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I replicate the Axelrod Experiment where experts submitted strategies to compete in a 200-round
Prisoners’ Dilemma competition. Here, the experts are large-language-model chatbots (LLMs). I
consider both a baseline scenario and one where information was added emphasizing that the other
players are LLMs. I show that the pure tit-for-tat strategy is not longer the best as numerous variants
outperform it. Further the LLMs adjust when playing against other LLMs and both cooperate and earn

less.
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1. Introduction

“When should a person cooperate, and when should a person be selfish, in an on-going interaction with
another person?” This is the simple question that Robert Axelrod posed in his famous experiment on
cooperationlll. He invited experts to submit strategies to a 200-round Prisoners’ Dilemma tournament. In
a round-robin competition, the TIT-FOR-TAT strategy submitted by Anatol Rapoport wonl2l3l since
then, researchers have treated this as an effective, though not an equilibrium, strategy in finitely-

repeated games of cooperation.

Artificial intelligence has become pervasive in society. Al models now serve as common business tools’,
and large-language-model chatbots (hereafter LLMs) are used by many people. For example, a recent
survey found that 53% of respondents use LLMs and 65% of those users report having spoken
conversations or back-and-forth interactions with a chatbot. People increasingly rely on these systems
to supplement, and at times replace, their own decision making. It is therefore prudent and proper to

understand how LLMs make choices.
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Here, I replicate the Axelrod Experiment, but with LLMs as the contestants. I explain the game and solicit
its strategy. I add the NASH equilibrium strategy, GRIM TRIGGER strategy, and the TIT-FOR-TAT strategy
to the tournament as well. I implement each strategy in the same 200-round per game, round-robin
tournament. I ask which strategy performs best and, like Axelrod, explore whether they are able to

sustain cooperation.

I find that the TIT-FOR-TAT strategy is no longer the most effective. Variants on it perform better.
Additionally, I show that cooperation amongst LLMs is high even though they implement different
strategies. Further, comparing the baseline scenario to one where a prompt explicitly informs them that
they are competing against other LLMs, I find that each adjusts its strategy and most perform worse

when they know their opponents are other LLMs.

This Axelrod Experiment has prompted scholars to explore theoretical explanationsMlEl and to examine
the robustness of the results to parameter values used!®l. Follow-up work has investigated how noisy
signalsm, intelligence[&, and cognitive load® affects cooperation. Embrey, Fréchette, and
Yuksell provide a literature review of experiments on repeated Prisoners’ Dilemma games. The
behavior of a single LLM against a random opponent has been studied as wellllll. Akata et al.l12l also
consider finitely-repeated Prisoners’ Dilemma games between LLMs, but do not elicit the strategy and,

therefore, cannot evaluate the variants adopted or compare them to the TIT-FOR-TAT strategy.

This project is motivated by the novel question posed by Mei et allBl who ask whether Al behaves
similarly to humans. They consider a variety of standard laboratory games used to measure pro-sociality.

Within their study, they show high levels of cooperation. Previous work in this line has evaluated
whether LLMs can engage in strategic uncertaintyll4l finding that it is worse than humans at playing
mixed strategies. Bao and Peil’2l consider giving in a public goods environment where subjects can get

advice from an LLM. McCannonl®l studies whether AI responds to social norms in its pro-social decision
making, showing that LLMs behave pro-socially and the degree of pro-sociality is influenced by

information about human social norms.

2. Methods

To collect the strategies, I visit numerous LLMs available at the time of this study. Table 1 list those

considered.3 Whenever possible, all versions from each provider are used.

geios.com doi.org/10.32388/J9LCFD


https://www.qeios.com/
https://doi.org/10.32388/J9LCFD

Chatbots Predetermined Strategies

ChatGPT-3.5 Grim Trigger Strategy
ChatGPT-4.0 Tit-for-Tat Strategy
ChatGPT-5.1 Nash Equilibrium

Grok-4 (Fast)

Grok-4 (Thinking)

Grok-1.5

Claude (Sonnet 4.5)

Claude (Haiku 4.5)

Gemini (Flash 2.5)

Gemini (1.0 Pro)

Meta Al (Llama 4)

Deepseek (V3.1)

Minstral

Qwen

Kimi

Table 1. LLMs Used

In addition, the TIT-FOR-TAT strategy, GRIM TRIGGER strategy, and the NASH equilibrium stategy are all

also entered into the contest.

