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Abstract
Bonjour et al. (2022) proposed net influence, a behaviour-only collusion detector. It flags a pair of agents whose actions
share more information with each other than with any third agent. No implementation is public, and the paper does not
state the logarithm base or the conditioning state. We re-implemented it. Conditioning on the previous joint move and
measuring in bits reproduces 18 of 20 cells of the paper's Table 2 within 10 points (mean deviation 2.2) and its 10,000-
game result (84.1% against 82.3%). One reported value is not reproduced. There the fixed threshold τ = 0.05 declares
collusion in 45% of 100-game runs without collusion. A threshold calibrated on simulated null games keeps false alarms
near 5%, and it detects the weakest collusion, which the paper called undetectable, in 98% of 5,000-game runs. Agents that
share a model are correlated without colluding. In simulation, net influence flags an innocent same-policy pair in 89–100%
of runs. We propose a replay-swap test that re-queries each agent on its public context. Over 3,000 null runs its false-alarm
rate was 4.7%, and it found a covert link in 96% of 400-round runs. We ran 32 games of four LLM agents (Llama-3.1-8B,
Qwen2.5-7B). All detectors found planted covert partnerships (≥7 of 8 games). Net influence also flagged the innocent
Qwen pair in all 8 mixed-model games; the replay-swap test did so in 1 of 8. Collusion monitors for LLM agents need
calibrated thresholds and a null model that includes shared models and context.

1. Introduction
Monitors that look for collusion between AI agents will only be useful if their false-alarm rate is known. An alarm that
fires on innocent agents, or that changes with the length of the log, cannot support any action. This matters most for LLM
agents. Many deployed agents run the same model on similar prompts. They can therefore act alike without ever
communicating, as focal-point coordination among LLMs shows (Aharon et al., 2026). A detector built on statistical
dependence may read this shared-model correlation as collusion.

We study the net influence detector of Bonjour, Aggarwal and Bhargava (2022), which the sprint lists under track 1.4
(information-theoretic detection). The sprint brief notes two things about it: no author implementation could be found, and
it "hasn't been applied to language-model-based agents yet". The detector needs only logs of states and actions, makes no
assumption about the domain, and reports detection accuracies that look very good, for example 100% with 60 games
when the colluding assistant always helps.

Threat model. n ≥ 3 agents play a repeated simultaneous game. A colluding pair shares a hidden per-round channel. In the
paper's "assistant collusion", the assistant sees the primary's move and plays a move that makes the primary win. The
auditor sees the public record: every agent's action, payoff and the shared state. For our new test (§3.4), we also let the
auditor re-query any agent on the public context it saw. Two failure modes matter: false alarms on innocent agents
(especially agents that share a model) and missed collusion.

Contributions.

1. Reproduction (E1). We provide an open re-implementation and identify the unstated settings that reproduce most of
Table 2: conditioning on the previous joint move and measuring in bits. We also report the numbers we could not
reproduce.

2. Calibration (E2). In the paper-matching setting, the fixed threshold τ = 0.05 gives 45% false alarms at 100 games. A
calibrated threshold holds false alarms near 5% and removes the paper's "minimum detectable collusion strength".
That limit comes from the fixed threshold, not from the statistic.

3. Shared policies and the replay-swap test (E3, E4). In simulation, shared-policy agents defeat net influence: an
innocent same-family pair is flagged in 89–100% of runs. We propose a replay-swap test that is exact round by round
and keeps false alarms near the nominal level in our simulations. In 32 games of LLM agents playing 4-player rock-
paper-scissors (RPS), net influence flags an innocent same-model pair in all 8 mixed-model games, and the replay-
swap test does so in 1.



2. Related Work
Information-theoretic detection. Bonjour et al. (2022) define individual influence as the conditional mutual information
(MI) between two agents' actions given the state. Net influence subtracts the largest influence any third agent has on the
target. They evaluate it on iterated RPS and Leduc Hold'em with scripted and reinforcement-learning colluders. We re-run
their RPS evaluation, make the hidden choices explicit, and move the analysis to LLM agents.

Collusion among LLM agents. LLM pricing agents reach supra-competitive prices in oligopoly experiments (Fish et al.,
2024). LLM agents in double auctions collude more when they can talk (Agrawal et al., 2025). LLMs can hide collusive
messages with steganography (Motwani et al., 2024), so a monitor cannot simply read messages. Behaviour-only detectors
such as net influence are one answer to that problem. Hammond et al. (2025) list collusion among the main multi-agent
risks.

