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Supplementary Text

Microscopic Bias

Statistical Tests for Table 1

To measure the strategy bias in Table 1, we assess both the interaction-level bias and the bias within

each unique memory configuration. The interaction-level bias is defined as the overall production

probability of the strong convention across all possible configurations (per interaction), which we

test using an exact Binomial test with a null probability of 𝑝 = 0.5, rejecting the null hypothesis

if the p-value falls below 0.05. The results of the tests are reported in the caption of Table 1. At

the configuration level, we first perform an exact Binomial test, as above, to check whether the

model is biased. In all cases, the p-value 𝑝† < 0.05, confirming that the model’s decision is biased

towards an extreme. Then, we use bootstrapping by resampling 70% of the observations for each

configuration 10, 000 times and measure the proportion of samples showing a stronger bias than

the observed value in Table 1. In all cases, we obtain a bootstrapped 𝑝‡ > 0.05, indicating that we

cannot reject the hypothesis that the model’s underlying bias is more extreme than the observed

bias. Results are reported in Table S5.

Effect of Fine-Tuning

We reproduced the set of experiments reported in Table 1 for Llama-3.1-70B-Instruct (w/ Fine-

Tuning) using Llama-3.1-70B (w/o Fine-Tuning), to investigate the effects of instruction-fine-tuning

on strategy bias. We ran a 4-bit quantization of the LLM on a single A100 GPU and extracted

the next-token probability distribution over the valid convention tokens. The initial, no-memory

probability distribution for the same convention choices as in Table 1 is biased for the pre-trained

model, with 𝑝(𝑄) = 0.525. To faithfully reproduce any potential biased symmetry breaking, we

conduct the experiments using a pair of six-character strings, each consisting of randomly chosen

letters and numbers. Most importantly, we repeatedly sampled random pairs until we found a

combination that had Jensen-Shannon distance of less than 0.005 from the neutral distribution in

the no-memory stage, i.e., an initially unbiased combination. The results are reported in Table S6,

using the pseudo-labels ‘A’ and ‘B’ for the random conventions. We find that although there is



no initial preference for either convention, a strong collective bias already appears by the second

interaction. Thus, we cannot say that fine-tuning is responsible for inducing collective bias effects.

Theoretical Model

The naming game model simulates a population of 𝑁 agents engaging in pairwise negotiation

interactions, demonstrating the emergence of global consensus on conventions through local coor-

dination mechanisms. In the canonical formulation (8), agents must reach consensus on the name

for an object using only local interactions, similar to our experimental framework. Agents possess

internal lexicons with unlimited word capacity (although this is not a necessary initial condition

of the model), initially empty. The interaction protocol involves random selection of agent pairs,

where the designated speaker transmits a randomly chosen word from their lexicon (or invents a

new one if it is empty) to the hearer. If the hearer recognizes the word in their own lexicon, both

agents retain only the communicated word, while in case of failure, the hearer incorporates the

novel word into their lexicon. The non-equilibrium dynamics of this system exhibit three distinct

temporal phases: (i) an innovation phase characterized by word creation, (ii) a propagation phase

involving lexicon reorganization, and (iii) a convergence phase culminating in global consensus. In

our experimental framework, we set an initial condition whereby agents can only invent new words

from a finite word pool of size 𝑊 < 𝑁 . This condition means that the initial innovation phase is

extremely short, as seen in the inset of Fig. 1. This model provides insights into the dynamics of

language evolution and convention formation in both human and artificial communication systems.

Fig. S3 shows the production probability trajectories of a simulation of the theoretical model

with a lexicon of two words (𝑊 = 2).

