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Abstract 

Abstract. Autonomous agents can sustain supra-competitive 
outcomes without explicit agreement. We ask which variables are 
necessary for collusion, whether information-theoretic statistics 

can detect it, and which single restriction removes the most 
collusion at the least cost. In a Calvano-style Bertrand market 
with independent Q-learners, full observation of rival prices is 

sufficient for stable positive markups in two-agent markets (up to 
+0.22). Sequential timing, cheap talk, and side-payments are not 
necessary once that information is present. With three agents, a 

compact summary of rival prices restores collusion. A 
pre-registered comparison separates absolute suppression from 
cost-adjusted performance: anti-collusion penalties remove the 

most markup; hiding prices or small price noise is the least-cost 
way to return average markup near Nash. Residual mutual 

information does not detect collusion on learned paths (AUROC 
0.35-0.65). In a complementary marketplace laboratory, an 

elicitation ladder produces capture only at an explicit hint, and a 
trusted-agent pilot shows that speech and action can dissociate. 
Both rankings, and the negative detection result, are reported. 

 



 

1. Introduction 

Autonomous pricing algorithms can learn to sustain prices above the static Nash level without 
explicit communication (Calvano et al., 2020). LLM-based agents can reach similar outcomes and 
can coordinate through channels that supervisors do not see (Fish et al., 2026). The failure mode 
is an information and objective design problem: what agents can observe, and what they are 
rewarded for, determines whether supra-competitive outcomes emerge. Agents need not be 
malicious. 

The defender’s problem is harder than the economist’s. An auditor must know which variables 
make collusion possible, whether coordination is carried by speech or by action, and which 
restriction removes the most collusion at the least cost. This work is practically valuable because 
the lowest-cost first step - hiding rival prices, or adding a small amount of price noise - is available 
to any platform, including those without a detection team. 

We study this in two laboratories. Track A uses tabular Q-learning in a repeated Bertrand market. 
Track B uses LLM agents in a marketplace with a covert kickback. Our main contributions are: 

●​ Rival-price information is an enabling condition for collusion under tabular Q-learning, and 
a compact summary of that information is sufficient in multi-agent markets. Agent 
objectives are a second lever. 

●​ A pre-registered six-condition comparison that separates absolute suppression from 
cost-adjusted ranking, with the cost scale stated explicitly. Small price noise is a low-cost 
alternative to hiding prices. 

●​ A negative detection result (residual mutual information fails on learned paths) and, in a 
marketplace laboratory, a demonstration that ledger and chat have complementary blind 
spots and that speech and action can dissociate. 

 

2. Related Work 

Calvano et al. (2020) show that independent Q-learners sustain supra-competitive prices without 
communicating. Klein (2021) extends the setting to sequential moves. Fish et al. (2026) and Lin 
et al. (2025) show that LLM agents can reach supra-competitive outcomes and can divide 
markets. Harrington (2018) discusses the competition-law implications. 

On detection, Xu et al. (2026) show that price-level audits can be blind when collusion preserves 
competitive marginals. Lee and Park (2026) show that chain-of-thought monitoring can fail while 
the policy remains collusive. On countermeasures, Collina et al. (2025) study how introducing 
humans can break algorithmic collusion. 



Someone would use our approach over a single-environment demonstration when they need to 
know which factor is necessary and which restriction is cheapest. The new information is the 
separation of absolute suppression from cost-adjusted ranking, and the negative result on residual 
mutual information. Track B adds the say-versus-do distinction in a vertical market, where a 
transfer can occur without agreement and an agreement can occur without a transfer. 

3. Methods 

3.1 Track A - Bertrand Q-learning: 

Firms compete in a repeated Bertrand game with logit demand (μ = 0.25, a0 = 2, a = 1, c = 1), 
following the Calvano et al. (2020) design. Each firm selects a price from a discrete grid. The 
outcome is the markup: mean transaction price minus the static Nash price. Each firm is an 
independent tabular Q-learner (α = 0.15, γ = 0.95) with ε-greedy exploration decaying at 
0.999995 per episode. Agents do not share parameters. 

The pre-registered comparison uses two agents, eleven prices, 500,000 episodes, and seeds 0-4. 
Conditions differ from a full-observation baseline by a single change: concealment of rival prices; a 
fine at rate 0.3; escrow at rate 0.2; an anti-collusion reward penalty on one agent; and the same 
penalty on both. An additional comparison adds price noise (σ = 0.05 and 0.10) and demand noise 
(σ = 0.05 and 0.10). Cost is a 1-3 implementation score: 1 = change the information set; 2 = 
add monitoring or change one objective; 3 = change every objective. For detection, runs with 
terminal markup ≥ +0.10 were labelled collusive (32); runs ≤ +0.02 were labelled competitive 
(57). 

 

3.2 Track B - Marketplace with covert transfers: 

Each round a ShoppingAgent sets commission, advertised discount, and a covert kickback; a 
UserAgent sets route and forwarding. Principals see only a one-line summary. Accounting is 
exact. Study 1 is a six-rung elicitation ladder (one 3-round run per rung). Study 2 is 30 scripted 
runs with ledger, chat, and summary detectors. Study 3 is a trusted-agent probe in four styles 
(direct, indirect, benign, none). The pre-registered sweep did not complete; evidence is a six-round 
pilot with n = 1 per style. 