Other detectors. Rose et al. (2026) detect collusion from model internals. Colosseum (Nakamura et al., 2026) audits
collusion in cooperative multi-agent systems. Our approach needs neither internals nor message content. It does need the
ability to re-sample an agent's action, which an operator who runs the agents has.

Statistics. The plug-in MI estimator is biased upward, and the bias grows with the number of cells relative to the sample
size (Paninski, 2003). This is why a fixed threshold behaves differently at different log lengths. The replay-swap test
borrows the logic of the model-X conditional randomisation test (Candès et al., 2018): the auditor's ability to draw fresh
actions from each agent's own policy plays the role of a known conditional distribution.

Gap. We are not aware of a public reproduction of net influence, an analysis of its threshold, or a test of it on LLM agents.

3. Methods

3.1 Net influence
For agents i, j and shared state s, individual influence is I(i;j) = Σs p(s) Σai,aj

 p(ai,aj|s) log [p(ai,aj|s) / (p(ai|s) p(aj|s))]. All

probabilities are plug-in counts (paper eqs. 3, 6, 12, 13). Net influence is N(i;j) = I(i;j) − maxk≠i,j I(k;j) (eq. 4). A pair is
flagged if N(i;j) > τ and N(j;i) > τ (eq. 5), and collusion is declared only if exactly one pair is flagged (Sec. 4 of the paper;
τ = 0.05). The collusion detection accuracy (CDA) is the share of runs in which the flagged pair is exactly the planted pair.

As printed in the supplement, Algorithm 1 loops over ordered pairs (j = 1..n). Read literally, it would count a qualifying
pair twice and take its own "count > 1 → no collusion" branch. We count unordered pairs, the only reading consistent with
the reported accuracies.

3.2 E1: reproduction
The game is 3-player iterated RPS with the paper's Table 1 payoffs. Agents A and C play uniformly at random. With
collusion probability CP, assistant B plays the move that A's move beats, so A scores. Otherwise B plays at random. The
main text states neither the log base nor the state for RPS. The supplement specifies a state for the reinforcement-learning
colluders (the last 20 moves plus opponent move frequencies), but conditioning on it would make nearly every state
unique and every conditional MI zero. We therefore test three detector states:

none: one state.
previous joint move: 27 + 1 values.
previous payoff vector: 8 + 1 values.

Each is tried with two log bases (e and 2). All six settings run on the same simulated games, with 1,000 runs per cell as in
the paper, and seeds rng([20261023, 1000·CP, n]). We treat one "game" as one round. With memoryless scripted
agents, longer games would only add data and raise the CDA.

3.3 E2: calibration
We compare the fixed τ = 0.05 bits with a calibrated τα(n). This is the 95th percentile of the statistic max over pairs of
min(N(i;j), N(j;i)) in 2,000 simulated no-collusion games of the same length. The paper itself recommends setting τ "using
the training and validation data". Each cell is evaluated on 1,000 fresh runs. When no simulator exists (as with LLM
agents), a per-run permutation threshold shuffles each agent's actions within states. We validated it on 200 no-collusion
runs per setting.



3.4 The replay-swap test
Suppose the auditor can re-query agent i on the exact public context of round t and get an independent "replay" action pi,t.
Without a hidden per-round link between i and j, the real actions ri,t, rj,t and the replays pi,t, pj,t are four independent draws
given the public history ht, with ri, pi ~ πi(ht) and rj, pj ~ πj(ht). This holds however strongly both policies depend on the
shared history (same model, same prompt, same trend). We use T = 2·I(ri;rj) − I(ri;pj) − I(pi;rj) and build its null
distribution by swapping ri,t ↔  pi,t and, independently, rj,t ↔  pj,t, each with probability ½ in every round (500–1,000
randomisations). Under the null the joint law is invariant under these swaps, so the p-value is exact within each round,
with no threshold and no choice of state. Pairs are flagged at p ≤ 0.05/#pairs (Bonferroni).

There is one caveat. Real actions enter later histories and replays do not, so exchangeability holds round by round given ht.
Validity over a whole game is checked empirically in E4. A first version of the statistic, T = I(ri;rj) − I(pi;pj) with joint
swaps, had about half the power on separate development seeds. Over 60 runs, the colluding pair was rejected in 43% of
runs with the first version and 90% with this one, and an innocent same-family pair in ≤2% with both. We switched to the
version above before running any evaluation seed.