Characterizing Relative Strength

We define the relative strength of a convention as its ability to attract the system toward an

equilibrium consensus on it, and retain the system in this consensus state. As such, the relative

strength of a ‘strong’ convention over its ‘weak’ counterpart is best demonstrated through the

latter’s ability to overturn consensus on the former. Importantly, we note that the trajectory of the

system is sensitive to initial conditions, such that not all memory configurations are observed during



the evolution of the system. Fig. S8 shows the complete probability distribution for all memory

configurations given that the memory size is 𝐻 = 5, while Fig. S9 provides a characterization of

the relative strength of convention pairs in different models in two settings: we evolve the system

from a consensus on the strong convention i) without perturbation and ii) with a perturbation of a

single agent committed to the weak convention. We show that the relative strength of a convention

with respect to its counterpart can be characterized by the basin of attraction of the steady state

on the strong convention. Although Llama-3.1-70B-Instruct agent populations tend to be more

exploratory, even in the absence of perturbation, the memory state bounds of their exploration have

strong resistance and return the system towards a state of equilibrium around the strong convention

steady state. In contrast, while Llama-3-70B-Instruct agent populations do not explore beyond

the consensus state once they reach it, they are far more susceptible to perturbations, with some

individual agents briefly exhibiting memory configurations in which all past interactions within

their memory range reflect successful coordination on the weak convention. Finally, Fig. S10 shows

that relative strength also plays a role in convergence, restricting the exploration of of the system

in the path towards consensus for Llama-3.1-70B-Instruct population. We therefore propose that

the relative strength of a convention can be characterized by properties of its steady-state basin of

attraction. The ‘width’ of the basin reflects the range of initial conditions that lead to convergence

on the convention. The ‘pull’ represents the stability of the steady state, capturing both its resistance

to perturbations and the tendency of trajectories to return after deviations, as well as the rate at

which they are drawn toward the steady state.

Prompting

Prompt Structure

The system prompt comprises of three components: i) a fixed prompt that outlines the game’s

rules, including the payoff structure and the player’s objective, ii) a dynamic memory prompt that

provides contextual information about the state of play within the player’s memory range, and iii)

an instructional prompt that provides information for how the agent should format its response. We

find that agents generally struggle to behave in a manner befitting a partnership game, and often

opt for strategies aimed at undermining their co-player’s payoff, effectively treating them as an



opponent. In practice, this meant that on some occasions the agent would willingly take an action

with a negative payoff, in order to harm their co-player’s accumulated point tally.

Output Structure

To extract any meaningful decision from an LLM’s output, which may be verbose and unstructured,

it is necessary to distinguish between the reason, where the agent ‘shows its working’, and the final

decision. One popular approach to prompting asks the agent to give a final decision at the end of its

answer, allowing it to generate a reasoning for the decision before reporting the actual response. This

method relies on the assumption that if the LLM is good at composing a well thought-out reasoning,

having it spelled out explicitly would guide the choice of the LLM towards better performance due

to the LLM’s auto-regressive text generation method. Although this approach has shown promising

results in a variety of tasks and multi-player games, there is an ongoing debate as to whether LLMs

truly possess the ability to reason about the possible actions, beliefs, and intentions of their fellow

players (83–85).

One can argue that even if agents were able to reason, the wording generated to explain the

reasoning can potentially express the agent’s biases and influence the final decision. As a result, the

reason-first, answer-later structure would make it difficult to identify the possible sources of bias

within the prompt, especially since the agent’s reasoning will only serve to amplify its own bias

reflected in the decision. To strengthen generalization and ensure that the final action decision is

influenced solely by the input prompt, we instead ask the agent explicitly to provide an output in

the form answer-first-reason-later.

Example Prompt

We provide an example of the system and user prompts given to LLM agents in our experiments.

We exclude the beginning of text and end of text tokens, which are unique to each model.



System Prompt

Context: Player 1 is playing a multi-round partnership game with Player 2 for 100 rounds. At each

round, Player 1 and Player 2 simultaneously pick an action from the following values: [F, J]. The

payoff that both players get is determined by the following rule:

1. If Players play the SAME action as each other, they will both be REWARDED with payoff 100

points.

2. If Players play DIFFERENT actions to each other, they will both be PUNISHED with payoff

-50 points.