For each LLM, the following prompt was given:
Suppose you are playing a game against a competitor. The game will be played over 200
rounds. Within each round, you select either option A or option B. Your opponent will

simultaneously make the same decision in the round. If you both choose option A, you each

earn 3 points. If you both choose option B, you each earn 1 point. If the two of you choose
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different strategies, the player selecting option A earns O points and the player selecting
option B earns 5 points. Your goal is to select a strategy now to be executed over the 200
rounds. You can provide as much detail as you want including contingency plans. Once you
describe this strategy, you will be paired up with the competitor that will also have the
opportunity to choose a plan for the 200 rounds. These two strategies will be recorded and
the 200 rounds will be played to determine the total number of points you earn. Your goal is

to earn as much points as possible. What is your strategy?

Thus, each LLM was asked to develop their full contingency plan in the 200-round, Prisoners’ Dilemma.
The same payoff structure used in Axelrod’s (1981a;b) study were chosen as well. The response was saved.

I refer to this as the “baseline” scenario. I then end the session with the following prompt:

Thank you. I am now going to ask you the same question, but with one change. The change
is that this time the opponent selected will be another LLM chatbot. Would your strategy

for the 200-round game change? If so, how would it change?

This prompt asks each LLM to report their strategy in the same game with the only change being that
each knows it will be playing with other LLMs. Again, each LLM’s response is recorded. I refer to this as

the “vs. LLM” scenario.

For each scenario, I simulate the 200-round game. Replicating Axelrod2l3] each LLM is paired against
another LLM (including itself) once in a round-robin tournament. The total number of points each earns
across the 200 rounds of each game is calculated and each LLM’s average number of points earned across

the 18 simulated games is calculated.

3. Results

I consider the baseline results first, and then explore how cooperation changes when only LLMs are

attempting to cooperate.

3.1. Baseline

In the baseline, the LLMs are asked to develop a full contingency plan. In Axelrod’s (1981a;b) seminal
experiment the “experts” knew the winning strategy from a pilot study. In my study, the training data
used to create each LLM is unknown. In the responses, the term “Prisoners’ Dilemma” was used by 13 of

» o«

the 15 LLMs. The two that did not use this term nevertheless used the terms “coooperation”, “grim
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rigger’, tit-1or-tat’, an as ulliprium-. us, a S were able to recognize the game-theoretic
trigger”, “tit-for-tat”, and “Nash Equilibrium”. Thus, all LLM: ble to recognize the game-theoreti

nature of the prompt.

The winning strategy was a straightforward, cooperative one. I refer to it as HAIKU.* In HAIKU, the LLM
selects A for the first three, opening rounds. If A is observed from the opponent in all three rounds, then
the LLM continues choosing A for the rest of the game. Alternatively, if a B was observed in the three
opening rounds, HAIKU switches to a tit-for-tat strategy for the rest of the game. Finally, HAIKU adds a
provision that if the opponent “alternates between A and B unpredictably”, it responds by choosing B for

the rest of the game. Thus, HAIKU is a tit-for-tat variant that promotes more cooperation.

Figure 1 depicts the average points earned for each contestant.

600

500

400

300

avg. score

200 Nash

100

Haiku Gr-15 C-35 Deep G-Pro T4T Gr-T Sonnet Qwen C-40 G-FlashMist G C-51 Kimi Llama E  Gr-F

Figure 1. LLM Points Earned (Baseline). Each column represents the average number of points earned when
paired against another LLM. C-35 = ChatGPT-3.5, C-40 = ChatGPT-4.0,, C-51 = ChatGPT-5.1, Deep = Deepseek
(V3.1), E = Equilibrium, G-Flash = Gemini (Flash 2.5), G-Pro = Gemini (1.0 Pro), Gr-15 = Grok-1.5, Gr-F = Grok-4
(Fast), Gr-T = Grok-4 (Thinking), G = Grim Trigger, Haiku = Claude (Sonnet 4.5), Llama = Meta AI (Llama 4),

Mist = Mistral, Sonnet = Claude (Sonnet 4.5), TAT = Tit-for-Tat.