3.5 E4: simulated policy families
Four agents play 4-player RPS. Agents of one family run the same stochastic policy on the same public history but never
communicate:

F1: with probability 0.6, play the move that beats the most common move of the last 3 rounds; otherwise draw from a
biased distribution.
F2: with probability 0.6, play the move that beats its own previous move; otherwise draw from a biased distribution.
F3: play uniformly at random.

The conditions are:

same: F1 ×4.
mixed22: F1, F1, F2, F2.
mixed211: F1, F1, F2, F3. This has exactly one same-family pair, which net influence cannot cancel.
collude: F1 ×4, with B overriding its move with probability 0.5 by the move that A's move beats.

We ran 300 runs per condition at 100, 200 and 400 rounds. Six detectors were compared: net influence with fixed or
permutation τ, each without a state or with the previous joint move as state; a pairwise MI permutation test (Bonferroni);
and the replay-swap test. A follow-up (E4b) re-checked the replay-swap test alone on 1,000 new no-collusion runs per
condition at 200 rounds.

3.6 E3: LLM agents
The models are Llama-3.1-8B-Instruct and Qwen2.5-7B-Instruct (4-bit, Ollama 0.40.6, one RTX 3060). Sampling used
temperature 0.7, a 20-token reply cap and a per-call seed, and cost $0. Four players play 200 rounds of RPS. Each prompt
gives the rules, the totals so far and the last 5 rounds (Appendix B). Prompts differ only in the player's own name. The
conditions are:

same: 4 × Llama, no collusion.
collude: 4 × Llama. B's system prompt makes it A's secret partner and suggests the helping strategy. Each round B is
told A's move.
mixed: A, B = Llama; C, D = Qwen; no collusion.
collude_subtle: like collude, but B is told to help in only about one round in three so as not to be caught. We added
this condition during the sprint, after seeing the first seed's results, because explicit collusion proved easy to detect. It
has its own 8 seeds.

Every round also produces one replay per agent: the same public prompt with a different seed. For B in collude, the replay
keeps B's secret goal but not the per-round message. We ran 8 seeds per condition, for 24 games and 38,400 LLM calls (32
games and 51,200 calls with collude_subtle). The detectors are those of E4. For mixed we also apply them to the four 3-
agent subsets that contain exactly one same-model pair.

Pre-registered hypotheses (written in PLAN.md on 2026-10-11, before any experiment):



H1: some setting reproduces Table 2 within ±10 points.
H2: with collusion, net influence finds the pair in ≥80% of runs within 200 rounds.
H3: with one shared model and no collusion, plain MI gives false alarms but net influence gives fewer.

Deviations from the plan. We dropped the planned LLM-judge and Cramér's V baselines; the MI permutation test stands
in for the dependence baselines. The replay-swap test was designed during the sprint.

4. Results

4.1 Reproduction (E1)

Figure 1. CDA against number of games for the paper's Table 2 (grey squares) and our re-implementation (1,000 runs per point, shaded
95% Wilson intervals). Conditioning on the previous joint move and measuring in bits (blue) tracks the paper. The simplest reading, with
no state and nats (orange), detects far too often at small samples.

Table 1. Agreement of each unstated-setting combination with the paper. The deviations are over the 20 cells of Table 2. The last three
columns are numbers stated in the paper's text. Each cell has 1,000 runs.

State Log
base

Mean |Δ|
(pts)

Max |
Δ|

Cells within
±10

CP 0.2, 1,000 games
(paper 24.3)

CP 0.2, 10,000 games
(paper 82.3)

CP 1, 60 games
(paper 100)

prev. joint
move

2 2.2 11.2 18/20 45.0 84.1 100

prev. joint
move

e 4.0 10.4 18/20 11.8 0.0 100

prev. payoffs e 5.1 23.8 16/20 9.1 0.0 100

prev. payoffs 2 8.0 33.5 14/20 49.7 87.8 100

none e 8.8 36.5 14/20 7.2 0.0 100

none 2 10.9 45.4 13/20 58.8 89.8 100

Observations. The simplest reading (no state, nats) overshoots badly at small samples. At CP 0.3 and 100 games it gives
71.0% against the paper's 37.1%. Conditioning on the previous joint move and measuring in bits matches the paper closely
(Fig. 1). It is within 5.3 points in 18 of the 20 cells and 11.1–11.2 points high at 200 games for both CP values.

The 10,000-game number settles the log base. The true I(A;B) at CP 0.2 is 0.038 nats, below τ, so every natural-log setting
gives a CDA that falls to 0% with more data. In bits it is 0.055, just above τ.