The objective of each Player is to maximize their own accumulated point tally, conditional on the

behavior of the other player. This is the history of choices in past rounds:

{’round’:1, ’Player 1’: F, ’Player 2’: J, ’payoff’: -50}

.

.

.

It is now round i. The current score of Player 1 is SCORE. Answer saying which value

Player 1 should pick. Please think step by step before making a decision. Remember, exam-

ining history explicitly is important. Write your answer using the following format: {’value’:

<VALUE OF PLAYER 1>; ’reason’: <YOUR REASON>}.

User Prompt

Answer saying which action Player 1 should play.

Meta-Prompting

When LLMs are used to solve tasks where some form of ground truth is defined, such as classification

or regression, the effect of prompt variations on the quality of a model’s outputs can be measured

on downstream performance (86). However, that is not possible in generative tasks where a notion

of error is undefined. Specifically in the naming game, any generated output is plausible, as long

as it is within the set of allowed symbols. This ambiguity makes it difficult to assess whether the



LLM’s outputs reflect a proper semantic understanding of the task’s rules or are merely products

of statistical ‘hallucinations’ (56). To partially address this issue, we rely on a meta-prompting

technique to measure the LLMs’ level of comprehension of the given prompt (57). This technique

provides the LLM with the prompt, and then asks three types of prompt comprehension questions

about: interaction rules, chronological sequence of actions in the history, and payoff statistics

(Table S7).

To assess the LLMs’ proficiency in responding to meta-prompting questions, we randomly

selected a group of agents from a real stochastic simulation of the naming game. For each agent,

we used its history to replay each of its previous interactions, using the same memory length it had

in the simulation. Retracing every interaction, including the agent’s memory at the time, we ask the

agent all possible comprehension questions. Note that certain questions that rely on memory cannot

be asked in the first interaction. We pose the questions at each interaction and compute the average

accuracy of the LLMs’ responses across all interactions for all agents. Overall, all models exhibit

a good level of prompt comprehension, with response accuracy nearly always above 0.8 and most

often close to 1 (Fig. S1). The only model that went below 0.8 in any metric is Llama-2-70b-Chat,

which showed relatively poor accuracy in counting the number of times it played a convention

within memory range. In many cases, this agent confused the ID of the player it was asked to

consider, or it answered how many times a convention has been observed in total, across both

players. Here, it is also worth noting that LLMs from Llama-2-70b-Chat’s generation generally

struggled with counting tasks (55, 57).

Alternative Prompts

To reduce the risks from bias from previously seen examples in the training data, we test the

experimental framework with two additional system prompt templates and using name pools with

conventions made up of random strings. The prompt variations are i) a factual bullet-point style,

and ii) an expository, narrative prompt. For the name pools, we generate strings using six characters

chosen at random from a set of numerical digits, lowercase and uppercase letters from the Latin

alphabet. We only select a name pool if its no-memory probability distribution over conventions

has a Jensen-Shannon distance from the neutral distribution less than 0.005, to ensure there is no

initial bias. As shown in Figs. S11 and S12, biased consensus emerges across all the variations.



In considering whether bias in the prompt arises from the presence of the experimental frame-

work in the training data, we note that the game’s population dynamics and the symmetry in payoffs

across action labels ensure that no predetermined optimal strategy exists—even if a player were

aware of global information. Convergence occurs purely at the local level, driven by repeated random

interactions rather than a global rule that dictates strategic behavior. While individual agents may

exhibit micro-level adaptation, adjusting their choices in response to patterns in their co-players’

actions, these adjustments remain localized and do not necessarily lead to a predictable global

bias. This contrasts with games like the Ultimatum Game, where systematic behavioral responses

shape equilibrium strategies. Similarly, unlike the Prisoner’s Dilemma, where payoff asymmetries

guide decision-making, the payoff symmetry in our game framework prevents any clear incentive

toward one action over another. As a result, the game’s long-term trajectory remains emergent and

stochastic, and only a higher-order metanorm—beyond the direct game mechanics—could impose

a systematic bias or predictable pattern.