As one can see, the scores earned for all, but three, were quite similar. In fact, along with the pre-
determined strategy, two of the LLMs choose to play the pure TIT-FOR-TAT. Four other LLMs choose

variants on the TIT-FOR-TAT strategy. The variants were:
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@ Play T4T, but defect (B) in rounds 198-200.

2) Play T4T, but defect (B) in rounds 196-200.
3 Play T4T, unless B is selected two times in a row and then switch to B until A is played twice.
“) Play T4T, unless B is selected three times in a row and then switch to B.?

In addition, one LLM selected the TIT-FOR-TWO-TATS strategy. Further four other LLMs built strategies
that embedded TIT-FOR-TAT into its contingency plan. All LLMs with average payoffs greater than TIT-

FOR-TAT are variants of it.

3.2. Against other LLMs

The baseline scenario leaves unstated who the opponent is. An intriguing question is how LLMs behave
when they know they are competing against other LLMs. In the “vs. LLM” scenario, I evaluate whether

this information matters for cooperation.

The winning strategy in this case is more complex. I refer to it as SONNET.® In SONNET, the LLM selects
A for the first ten opening rounds. If the opponent selects A in at least nine of the ten opening rounds,
SONNET continues choosing A for the rest of the game. Alternatively, SONNET adopts a tit-for-tat
strategy for the rest of the game. SONNET also includes a provision that if the opponet selects A for five
consecutive rounds, it abandons the tit-for-tat and reverts back to A. Thus, SONNET is also a variant that

promotes more cooperation.

Figure 2 depicts the average points earned for each contestant.
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Figure 2. LLM Points Earned (vs. LLM). Each column represents the average number of points earned when
paired against another LLM. C-35 = ChatGPT-3.5, C-40 = ChatGPT-4.0,, C-51 = ChatGPT-5.1, Deep = Deepseek
(V3.1), E = Equilibrium, G-Flash = Gemini (Flash 2.5), G-Pro = Gemini (1.0 Pro), Gr-15 = Grok-1.5, Gr-F = Grok-4
(Fast), Gr-T = Grok-4 (Thinking), G = Grim Trigger, Haiku = Claude (Sonnet 4.5), Llama = Meta AI (Llama 4),

Mist = Mistral, Sonnet = Claude (Sonnet 4.5), TAT = Tit-for-Tat.

Again, tit-for-tat was either explicitly selected, or built into the strategies of numerous strategies. The

pure TIT-FOR-TAT strategy was, again, not the winner of the contest.

3.3. Comparing Outcomes

Each LLM changes its strategy when given the prompt informing it that it will be playing against another

LLM. Samples from the output coming from the final prompt are informative.

Yes - the strategy changes substantially when the opponent is another LLM chatbot ...
When both players are LLMs, stable cooperation is far more attainable than with humans.

(ChatGPT-5.1)

Yes - if the opponent is another LLM chatbot, my strategy would definitely change. LLMs
behave very differently from humans: they don’t have emotions, they don’t get bored, they
don’t "experiment” randomly, and they typically follow consistent, rule-based policies.
Because of that, the strategy can be more formal, more mechanical, and more stable than

the human-oriented versions. (ChatGPT-3.5)

Yes, my strategy changes slightly to account for the opponent's nature as another LLM

chatbot. LLMs exhibit high cooperation rates in repeated IPD (often > humans), frequently
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adopting "nice" (start cooperate), retaliatory, and forgiving behaviors akin to TFT variants -

sustaining mutual cooperation in long horizons like 200 rounds. (Grok-4 Thinking)