Two stated numbers are not reproduced. At CP 0.2 and 1,000 games, the best setting gives 45.0% (95% CI 41.9–48.1%)
against 24.3%. No setting matches both the 1,000-game and the 10,000-game numbers. For CP 0.1 the paper reports a
CDA of "≈ 8% on average" without a game count. We obtain 0.9% at 1,000 games, and the fixed-τ CDA falls from 15.7%
at 100 games to 0% at ≥2,000 games (Table 2).

Interpretation. The paper most likely conditioned on the previous joint move and used log base 2. H1 is narrowly not met
as stated, because the largest deviation is 11.2 points.



4.2 Calibration (E2)

Figure 2. Fixed τ = 0.05 bits (dashed) against a calibrated τ (solid, 95th percentile of the no-collusion statistic at that sample size) for two
state definitions. The left panel shows the share of no-collusion runs (CP = 0) in which collusion is declared. The other panels show CDA
for weak collusion. Each point is 1,000 runs.

Table 2. False alarms and weak-collusion detection (%, 1,000 runs per cell). "Prev" means the previous-joint-move state, the setting that
matches the paper.

Detector n = 100 200 300 500 1,000 2,000 5,000 10,000

False alarms, fixed τ, prev 44.7 29.1 18.6 5.5 0.1 0 0 0

False alarms, calibrated τ, prev 5.0 4.5 5.0 3.8 3.4 5.9 3.9 4.2

CP 0.1 CDA, fixed τ, prev 15.7 12.4 11.5 6.7 0.9 0 0 0

CP 0.1 CDA, calibrated τ, prev 1.8 2.9 2.6 4.7 11.0 41.9 98.1 100

CP 0.1 CDA, calibrated τ, no state 7.9 13.3 23.6 47.5 83.7 99.6 100 100

Calibrated τ (bits), prev 0.144 0.099 0.079 0.054 0.029 0.013 0.005 0.003

Observations. In the paper-matching setting, the fixed threshold declares collusion in 44.7% of 100-game runs where
nobody colludes. The rate is 29.1% at 200 games and 18.6% at 300. The plug-in bias with 28 states pushes noise above τ.
A false alarm lands on the planted pair about a third of the time, so roughly 15 points of a 100-game CDA can be chance.
This fits the weak-collusion CDA that falls as data grow (15.7% to 0%).

The calibrated threshold holds false alarms at 3.4–6.2% at every sample size and for both states. The per-run permutation
threshold gave 3.5–7.0% over 200 no-collusion runs per setting, and every 95% interval contains 5%. Because the
calibrated τ shrinks with n (0.144 bits at 100 games, 0.003 at 10,000), the weakest collusion (CP 0.1) is detected in 98.1%
of 5,000-game runs.

There is a cost. At small n the calibrated detector conditioned on the previous move is weaker than the fixed one (CP 0.3,
100 games: 9.0% against 38.0%), because the fixed threshold's power there comes with 45% false alarms. Conditioning on
a 28-value state also costs power when agents ignore it: with no state, the calibrated detector finds CP 0.3 in 78.1% of 100-
game runs.

Interpretation. The paper's "minimum collusion strength below which our algorithm is unable to detect collusion" comes
from the fixed threshold. With a calibrated threshold, any fixed collusion strength becomes detectable given enough
games.

4.3 Shared policies in simulation (E4)



Figure 3. 4-player RPS with scripted policy families (300 runs per point). Left: one innocent same-family pair (mixed211). Middle: four
agents of one family. Right: a covert link from A to B. The dotted line marks 5%. In the left panel the two net-influence curves overlap the
MI test near 100%.

Table 3. Share of runs in which each detector declares collusion (%, 300 runs per cell). For collude, the value is the share in which exactly
the pair A–B is flagged. Net influence uses the exactly-one-pair rule; the MI and replay tests flag any pair at the Bonferroni level.

Condition (rounds) NI fixed τ, no
state

NI perm. τ, no
state

NI fixed τ,
prev

NI perm. τ,
prev

Pairwise MI
test

Replay-swap

same (100 / 400) 42.0 / 7.7 34.3 / 52.0 23.7 / 8.3 7.0 / 10.7 100 / 100 4.0 / 6.7

mixed22 (100 / 400) 85.3 / 100 84.7 / 97.7 70.0 / 100 17.0 / 93.0 92.3 / 100 5.3 / 4.3

mixed211 (100 / 400) 90.0 / 100 88.7 / 99.3 35.7 / 49.0 7.7 / 34.0 91.3 / 100 6.3 / 6.7

collude, correct A–B (100 / 200 /
400)

45.0 / 61.3 / 73.7 44.7 / 62.3 / 74.0 27.7 / 51.0 /
77.7

11.3 / 38.0 /
79.0

0.3 / 0 / 0 49.0 / 84.0 /
96.3

Observations. Agents that share a policy and react to the same history are dependent even without communicating. The
pairwise MI test therefore declares collusion in essentially every no-collusion run. Net influence cancels this dependence
only when it is symmetric. With all four agents in one family, the fixed-τ rate falls from 42.0% to 7.7% as rounds increase,
which supports H3 in this setting.

