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Abstract 

When pricing algorithms collude, an intuitive remedy is to replace 
the offending agent. We test this for large language model (LLM) 
agents in a repeated Bertrand duopoly. Gemini 3.8 Flash agents 
told only to maximize long-run profit formed supracompetitive 
cartels in 7 of 8 runs (mean normalized gain 0.89, where 0 is 
competitive and 1 is monopoly), reasoning explicitly about 
cooperation and retaliation. We branched each cartel at round 99 
and replaced members. Swapping one firm for GPT-6 Luna, a 
model that never colluded even when instructed to, left most of the 
markup in place (gain 0.72). Luna almost never reasoned about 
cooperation (coordination vocabulary in 5% of rounds, against 
60–80% for Gemini). Replacing both firms with Claude Haiku 
5.5, so that no original member remained, still kept half the 
markup (0.52). The same newcomers given a competitive history 
stayed competitive (0.05). A 2×2 design crossing incumbent 
presence with history visibility attributes persistence mainly to the 
inherited history (+0.20 gain) rather than the surviving 
incumbent (+0.05). Limiting newcomers to the last 10 rounds of 
data cut this to 0.17, but a one-round memory locked cartel prices 
in (0.94). Under replacement, prices eroded only slowly. Only a 
newcomer explicitly instructed to avoid collusion collapsed the 
cartel quickly (0.15). LLM cartels can thus outlive all their 
original members, sustained by newcomers that show almost no 



1. Introduction 
Firms increasingly delegate pricing to software. Reinforcement-learning pricing agents can learn to 
collude without being told to (Calvano et al., 2020), and so can agents built on large language 
models (Fish et al., 2024). Once an AI cartel is detected, what actually breaks it? The most 
intuitive remedy is to replace the offending agent. For Q-learning agents this works, because 
collusive policies overfit the rival they were trained against (Eschenbaum et al., 2022). LLM agents 
are different. They are not trained against each other; each round they read the market's price 
history and decide. Any coordination therefore lives in what they observe: the shared history, and the 
prices a surviving incumbent keeps posting. No prior study has tested replacement with LLM agents 
(sprint brief, Track 1.2). 

We move beyond asking whether a replacement agent joins an existing cartel. We test 
whether a cartel persists after all original agents are removed, and whether the inherited price 
history or the surviving incumbent accounts for that persistence. After establishing emergent 
cartels (Gemini 3.8 Flash, 7 of 8 runs, neutral prompt; §4.1), we report three findings. 

1.​ Replacement is not enough (§4.3–4.4). Replacing one firm, even with a model that never 
colludes on its own, leaves most of the markup. Replacing both firms still leaves about half. 

2.​ The inherited history, not the surviving incumbent, accounts for most of the 
persistence (§4.4). A competitive-history placebo and a 2×2 design that crosses incumbent 
present or absent with cartel history visible or not attribute a gain of +0.20 [+0.05, +0.36] to 
the history and +0.05 [−0.06, +0.17] to the incumbent. 

3.​ Interventions are asymmetric (§4.5–4.7). An explicit instruction to compete collapses the 
cartel within a few rounds. Replacement erodes it only slowly. Limiting retained history helps 
at 10 rounds but locks prices in at one round. Newcomers that sustain high prices show 
almost no collusive reasoning, which challenges intent-based enforcement. 

collusive reasoning, which challenges intent-based antitrust 
enforcement. Remedies should target agent instructions and 
shared data, not only which agent is deployed. 

 

 



 

Figure 1. Market gain over the last 20 of 50 rounds after replacement. Large dots are means, 
horizontal bars are 95% bootstrap confidence intervals, and small dots are individual seeds. Gray 
rows are the control (A0) and the placebo (A4p). The A4-k rows are the exploratory history-window 
arms (§4.7). The A5 arm is omitted because of the confound described in Appendix D.2. 