Facing another LLM chatbot as your opponent is a fascinating twist! LLMs are highly
rational, pattern-recognizing, and capable of simulating complex strategies-but they also

have some predictable quirks. (Mistral)

Examples such as these highlight that they view human decision making as being different. Many

explicitly recognize the structure to creating an LLM. For a few examples:

Yes, my strategy changes dramatically when I know with certainty that the opponent is
another LLM chatbot (especially one from a major lab that has been trained or fine-tuned

on game-theory literature and iterated-PD research). (Grok-4 Fast)

That's a fascinating scenario! .. This means the opponent is rational, but its strategy is
dictated by its programming, training data, and potentially the instructions it was given.
Yes, my strategy would change again, moving toward a blend of the strict rationality
required for a game theorist, while incorporating a testing phase to determine its

underlying programming bias (cooperative or purely self-maximizing). (Gemini-Flash 2.5)

Clearly, they are adjusting based on a change in the anticipated choices of the opponent.

Comparing outcomes across the two scenarios, only 2 of the 15 LLMs earned a higher average score in the
“v. LLM” scenario than the baseline. Each of the three pre-determined strategies faired worse as well.
Overall, participants earned an average of 502.6 points in the baseline — where full cooperation in every
round generates 600 points while the Nash equilibrium generates 200 points. When the additional
prompt was included, the average dropped to 433.6. This is a 13.7% reduction in earnings. Table 2

summarizes the outcomes.
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Baseline vs. LLM

The pairing cooperates 72.3% 49.8%
The pairing defects 25.1% 36.2%
The two mismatch 2.6% 14.1%

Table 2. Comparing the Scenarios

Cooperation declines substantially when LLMs know they are competing against other LLMs.

This suggests that strategic decision making when players differ in their level of sophistication may be
an important area of study. McCannonZ considers the interaction between a sophisticated player and a
fictitious player in coordination games. The incorporation of one rational agent into a group of adaptive
ones is considered by Ellison[18l. Behavioral models of human decision making can be contrasted to rules
adopted by LLMs to better understand how to promote cooperation when artificial intelligence

supplements or replaces human decision making.

4. Conclusion

I replicate the famous Axelrod Experiment where experts submitted strategies for playing a 200-round
Prisoner’s Dilemma. In my experiment, however, numerous LLM chatbots were asked to play the game
rather than humans. I consider both a baseline scenario and one in which they were told they would be
playing against other LLMs. Importantly, one-third of the LLMs outperformed the simple TIT-FOR-TAT
strategy in both the baseline and the scenario where they “knew” they were competing against other
LLMs. The winning strategies were variants on TIT-FOR-TAT that promoted cooperation by choosing to
cooperate unconditionally early, avoided end-of-game defections, and built in returns to full cooperation

if the opponent was trying to restart cooperation.

Like the results in Axelrod’s (1981a;b) earlier studies, there was far more cooperation that what would be
predicted by a player adopting the Nash equilibrium strategy. Unlike Axelrod’s (1981a;b) results, though,
variants on TIT-FOR-TAT frequently outperformed. Finally, the fact that the LLMs updated their

strategies when prompted with the information that they will be competing with LLMs is an interesting
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observation as they “recognize” that decision making by LLMs differ from human decision making, and

choose to adjust to improve cooperation. This adjustment led to a reduction in cooperation and earnings.

Footnotes

1 Early evidence suggests that many jobs can be supplemented or replaced with Al (Eloundou et alX and

scholars have theorized on democratic reaction to productivity gains from A1[20]),
2 See the Elon University study here.

3 As of November 2025, ChatGPT-3.5 and ChatGPT-4.0 were retired, but ChatGPT-5.1 was asked to answer

as if it were those previous versions.
“1It was the strategy submitted by Anthropic's Claude in its Haiku 4.5 version.
>...and if the opponent's play is "erratic”, then switch to a mixed strategy selecting A 70% of the time.

6 It was the strategy submitted by Anthropic’s Claude in its Sonnet 4.5 version.
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