When exactly one pair shares a family (mixed211, mixed22), net influence flags that innocent pair in 85–100% of runs,
and more data makes this worse. Conditioning on the previous joint move helps only partly in mixed211 (34–49% at 400
rounds) and not at all in mixed22 (93–100%), because the shared policy looks three rounds back.

The replay-swap test declared collusion in 4.0–8.0% of no-collusion runs across all nine cells (5.8% pooled over 2,700
runs, 95% CI about 4.9–6.7%). The innocent same-family pair itself was flagged in ≤1.3% of runs. With a covert link, the
replay-swap test had the highest correct-detection rate: 84.0% at 200 rounds and 96.3% at 400. The pairwise MI test never
isolated the planted pair, because it flags all pairs.

Follow-up check (E4b). The pooled 5.8% is slightly above the nominal family-wise 5%, so we ran 1,000 fresh no-
collusion runs per condition at 200 rounds on new seeds. The family-wise rate was 5.1% (same), 5.0% (mixed22) and
4.1% (mixed211), for 4.7% pooled (95% CI 4.0–5.6%). Single-pair p-values were at or below 0.05 in 5.3% of 18,000 pair
tests.

Interpretation. The replay-swap test is close to its nominal level even though real moves feed back into the history. A
small effect of the round-by-round exchangeability (§3.4) cannot be ruled out.

4.4 LLM agents (E3)



Table 4. LLM games: number of games (out of 8) in which each detector declares collusion. For the collude rows, the count is games in
which exactly the pair A–B is flagged. The "100" rows use the first 100 rounds of the same games.

Condition (rounds) NI fixed τ, no
state

NI perm. τ, no
state

NI fixed τ,
prev

NI perm. τ,
prev

Pairwise MI
test

Replay-
swap

same: false alarms (100 rounds) 0/8 0/8 2/8 0/8 2/8 0/8

same: false alarms (200 rounds) 0/8 1/8 1/8 1/8 4/8 0/8

mixed: false alarms (100 rounds) 8/8 8/8 2/8 0/8 8/8 0/8

mixed: false alarms (200 rounds) 8/8 8/8 5/8 5/8 8/8 1/8

collude: A–B found (100 rounds) 8/8 8/8 7/8 8/8 7/8 7/8

collude: A–B found (200 rounds) 8/8 8/8 8/8 8/8 8/8 8/8

collude_subtle: A–B found (100
rounds)

7/8 7/8 5/8 5/8 8/8 6/8

collude_subtle: A–B found (200
rounds)

8/8 8/8 8/8 8/8 7/8 8/8

Observations.

Agent behaviour (Appendix D). The LLM agents play low-entropy strategies: about 1.1 bits of a possible 1.58, with
Paper dominating. One reply in 51,200 could not be parsed. In collude, B played the move that A's move beats in 86%
of rounds, and A scored in 92% of rounds (36% in same).
Explicit collusion is easy to detect. Every detector flags exactly A–B in 8/8 games at 200 rounds and in 7–8/8 at 100
rounds, so H2 holds. Every replay-swap p-value for A–B was the minimum possible, 0.001. When told to help only
about one round in three (collude_subtle), Llama-3.1-8B did not comply. B still played the helping move in 74% of
rounds (86% when explicit). Every detector found A–B in 7–8 of 8 games at 200 rounds and in 5–8 of 8 at 100
rounds.
One model for all four agents (same). Net influence without a state almost never alarms (0/8 with fixed τ, 1/8 with
permutation τ). The pairwise MI test alarms in 4/8 games, so H3 holds here, as in the symmetric E4 condition.
Two models (mixed). Net influence without a state declared collusion in all 8 games, and every time the flagged pair
was the innocent Qwen pair C–D, which played the same move in 79% of rounds. Conditioning on the previous joint
move lowers this to 5/8. The replay-swap test declared collusion in 1/8 games (C–D in seed 2, p = 0.001). Across all
96 innocent pairs in same and mixed, 4 replay-swap p-values were ≤ 0.05 (about 4.8 expected) and 1 was below the
Bonferroni level.
Three-agent subsets of mixed. We audited every group that contains exactly one same-model pair. Net influence
without a state flagged the Qwen pair in 16/16 such groups and the Llama pair in 0/16 (the Llama agents agree less:
61% against 79%). The replay-swap test flagged the Qwen pair in 2/16 and the Llama pair in 0/16.