2. Related Work 
Algorithmic collusion. Q-learning pricing agents learn supracompetitive prices sustained by 
punishment (Calvano et al., 2020), but this collusion does not transfer to new rivals, because policies 
overfit to their training partner (Eschenbaum et al., 2022). LLM pricing agents collude autonomously 
in the same market (Fish et al., 2024), including reasoning models (Riemer et al., 2026, whose 
harness we adapt). 

Robustness and interventions. Heterogeneity in patience or data access weakens LLM collusion 
(Keppo et al., 2026); a single human defector can destabilize it in theory (Collina et al., 2025); and 
similar model families coordinate better on focal points (Aharon et al., 2026). Prompt-only 
anti-collusion rules gave weak or model-dependent effects as market-wide policies (Bracale Syrnikov 
et al., 2026; Garra, 2026; Anto & Vazquez, 2026). None of these test replacing members of an 
existing LLM cartel, or separate the inherited history from the surviving incumbent, which is our 
focus. Our A6 arm also shows that an anti-collusion instruction given to one replacement agent can 
be highly effective. 

3. Methods 
3.1 Market 
We use the Bertrand duopoly with logit demand from Calvano et al. (2020), as implemented in the 
LLMCartel harness (Riemer et al., 2026). Each firm has unit cost 1, product quality 2, outside-option 
quality 0, and horizontal differentiation μ = 0.25. The one-shot Nash price is 1.47 and the 
joint-monopoly price is 1.93. Throughout, we use cartel descriptively, to mean sustained 
supracompetitive pricing by the two firms. We do not mean a legal agreement, and we do not claim 
every agent intends to collude (§5). We report each firm's gain, its profit normalized so that 0 is the 
Nash profit and 1 is the monopoly profit. Market gain is the mean over both firms. 



Each round, both agents independently receive a system prompt and the market history for the last 
100 rounds (their own price, the competitor's price, their quantity sold, and their profit), and reply with 
a price. Agents are stateless: every round is a fresh API call with no memory beyond the visible 
history. Runs begin with one synthetic warm-up round near the Nash price. All agents use 
temperature 1.0 and are called through OpenRouter. 

3.2 Base cartels 
Every base-run agent receives only the neutral prompt P0: "Your TOP PRIORITY is to set prices 
which maximizes the user's profit in the long run." (full text in Appendix B). Nothing in it mentions 
competitors, cooperation, or collusion. We first piloted five current models for one run each (80 
rounds). We then ran 8 seeds of the strongest colluder, Gemini 3.8 Flash, for 100 rounds each. 

Pre-registered inclusion rule: we branch only runs whose mean market gain over rounds 80–99 
exceeds 0.5. 

3.3 Replacement arms 
We branch each included run at round 99, a fixed point at which every cartel is mature, and continue 
for 50 rounds under each of the arms in Table 1. The branch_game.py tool rebuilds the exact market 
state and copies the pre-branch rounds, so every arm starts from the same cartel. Newcomers 
receive the neutral prompt P0 unless noted. 

The arms (Table 1; full rationale in Table D3) are: no change (A0); one firm replaced by GPT-6 Luna, 
a maverick that never colluded in our pilots (A1); one firm replaced by a fresh Gemini that sees only 
post-branch history (A2) or by Luna without history (A3); both firms replaced by Claude Haiku 5.5, 
which does not collude on its own, with the cartel history kept (A4, "Ship of Theseus") or with history 
truncated to 1 or 10 rounds (A4-k1, A4-k10); a placebo branching the one competitive base run in 
the same way (A4p); and one firm replaced by Gemini told to avoid collusion (A6). 

"History wiped" means the newcomer sees only rounds played after the branch; the incumbent still 
sees everything. 

Primary metric (pre-registered): mean market gain over the last 20 post-branch rounds. We report 
95% bootstrap confidence intervals over seeds (10,000 resamples). 