Narrative System Prompt

Context: Player 1 is playing a multi-round partnership game with Player 2 for 100 rounds.

At each round, Player 1 and Player 2 make simultaneous action choices between the actions

<ACTION LABEL 1> and <ACTION LABEL 1>. The outcome of each round depends on the

combination of choices made by the Players in that round. If both Players choose the same

action, then the round is a success and both players receive a payoff of +100 points. However,

if the Players choose different actions to each other, then the round is a failure and both Players

receive a payoff of -50 points. The objective of each Player is to maximise their own accumulated

points total. In round 1, Player 1 chose action <ACTION OF PLAYER 1> and Player 2 chose

action <ACTION OF PLAYER 2>; Player 1 received a payoff of <PAYOFF> points and Player

2 received a payoff of <PAYOFF> points... It is now round 𝑖. The current score of Player 1

is <SCORE OF PLAYER 1>. Answer saying which action Player 1 should pick. Please think

step by step before making a decision. Remember, examining history explicitly is important.

Write your answer using the following format: {’action’: <ACTION OF PLAYER 1>; ’reason’:

<YOUR REASON>}.



Bullet-point System Prompt

Context: Player 1 and Player 2 are playing a repeated 2-player game.

**Game Setup:**

• Players: Player 1 and Player 2.

• Actions available to both players: <ACTION LABEL 1> and <ACTION LABEL 1>.

• Players make their choices simultaneously.

**Payoff Matrix:**

• If Player 1 chooses <ACTION LABEL 1> and Player 2 chooses <ACTION LABEL 1>, then:

- Player 1 receives +100 points.

- Player 2 receives +100 points.

• If Player 1 chooses <ACTION LABEL 1> and Player 2 chooses <ACTION LABEL 2>, then:

- Player 1 loses -50 points.

- Player 2 loses -50 points.

• If Player 1 chooses <ACTION LABEL 2> and Player 2 chooses <ACTION LABEL 2>, then:

- Player 1 receives +100 points.

- Player 2 receives +100 points.

• If Player 1 chooses <ACTION LABEL 2> and Player 2 chooses <ACTION LABEL 1>, then:

- Player 1 loses -50 points.

- Player 2 loses -50 points.

**Player objectives:**

• The objective of each player is to maximize their own accumulated point tally.



Bullet-point System Prompt (Continued)

**Game History:**

*Round 1:*

• Action choices:

- Player 1: <ACTION OF PLAYER 1>.

- Player 2: <ACTION OF PLAYER 2>.

• Payoff:

- Player 1: <PAYOFF>.

- Player 2: <PAYOFF>.

...

**Next Round:**

It is now round i. The current score of Player 1 is<SCORE OF PLAYER 1>. You must now decide

which action Player 1 should take in this round. Use previous rounds as additional guidance.

Remember, the outcome of Player 1’s action choice also depends on Player 2’s action choice.

Write your answer using the following format: {’action’: <ACTION OF PLAYER 1>; ’reason’:

<YOUR REASON>}.
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Figure S1: Meta-prompting results Accuracy of the model responses to the prompt comprehension

questions defined in Table S7. We selected 8 agents from a single run (5 agents for Llama-3-70B-

Instruct), and recovered their game record. We replayed the game using the memory length used

in the simulated run (𝐻 = 5), posing the comprehension questions at each interaction. These runs

provide approximately 100 test interactions for each model.
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Figure S2: Robustness of the Spontaneous emergence of conventions. We show that the sponta-

neous emergence of conventions holds for a variety of simulation parameters, using populations of

Llama-3-70B-Instruct agents.𝑊 = 26 indicates a name pool which uses the entire Latin alphabet,

𝑊 = 6 is the name pool {𝑄, 𝑀, 𝐹, 𝐽, 𝑋,𝑌 }, and𝑊 = 2 is the name pool {𝑄, 𝑀}.
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Figure S3: Production probability trajectories in the theoretical minimal naming game with