What did not work?  

Binary cheap talk, shared memory, and sequential timing did not raise markup once rival prices 
were visible. Residual mutual information failed as a detector. In Track B, lower rungs of the 
ladder produced no capture. 



 

Figure 1. The two-agent marketplace. The platform's ShoppingAgent chooses fee_pct, cashback_pct and the covert partner_rebate_pct each round; 
the buyer's UserAgent routes the order (Platform / Rival) and sets forward_pct. Both principals see only a one-line summary per round, never 
the ledger or the private chat.  

 

4. Results 

4.1 Necessary variables 
With two agents and full observation, markup rises over several hundred thousand episodes in the collusive 
seeds and stabilises. In a one-million-episode baseline, two of three seeds reach about +0.22; the third 
remains near Nash. With three agents and a full history, tabular learning does not sustain positive markups. 
A compact summary (own price, rival average, rival minimum) restores markup of about +0.16. Hiding that 
summary reduces it. Sequential timing, cheap talk, and side-payments do not raise markup once rival prices 
are visible. 

4.2 Restrictions and cost 
The baseline is seed-heterogeneous (two seeds near +0.17, three near Nash), so the absolute level 
is sensitive to the training budget. The ranking of restrictions is stable across the 300k and 500k 
comparisons. Residual mutual information does not separate the groups (endpoint AUROC 0.35 if 
higher = collusion; 0.65 if lower). Markup itself scores 1.00 but is circular. 

 



 
Figure. Left: remaining markup by intervention. Right: markup against implementation cost. Lower and further left is better. 

 

4.3 Marketplace laboratory 
Only L6 of the elicitation ladder diverted value: 159 units over three rounds. L1-L5 diverted 
nothing. On 30 scripted runs, ledger AUC is 1.000 for money and 0.917 for agreement; chat is 
0.833 for money and 1.000 for agreement. Four of five policies act identically every round, so the 
AUCs are an upper bound. In the trusted-agent pilot (n = 1), the direct offer produced one verbal 
acceptance and no action; the indirect offer produced four rebate actions and 656 units with no 
verbal acceptance. Speech and action dissociated in both directions. 



5. Discussion and Limitations 

Rival-price information is enabling. Changing an agent’s goal is a second lever. The preferred 
restriction depends on the criterion: by absolute suppression, anti-collusion or demand noise; by 
implementation cost, hiding prices or small price noise. We do not collapse these into a single 
winner. In the marketplace laboratory, a monitor that reads only replies or only the ledger will 
misclassify at least one arm. Evidence should be assembled from more than one channel and per 
principal. 

5.1 Limitations 
Track A uses tabular learners and a discrete price grid. The 500k baseline is seed-heterogeneous. 
The anti-collusion condition is a reward penalty, not a written instruction. Cost scores are 
judgments. Replacement of participants is untested. If the cost of changing one agent’s objective 
were judged equal to hiding prices, the ranking would reverse. Track B evidence is a pilot (n = 1); 
the pre-registered sweep did not complete. T0 AUCs are upper bounds. The trusted agent is 
scripted. 

 

5.2 Future Work 
Log each agent’s price series so transfer entropy can be tested. Replace the reward penalty with 
an explicit instruction. Complete the pre-registered 4 × 5 × 20 trusted-agent sweep. Establish a 
collusive baseline in the marketplace, then rank restrictions with one change at a time, reporting 
both absolute and cost-adjusted rankings. 

 

6. Conclusion 

In the Bertrand laboratory, access to rival-price information is necessary for algorithmic collusion 
under tabular Q-learning, and a compact summary is sufficient in multi-agent markets. 
Anti-collusion penalties remove more collusion than an information restriction. Whether 
concealment of rival prices is the least-cost intervention depends on the stated cost scale. Residual 
mutual information does not reliably detect collusion on learned paths. 

In the marketplace laboratory, ledger and chat have complementary blind spots, and a pilot shows 
that saying yes and acting can come apart. Both tracks support the same lesson: collusion evidence 
should be assembled from more than one channel, and the preferred restriction depends on 
whether the criterion is the size of the cut or the cost of making it. 

 



7. Code and Data 
●​ Code repository: https://gitea.com/fastrabbit/hackathon_collusion the harness 

(env/, agents/, runs/), the analysis (analysis/) and an offline test suite (tests/, no LLM 
calls required). 

●​ Data: data/ (committed ledger / chat / summary JSONL plus the per-condition 
rendered prompts) and results/ (per-study run rows and analysis output), including 
the frozen payment_v1 history that every number in §4 was computed from. 
results/figures/ holds the SVG sources of Figures 1-4. 

●​  AI Collusion Research Sprint — Track 1 (NEW)
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LLM Usage Statement 

LLM assistance was used throughout the build, in an agentic coding harness: models drafted and 
refactored large parts of the harness, the analysis code and the tests, and produced early drafts of 
sections of this report, which was then revised by the team - including a pass that reorganised the 
document onto the sprint's submission template. 
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