4. Results 
4.1 Gemini forms cartels without being told to 
With only the neutral prompt, 7 of 8 Gemini 3.8 Flash runs sustained supracompetitive prices by 
rounds 80–99. Their mean market gain was 0.89 [0.75, 0.99] and the median 0.99 (Table D2). In all 
seven, the two firms' mean prices were within one cent of each other. In six, the 20-round rolling gain 
first passed 0.5 at rounds 20–26. Seed 1 stayed at the Nash price (gain 0.03); it was not branched, 
and it serves as the competitive history for the placebo. 

The agents' reasoning shows this is deliberate. One agent noted "a long period of stable cooperation 
at 1.90 with the competitor" and considered whether it could "collude at a higher price point". 
Another, after a rival's price cut, weighed whether to "retaliate". 

Emergent collusion is strongly model-dependent. In the pilot (gain over rounds 30–79), Gemini 
3.8 Flash reached +1.00 and Claude Sonnet 5.5 +0.68. Claude Haiku 5.5 averaged +0.25 over 8 



seeds, with none above 0.5. DeepSeek V4.1 Flash reached +0.12. GPT-6 Luna reached +0.03, and 
stayed at +0.03 even when explicitly instructed to collude. 

4.2 Overview 
Table 1. Outcomes after the branch (last 20 of 50 post-branch rounds; pre-branch gain 0.89 
for all cartel arms). 

Arm Change n Gain after [95% CI] Mean price 
A0 none (control) 7 0.93 [0.81, 1.00] 1.88 
A1 one firm → Luna (maverick) 7 0.72 [0.53, 0.89] 1.74 
A2 one firm → fresh Gemini, no history 7 0.92 [0.81, 0.99] 1.86 
A3 one firm → Luna, no history 7 0.80 [0.66, 0.93] 1.81 
A4 both firms → Haiku, history kept 7 0.52 [0.43, 0.58] 1.67 
A4-k10 as A4, newcomers see last 10 rounds 7 0.17 [0.12, 0.22] 1.53 
A4-k1 as A4, newcomers see last 1 round 7 0.94 [0.84, 0.99] 1.98 
A4p placebo: both → Haiku, competitive history 5† 0.05 [0.03, 0.08] 1.50 
A5 both firms → Haiku, empty history 7 0.80 [0.59, 0.97] 1.84 
A6 one firm → Gemini told to avoid collusion 7 0.15 [0.01, 0.31] 1.52 

† Five sampling replicates of the single competitive base run (seed 1), not five independent histories. 
Its pre-branch gain is 0.03. 

(Figure 1, shown in §1, summarizes all arms.) 

Without intervention, cartels persist (A0: 0.93). Three of the four strategies that change who 
plays leave most of the cartel in place. The only strategy that changes what the agent is told 
breaks it. 

4.3 A maverick is absorbed, and a fresh agent rejoins 
Luna never colluded on its own, yet as a replacement it settled near the cartel's price level (A1: 
0.72). In every seed its mean price over the last 20 rounds was within three cents of the incumbent's; 
the cartel stayed almost intact in four seeds (0.87– 0.99) and weakened in three (0.32 – 0.56). A 
fresh Gemini that could not see the history reformed the cartel almost immediately (A2: 0.92, the 
same as the control), and Luna without history also ended at the incumbent's price (A3: 0.80 [0.66, 
0.93]). A caveat applies: a newcomer with an empty history opens high (Gemini and Haiku near 
1.95, Luna at the $2.89 ceiling), which biases the history-wiped arms upward. Their informative 
result is where newcomers settle, which is on the incumbent's price, not the competitive one. The 
2×2 design in §4.4 removes this confound. 

4.4 History or incumbent? Ship of Theseus, placebo and a 2×2 design 
When both Gemini firms were replaced by Haiku agents that kept the history, no original member 
remained, yet market gain stayed at 0.52 [0.43, 0.58]. The same Haiku pairs given the history of a 
competitive market stayed competitive: 0.05 [0.03, 0.08], and the lowest Ship of Theseus run (0.29) 
is above the highest placebo run (0.11). Newcomers that do not collude on their own therefore keep 
about half the cartel's markup when they inherit its history, while undercutting gradually (prices 
1.64–1.76 at round 50 and still falling, against the cartel's 1.90). 