𝑊 = 2. Agents can only choose names from the pool {0,1}. We simulated 10,000 runs of the

minimal naming game in a population of 24 agents. We show biased trajectories (in probability

increments of 0.05) towards choosing the name ‘1’. The bias corresponds to the probability of

choosing the name ’1’ when an agent has the option of producing either name, such that a bias of 1

(0) corresponds to agents that will only choose name ‘1’ (‘0’). We note that as the bias increases, the

convergence speed increases. Crucially, even a small bias towards a certain name leads to inevitable

global convergence on that name.
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Figure S4: (A) Individual and (B) Collective bias in convention selection with𝑊 = 26, the entire

Latin Alphabet. Agents favor the convention ‘A’ over all others a priori, resulting in collective

consensus on this convention. Individual bias shows the convention production probability from

480 samples using Llama-3-70B-Instruct agents, where agents have empty memory. Collective

bias shows the proportion of consensus conventions from 20 simulations.
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Figure S5: Individual bias in conventions selection with𝑊 = 10. The production probability of

each convention when agents have no prior memory, for the LLM agents indicated in the legend.

For (A-D), we generated 15,000, 10,000, 4,500, and 10,000 samples. We performed a chi-squared

hypothesis test to see whether the agents are biased, and calculated the following p-values: 𝑝 =

< 0.001, 0.001, 0.100, 0.410. These p-values indicate that Llama-2-70b-Chat and Claude-3.5-

Sonnet are unbiased across conventions in this name pool (at the 5% significance level), whereas

the Llama-3/3.1-70B-Instruct models exhibit significant skew.
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Figure S6: The Spontaneous emergence of conventions for𝑊 = 2. We present individual (faint

lines) and average (thick lines) trajectories of a population of 𝑁 = 24 Llama-3-70B-Instruct

agents with memory length 𝐻 = 5 for four different name pools. For each name pool, we show (A)

the success rate, and (B) the production probability of the strong convention (as indicated by the

legend). All name pools resulted in a collective bias on a particular convention ({𝑄, 𝑀} : 𝑀 , 40/40

runs; {𝐹, 𝐽} : 𝐹, 24/40 runs; {𝑋,𝑌 } : 𝑋 , 40/40 runs; {𝐴𝑙𝑖𝑐𝑒, 𝐵𝑜𝑏} : 𝐴𝑙𝑖𝑐𝑒, 40/40 runs).
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Figure S7: Stability of consensus conventions. We test the stability of each model in the setting

𝑊 = 2, with the possible conventions shown in the legend. For each convention, we begin with a

population of 𝑁 = 24 agents (𝑁 = 48 for Llama-3-70B-Instruct), where every agent has only the

respective convention in memory. We then allow the population to naturally evolve, and measure

the production probability of this convention. We simulate the following number of runs (A-D): 4,

10, 3, 5. Faint lines show the trajectories of individual runs. We show that for all models apart from

Llama-3.1-70B-Instruct, the population remains entirely stable at its initial consensus state. If

Llama-3.1-70B-Instruct is initialized with consensus on the weak convention (𝑄), the population

immediately switches to the alternative convention (𝑀 , the strong convention). Here, the strong

convention remains stable, with some minor fluctuations. The instability of the weak convention

is also observed in our study of the committed minority required to flip a majority consensus (see

Fig. 3), where we see that 𝑀 acts as a strong attractor state that can only be overcome by a large

enough committed minority on the weak convention, 𝑄.
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Figure S8: Distribution of strategies across memory states. We ‘open’ the black-box to show

the entire probability distribution across memory states for 𝐻 = 5 for (A) Llama-3-70B-Instruct,

and (B) Llama-3.1-70B-Instruct agents. Each tile represents a joint history that comprises the

agent’s memory state. The color of the tile indicates the probability that the agent will choose the

convention 𝑀 in the next interaction, which remains fixed for each memory state at all times.
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Figure S9: Microscopic characterization of memory-dependent strategy bias in real-game

dynamics. The matrices depict the actual strategies of agents for memory states of size 𝐻 = 5

during the game. Given a memory state defined by a joint history, the color of the circles corresponds

to the probability of generating the dominant convention (𝑀), which is exact and remains constant

between runs, regardless of the system state. The size of the circles corresponds to the average

frequency of the memory state across 10 simulated runs. We study two settings: starting from an

initial consensus on the dominant convention (𝑀) we let the system (A-B) evolve naturally, and

