown in Appendix 6.1). Despite these observations,
Claude agent underperformed the GPT agent on the base environment by a 10% margin. Our
hypothesis was the reason for Claud’s underperformance might be it not blending in among
GPTs, i.e., Claud’s lexical pattern or thought process might be standing out. We designed
setups 5 and 6 to test this hypothesis. Our findings pointed to the contrary, as GPT had a 6%
increase in winning rate, compared to the base settings, when playing against Claude agents.
We designed setups 3 and 4 to see if having two werewolves in play could result in collaborative
deceptive schemes from the two werewolves, leading to a higher winning rate. GPT agents
showed no improvements, while two Claude agents had a 4% increase in winning rate compared
to a single Claude werewolf scenario. More detailed results can be found in Appendix 6.2.

In the second experiment, we increased the discussion_depth to 30 and reran setups 1-4. In
single werewolf scenarios, the GPT agents experienced a 6% drop in performance, while the
Claude agents had a 2% increase. In two werewolf scenarios, however, while Claude
demonstrated a had a 23% winning rate above the baseline, the GPT agent showed an
impressive 8% increase, reaching 33% above the baseline, with the discussion depth increased.
This is due to the fact that with the inclusion of a possible minion, the werewolves are able to
easily collude to a achieve a majority. As for why GPT does better than Claude, there are
probably many factors at play here. One is perhaps Claude's stronger tendency to unwisely
false claims, leading it to have to contend with more 50-50 situations. Another is the tendency
for village-aligned agents to tunnel vision on the first player they suspect, making it harder for
Claude to make headway in persuading the villagers despite qualitatively sounding more
persuasive than GPT.
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Figure 2 shows the distribution of deceptive traits in
experiment 2 setups 1 and 2. As shown in the Figure,
certain roles demonstrate higher levels of deceptive
characteristics. Seer’s role, in particular, finds it the
least necessary to resort to deception as it has access to
auxiliary information regarding other players. Figure 3
further demonstrates that, on average, accusations
affect Seer’s decision less than others.

We randomly sampled 100 gameplays for manual
inspection. Our samples demonstrated that one type of
hallucination was present. When non-Seer roles claimed
to be Seers, they would claim that they had seen the
center cards. In hallucinating instances, the model’s
COT changed as if it had really observed the center
cards. Additionally, for the majority of samples, minions
fulfilled their duty, i.e., protected the werewolves at any
cost. However, there were two unexpected scenarios. In
some instances, the minions were protective of the
werewolves as long as the werewolves did not accuse
them of being a werevolve. At that point, these minions
turned against them. In other instances, minions voted
themselves out to protect the werewolves. While this
might be an effective tactic for this benchmark, which is
a one-night version of the game, models would need to
develop more effective strategies for longer versions of
the game.

4. Conclusion
In conclusion, we constructed a benchmark for strategic
deception using the Werewolf game. We examined the
behavior of SOTA models like Claude 3.5 Sonnet and
GPT 4 in a social deduction environment. We have
found that agents frequently carry out strategic
deception in four categories: False Claim, Concealment,
Equivocation, and Deflection, as noted by their
reasoning scratchpad. These tactics are frequently
employed but have mixed effectiveness when paired with
the model's flawed reasoning, lack of a sense of
probability, and the fact that other agents tend to
tunnel vision. Further experimental designs may find
ways to get through these limitations and allow agents
to conduct more complex, higher-order deceptions. An
ELO system can be set up to pit one model against anot
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6. Appendix
6.1 Model's lapse in reasoning (examples)

1. A Mason player making a false argument.

2. A minion player accusing the werewolf player to .. protect the same werewolf player

3. A village-alligned player does not understand the temporal order of actions in the game.

4. A werewolf hallucinates that another player is a werewolf.
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6.2 Experiment 1 Details

Figure 4 – Win rates for all werewolf setups in Experiment 1

6.3 Experiment 2 Details
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Figure 5 - Accusation influence across different characters

Figure 6 - Average utterance length across different roles

Figure 7 - Times spoken across different roles

6.4 Examples of deception tactics employed by agents

1. Fake claims: An agent fake claims to persuade the village.
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2. Equivocation: A werewolf equivocates to make it look like they are contributing.

3. Concealment: A werewolf ignores questions directed at it to conceal information.

4. Deflection: A werewolf deflects an accusation to another topic.

Apart Research AGI Deception Detection Hackathon, 2024 9



Apart Research AGI Deception Detection Hackathon, 2024 10