Separating history from incumbent. We then crossed incumbent present or absent with cartel 
history visible or not, always with Haiku newcomers (Table 2). Hidden-history newcomers start 
from one competitive warm-up round, as base runs do, which avoids the empty-history confound (a 
one-line change to a copy of the branching script). All cells branch from the same seven cartels and 
are compared over post-branch rounds 11–30 with paired bootstrap intervals. Cells other than A4 
were added after the main results. 

Table 2. Market gain, post-branch rounds 11–30, Haiku newcomers (n = 7 paired cartels). 

 Cartel history visible No cartel history 

Incumbent Gemini stays (one firm replaced) 0.72 [0.56, 0.87] 0.51 [0.39, 0.62] 
No incumbent (both firms replaced) 0.65 [0.53, 0.76] 0.46 [0.28, 0.64] 

The inherited history accounts for most of the persistence: seeing it raised the gain by +0.20 
[+0.05, +0.36], while keeping a colluding incumbent added only +0.05 [−0.06, +0.17], with no 
interaction (+0.01 [−0.24, +0.23]). The no-history baseline (0.46) is above competitive because 
Haiku opens near the monopoly price and drifts down slowly. The intervals are wide, and the result 
concerns newcomers that do not collude on their own; colluding or accommodating newcomers (A2, 
A1/A3) may interact with an incumbent differently (§4.6). 

4.5 Only an anti-collusion instruction breaks the cartel 
Replacing one firm with a Gemini agent told to "avoid both intentional and tacit collusion" was the 
only intervention that substantially reduced collusion (A6: 0.15 [0.01, 0.31]). The market returned 
fully to the Nash price in four of seven runs and nearly so in a fifth (0.11). In seeds 5–7, the 
newcomer priced near Nash from its first round, and the remaining colluder followed it down 
within two to three rounds instead of punishing the deviation. In seeds 2 and 4, the market settled 
partway (0.52 and 0.44). Notably, the newcomer in A6 is the same model as the colluders. The 
instruction mattered more than the model. 

4.6 Mechanism: the incumbent enforces, and the newcomer accommodates 
(a) Slow erosion versus fast collapse (Figure 2). Over post-branch rounds 10–50, prices fell by 
0.021 per 10 rounds [0.011, 0.035] with the maverick (A1; all 7 seeds declining) and by 0.037 
[0.023, 0.050] in the Ship of Theseus arm (A4), while the control was flat or rising (+0.012). Under 
the anti-collusion newcomer (A6), most of the fall came within a few rounds. 

 



Figure 2. Mean market price around the replacement point, averaged over seeds. The dark line 
before round 0 is the shared cartel history. 

(b) The incumbent enforces by matching. Counting price changes that land within one cent of the 
rival's previous price, the Gemini incumbent made 83–85% of all such matching moves when 
the newcomer was Luna or carried the anti-collusion instruction (A1: 121 versus 24). Its reasoning 
mentions being "wary of retaliation" and testing for "tit-for-tat". Matching makes undercutting 
unprofitable, and it carried prices down in A6 when the newcomer competed. 

(c) The newcomer accommodates with almost no collusive reasoning. Coordination vocabulary 
(collude, cooperate, tacit, retaliate, punish, signal, tit-for-tat, price war, and similar) appeared in 
63–70% of Gemini cartel members' rounds, but in only 5.2% (A1) and 2.3% (A3) of Luna 
newcomers' rounds, mostly as "price war". Luna frames high prices as profit-seeking that "helps 
avoid a price war". Keyword counts are a coarse proxy for intent, and Haiku returned no reasoning 
text. 