(C-D) evolve with perturbation of a single agent committed on the other convention (𝑄), both

for 100 population rounds with 𝑁 = 24. The panels on the left (right) show the dynamics for a

population of Llama-3-70B-Instruct (Llama-3-70B-Instruct) agents.
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Figure S10: Distribution of strategies across memory configurations in the first three inter-

actions. We study the emergence of consensus in Llama-3-70B-Instruct (top row, A1-3) and

Llama-3.1-70B-Instruct (bottom row, B1-3), with the name pool {𝑀,𝑄}. Given a memory state

defined by a joint history, the color of the circles corresponds to the probability of generating the

dominant convention (𝑀), which is exact and remains constant between runs, regardless of the

system state. The size of the circles corresponds to the average frequency of the memory state

across 40 simulated runs. Note that without observing the frequency of the memory states during

game dynamics, predicting a final consensus based on the probability distribution in round 2 (F)

for Llama-3.1-70B-Instruct would result in an incorrect prediction: initially, each memory con-

figuration is equally likely, so 𝑝(𝑄) > 𝑝(𝑀) on aggregate. However, we know that the bias flips as

the game unfolds, and the population eventually converges on 𝑀 .
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Figure S11: Collective bias in a population of N=24 Llama-3-70B-Instruct using random

convention pairs. We simulated 20 runs for each pair using the same prompt in the main results. All

pairs are initially unbiased, with a Jensen-Shannon distance < 0.005 from the neutral distribution.



A B

Figure S12: Collective bias in a population of N=24 Llama-3-70B-Instruct agents using alter-

native prompts. We tested the experimental framework using a new prompt template, namely (A)

a narrative prompt, and (B) a bullet-point style prompt. For both prompts, we used a name pool

of size 𝑊 = 2, with random strings such that the initial, no-memory probability distribution over

conventions had a Jensen-Shannon distance < 0.005 from the neutral distribution.



Model Name Strong Convention Weak Convention

Llama-3-70B-Instruct 2435 2565

Llama-3.1-70B-Instruct 5079 4921

Claude-3.5-Sonnet 5016 4984

Llama-2-70b-Chat 5010 4090

Table S1: Raw individual bias. Data shown for the left panel in Fig. 2B. Values indicate the counts

of strong and weak productions in the case 𝑊 = 2 for individual agents, showing their preferences

a priori, when agents are initialized with empty memory.



Model Name Strong Convention Weak Convention

Llama-3-70B-Instruct 40 0

Llama-3.1-70B-Instruct 40 0

Claude-3.5-Sonnet 26 14

Llama-2-70b-Chat 36 4

Table S2: Raw collective bias. Data shown for the right panel in Fig. 2B. Values indicate the count

of consensus states on the strong and weak conventions after the population converged. For each

model, we conducted 40 trial runs. All models had memory length 𝐻 = 5.



Model Name Strong Convention Weak Convention

Llama-3-70B-Instruct 6 1

Llama-3.1-70B-Instruct 10 0

Claude-3.5-Sonnet 5 5

Llama-2-70b-Chat 16 11

Table S3: Raw Critical mass values. Data shown for Fig. 3. The reported values corresponds

to the number of agents required to overturn a majority consensus on the convention: 𝑀 (strong

Convention), and 𝑄 (Weak Convention). Population size (top to bottom), 𝑁 = 48, 24, 24, 24. We

performed 10 runs for each experiment, apart from Llama-3-70B-Instruct, which shows 3 runs.



Parameter Value

Temperature 0.5

Top-K 10

Max Tokens 6

Table S4: Model Parameters.



Interaction Memory
Interaction: Played, Observed

p(M) p† p‡

2
1: Q, M 0.951 < 2.2 × 10−16 0.522

1: M, Q 0.005 < 2.2 × 10−16 0.551

1: Q, Q 0.003 < 2.2 × 10−16 0.644

1: M, M 0.990 < 2.2 × 10−16 0.608

3

1: Q, M 2: M, Q 0.549 0.001 0.495

1: M, Q 2: Q, M 0.848 < 2.2 × 10−16 0.513

1: Q, M 2: M, M 1.000 < 2.2 × 10−16 1.000

1: M, Q 2: Q, Q 0.004 < 2.2 × 10−16 0.461

1: Q, Q 2: Q, M 0.936 < 2.2 × 10−16 0.490

1: M, M 2: M, Q 0.159 < 2.2 × 10−16 0.512

1: M, M 2: M, M 0.999 < 2.2 × 10−16 0.497

1: Q, Q 2: Q, Q 0.011 < 2.2 × 10−16 0.494

Table S5: Measuring the bias of the memory configurations in Table 1 In the two rightmost

columns, we show the p-values for the null hypothesis that the model is unbiased (𝑝†, rejected), and

that the model’s underlying bias is more extreme that our observation (𝑝‡, insufficient evidence to

reject).



Interaction Memory
Interaction: Played, Observed

P(A) P(B) Aggregated P(B)

1 - 0.494 0.506 0.506

2
1: B, A 0.287 0.713

0.6301: A, B 0.415 0.585

1: B, B 0.311 0.689

1: A, A 0.466 0.534

3

1: B, A 2: A, B 0.308 0.692

0.592

1: A, B 2: B, A 0.452 0.548

1: B, A 2: A, A 0.412 0.588

1: A, B 2: B, B 0.363 0.637

1: B, B 2: B, A 0.235 0.765

1: A, A 2: A, B 0.450 0.550

1: A, A 2: A, A 0.609 0.391

1: B, B 2: B, B 0.225 0.775

1: A, B 2: A, B 0.371 0.629

1: B, A 2: B, A 0.315 0.685

1: A, B 2: A, A 0.458 0.542

1: B, A 2: B, B 0.241 0.759

1: A, A 2: B, A 0.534 0.466

1: B, B 2: A, B 0.258 0.742

1: B, B 2: A, A 0.305 0.695

1: A, A 2: B, B 0.432 0.568

Table S6: Strategy bias in a LLM w/o Fine-Tuning. The table reports the exact strategies of an

LLM (Llama-3.1-70B) that has only undergone pre-training. We consider all possible memory con-

figurations in the first three interaction rounds for the case𝑊 = 2, given that the model is initial unbi-

ased in interaction 1. The pseudo-labels {𝐴, 𝐵} represent the real conventions, {𝑋𝑡𝑚𝑇2𝐶, ℎ𝑠𝑎1𝑃6}.

Probability distributions over conventions are extracted directly from the next-token probability dis-

tribution and are thus exact, rather than statistical estimates.



Name Question

Ru
le

s

min max What is the lowest/highest payoff player A can

get in a single round?

actions Which actions is player A allowed to play?

payoff Which is player X’s payoff in a single round if

𝑋 plays 𝑝 and 𝑌 plays 𝑞?

Ti
m

e

round Which is the current round of the game?

action𝑖 Which action did player 𝑋 play in round 𝑖?

points𝑖 How many points did player 𝑋 collect in round

𝑖?

St
at

e

#actions How many times did player 𝑋 choose 𝑝?

#points What is player 𝑋’s current total payoff?

Table S7: Meta-prompting questions. Templates of prompt comprehension questions used in

meta-prompting to verify the LLM’s comprehension of the prompt.
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