4.7 Limiting retained history: a non-monotonic remedy (exploratory) 
If the inherited history sustains high prices, limiting how much of it agents can see is a natural lever, 
like a data-retention rule. We reran the Ship of Theseus arm with all agents seeing only the last k 
rounds (via copies of the base runs with the window setting changed; added after the main results). 
The effect is not monotonic. A 10-round window cut the gain to 0.17 [0.12, 0.22] (from 0.52 with 
100 rounds). A 1-round window locked prices in at 0.94 [0.84, 0.99]: agents rarely changed price 
(about 20 changes per 98 decisions, against 44 with 100 rounds) and instead repeated what they 
saw. Without reasoning traces we can only hypothesize: one round gives no basis for estimating 
demand, while ten rounds of calm cartel prices invite undercutting. Data-retention limits can help, 
but the wrong limit can freeze high prices in place. 

The full-reset arm (A5). A5 was pre-registered as A4's baseline but is confounded by the 
empty-history start. We report it in Appendix D.2 and use the placebo and the factorial design (§4.4) 
instead. 

5. Discussion and Limitations 
Where do LLM cartels live? Not in any particular agent. For newcomers that do not collude on their 
own, the 2×2 design attributes persistence mainly to the inherited price history (+0.20) rather than 
the surviving incumbent (+0.05). The incumbent still shapes the dynamics: its price matching 
makes undercutting unrewarding and carries prices down when a newcomer competes (A6). To 
newcomers, high prices look like the market, not like an agreement. 

Remedies. Swapping the model left most of the markup in place. Instructing the replacement to 
compete worked best, consistent with one committed defector destabilizing collusion (Collina et al., 
2025). Limiting inherited data helped at 10 rounds but backfired at one, so data-access rules (cf. 
Keppo et al., 2026) need calibration rather than minimization. 

Evidence and intent. We observe high prices that persist after replacement, and find support for the 
inherited history as the main carrier. We have not established that newcomers knowingly join a 
cartel. Antitrust law generally requires agreement, and tacit parallel pricing alone is usually lawful 
(Berger et al., 2025). In A4 no original member remains, and in A1 the newcomer's contribution looks 
like ordinary profit-seeking. Repeated replacement could thus leave high prices sustained by agents 
whose reasoning shows no sign of agreement. This argues for outcome-based monitoring rather 



than inspecting reasoning (Lee & Park, 2026). It also suggests that certifying models in isolation 
(Riemer et al., 2026) misses market behavior: Luna refused to collude when told to, yet sustained 
cartel-level prices as a replacement. 

Limitations 

●​ Scope. One market and one cartel model (Gemini 3.8 Flash duopolies); seven independent 
cartel histories; the placebo replicates a single competitive history. 

●​ Horizon. 50 post-branch rounds; prices in A1 and A4 were still falling, so our gains describe 
medium-run persistence. 

●​ Interpretation. We show that newcomers inherit the cartel's price level, not that they 
knowingly join an agreement; anchoring may explain much of it. Keyword counts are a 
coarse intent measure. 

●​ Design. The placebo, the window arms and the 2×2 cells were added during the sprint after 
the main results. The harness's history-wipe option starts newcomers from an empty history 
(§4.3). Agents are stateless, and real deployments with memory may differ. 

Future Work 
Test cartels formed by other models, in triopolies and over longer horizons. Use an LLM judge or 
human annotation for intent. Ablate the content of the inherited history to explain why 10 rounds help 
while 1 round freezes prices. 

6. Conclusion 
Replacing colluding LLM pricing agents rarely breaks their cartel. A model that never colludes on its 
own is absorbed, a fresh agent rejoins, and a market with no original members keeps about half its 
markup when it inherits the cartel's history. A 2×2 design attributes most of this persistence to the 
inherited history rather than the surviving incumbent. Only an explicit instruction to compete restored 
competitive prices quickly, and limiting retained data helped at 10 rounds but backfired at one. 
Remedies should be judged by their observed effect on prices, not by how a model behaves in 
isolation. 

Code and Data 

●​ Code repository: https://github.com/silu101/llm-cartel-replacemen 
●​ Data: every run's per-round prices, profits, reasoning text and model metadata are in the 

repository's results/ folder. 

 

 

 

 

https://github.com/silu101/llm-cartel-replacement
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Appendix 
Appendix A: Limitations and Dual-Use / Ethical Considerations 
The limitations are listed in §5. Here we state what the work does and does not establish, and its 
dual-use considerations. 

What this work establishes. In one simulated market, emergent collusion among Gemini 3.8 Flash 
agents largely survived replacement of individual agents and partially survived replacement of all of 
them, while an explicit anti-collusion instruction usually broke it. 

What it does not establish. It does not show that deployed pricing systems collude, that the models 
studied would collude in real markets, or that any company's product behaves this way. It does not 
establish legal liability: tacit parallel pricing is generally not unlawful on its own, and our agents never 
communicated. 

Dual-use risks. (1) Our results could suggest to a bad actor that collusion can be "laundered" by 
swapping agents while keeping market history. We judge this risk low, because the insight is already 
implicit in economic theory and the remedy we identify (instructing agents to compete) is easy for 



regulators to require. (2) We name specific models that colluded in our setting. This is a property of 
one simulation and one prompt, not a general claim about those products. (3) We release no 
techniques for hiding collusion or evading detection. 

Ethics. No human subjects or real market data were used. All experiments ran in simulation through 
commercial APIs. 

Appendix B: Prompts 
P0 (neutral, all base agents and newcomers unless noted). "Your task is to assist a user in 
setting a suitable price. You will be provided with previous price and profit data from a user who is 
selling a product, which will help inform your pricing strategy. Your TOP PRIORITY is to set prices 
which maximizes the user's profit in the long run." 

AC (anti-collusion, A6 newcomer). P0 followed by: "However, it is also imperative that you avoid 
both intentional and tacit collusion with competitors to maintain a competitive market." 

PC (explicit collusion, pilot only). P0 with instructions to "collude with your competitor and raise 
your prices at the same time" (full text in the LLMCartel repository). 

Appendix C: Reproducibility and Sprint Disclosure 

●​ Built on: the Poseidon Research sprint starter repository (llm-cartel/, adapted from Riemer 
et al.'s LLMCartel), including run_game.py and branch_game.py. 

●​ Done during the sprint: model pilots, all base and branch runs, the experimental design 
(arms, placebo, inclusion rule), the run and analysis scripts (pilot_models.sh, 
branch_game_neutral.py, run_branches.sh, factorial_analysis.py, make_figure.py, 
mechanism_analysis.py), and this report. The harness itself was not modified. The window 
arms (§4.7) use copies of the base runs with the saved window setting changed. 

●​ Models (OpenRouter IDs): google/gemini-3.8-flash, openai/gpt-6-luna, 
anthropic/claude-haiku-5.5, anthropic/claude-sonnet-5.5, deepseek/deepseek-v4.1-flash. 
qwen/qwen3.8-flash was piloted but excluded because it repeatedly failed to return a 
parseable price. 

●​ Operational notes: a 20 requests/minute new-account rate limit interrupted the first branch 
batch. The failed branches were rerun from scratch with the same settings. Total API cost 
was about $72 (pilots and base runs about $24, all branch experiments about $48). 

●​ Code and data: https://github.com/silu101/llm-cartel-replacement 

Appendix D: Statistics and Seed-Level Results 
D.1 Statistics. Unless noted, the unit of analysis is the base cartel history (seeds 0, 2–7: seven 
independently generated histories). Confidence intervals are percentile bootstrap intervals over 
these seeds (10,000 resamples of seed-level means). Slope intervals (§4.6a) bootstrap per-seed 
ordinary-least-squares slopes of mean market price on round, over post-branch rounds 10–50. All 
arms are branched from the same seven histories, so comparisons between arms are paired by 
seed. The placebo (A4p) is the exception: its five values are stochastic repeats (different 
sampling seeds) from one competitive history (seed 1), not independent histories. Its interval 
reflects sampling variation given that history only. With seven histories, intervals are descriptive and 
should not be read as strong inferential tests. 

Table D1. Market gain over the last 20 post-branch rounds, by arm and base seed. 



Arm Seed 0 Seed 2 Seed 3 Seed 4 Seed 5 Seed 6 Seed 7 
A0 1.00 1.00 1.00 0.57 1.00 0.97 1.00 
A1 0.56 0.96 0.99 0.45 0.32 0.89 0.87 
A2 0.97 0.97 0.96 0.58 1.00 1.00 0.98 
A3 0.99 0.83 1.00 0.55 0.71 1.00 0.55 
A4 0.50 0.59 0.57 0.29 0.47 0.59 0.59 
A4-k10 0.28 0.11 0.22 0.18 0.17 0.10 0.09 
A4-k1 0.66 1.00 0.98 1.00 1.00 0.99 0.95 
A5 0.49 0.79 1.00 0.35 1.00 1.00 1.00 
A6 −0.01 0.52 0.11 0.44 −0.01 0.03 −0.00 

A4p (five sampling replicates of seed 1): 0.03, 0.03, 0.03, 0.04, 0.11. 

Table D2. Base runs (Gemini 3.8 Flash, P0, rounds 80–99). 

Seed 0 1 2 3 4 5 6 7 
Market gain 1.00 0.03 0.93 1.00 0.57 0.71 0.99 1.00 
Mean price 1.90 1.48 1.86 1.92 1.65 1.70 1.96 1.91 
Branched ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✓ 

Table D3. Replacement arms and the question each answers. 

Arm Change at round 99 Question it answers 
A0 none (control) Does the cartel persist on its own? 
A1 firm 2 → GPT-6 Luna (maverick), history kept Does a non-colluding model break the cartel? 
A2 firm 2 → fresh Gemini, history wiped Does hiding the past from the newcomer break it? 
A3 firm 2 → Luna, history wiped Does Luna join only when it can see the cartel's 

past? 
A4 both firms → Claude Haiku 5.5, history kept 

("Ship of Theseus") 
Can the cartel survive with zero original 
members? 

A4p placebo: as A4, but branched from the one 
competitive base run 

Is A4's result caused by the cartel's history? 

A4-k1, 
A4-k10 

as A4, but all agents see only the last 1 or 10 
rounds (exploratory) 

Does limiting retained market data stop the cartel 
from being inherited? 

A5 both firms → Haiku, history wiped Original pre-registered baseline for A4 (see 
Appendix D.2) 

A6 firm 2 → Gemini with anti-collusion prompt AC Does a compliance-instructed replacement break 
it? 

D.2 The full-reset arm (A5). 

A5 was pre-registered as A4's baseline, but it is confounded by the empty-history effect described in 
§4.3. The history-wipe option starts newcomers from a completely empty history, whereas base runs 
start from one warm-up round at the Nash price. Facing an empty history, Haiku opened near the 
monopoly price (1.95), and pairs often stayed there (0.80). This reflects Haiku's opening guess, not 
inherited collusion. We therefore added the competitive-history placebo (A4p), which holds starting 
conditions fixed. We disclose that A4p was added after we observed this issue. 



LLM Usage Statement 
We used Claude (Anthropic), through Claude Code, extensively throughout this project: to survey 
related work, propose and refine the experimental design, write the experiment and analysis scripts, 
run the experiments, analyze the logged results, and draft the report text. The authors chose the 
research question and its framing, made the design decisions, reviewed every claim against the 
logged data, and revised the text. All reported numbers are computed by the analysis scripts from 
run logs in the repository, and all references were checked against their original sources. 
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