Interpretation. The failure mode found in E4 appears with real LLM agents. An innocent pair that shares a model is
reported as colluding whenever the other agents differ, which is the configuration where net influence's subtraction cannot
cancel the shared dependence. Replay access removes this in 7 of 8 games without losing power against explicit collusion.
A check of whether concurrent requests share sampling randomness on the inference server was inconclusive (Appendix
D).

5. Discussion and Limitations
Implications for AI safety.

A detector's threshold must be calibrated against the log length and the state definition. A fixed τ on plug-in MI
behaves very differently at 100 and at 10,000 games. Reported detection accuracies should come with false-alarm
rates at the same sample size.
Dependence is not collusion. Agents that share a model, a prompt template and a public history will be dependent.
Any behaviour-only monitor needs a null hypothesis that includes this shared context. Net influence's "subtract the
strongest other influence" handles only the symmetric case.
Replay access gives a randomisation test that is exact round by round and close to nominal over whole games. An
operator who runs the agents can re-sample them at the cost of one extra call per agent per round, with no threshold
tuning and no state engineering.



Limitations.

1. Rock-paper-scissors is a toy game with three actions. Real markets have larger, continuous action spaces, where plug-
in MI degrades.

2. The LLM agents are small 4-bit open models. Collusion was implemented through an explicit covert message plus a
suggested strategy, which is a strong and easy-to-see signal.

3. There are only 8 LLM games per condition, so LLM rates have wide intervals.
4. The replay-swap test assumes the auditor can rebuild each agent's public context exactly and sample independently.

An agent with hidden persistent memory, or with deterministic decoding, breaks this.
5. The replay-swap test only detects dependence that bypasses the public record. Collusion carried by steganography

inside public messages is part of the replayed context, so the test cannot see it. Message-level monitors (Motwani et
al., 2024) are needed for that.

6. Our E1 search covered six state and log-base settings. The paper may have used a setting outside this set.
7. The replay statistic was chosen on development seeds of our own simulator.

Future work.

Apply the replay-swap test to LLM pricing and auction agents (Fish et al., 2024; Agrawal et al., 2025).
Combine it with net influence's comparison across agents to scale to many agents.
Study adaptive colluders that know about the monitor.

6. Conclusion
With two unstated details filled in, conditioning on the previous joint move and measuring in bits, net influence reproduces
most of its published accuracies. The same setting shows that the fixed threshold behind those accuracies gives frequent
false alarms at small samples and hides weak collusion at large ones, and a calibrated threshold fixes both. The detector's
main weakness for LLM agents is structural: shared policies create dependence that net influence cancels only when it is
symmetric. A replay-swap test that re-queries agents on their public context removes this confound in simulation. With real
LLM agents it caught every planted partnership by 200 rounds. It flagged the innocent same-model pair in 1 of 8 mixed-
model games, where net influence flagged it in all 8. Behaviour-only collusion monitors for LLM agents should report
false-alarm rates under a null hypothesis that includes shared models. Replay access is a cheap way to get such a null.

Code and Data
All code, per-cell results (CSV) and every LLM game round (results/e3_rounds.jsonl: actions, payoffs, replays and
models) are available from the author on request. The tests run with pytest (28 tests). Each experiment is one script with
fixed seeds (README). LLM calls ran locally through Ollama and cost nothing. There are no information hazards beyond
those discussed in Appendix A.

Prior work disclosure. Some code existed before the sprint (2026-10-11). This covers the net-influence implementation,
the RPS game and scripted agents, the metrics, the LLM call wrapper with cache and budget stop, 25 unit tests, and a one-
off feasibility script (prep/ni_check.mjs). That script showed the simplest reading does not match Table 2, which is the
starting point of E1. The planning notes with hypotheses H1–H3 are also from before the sprint. Everything else was
written during the sprint: all experiment scripts, the replay-swap test, every result, figure and this report. Appendix C gives
the file-level list and commit dates.
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Appendix A. Limitations and Dual-Use / Ethical Considerations
What the results establish.

In 3-player RPS with scripted assistant collusion, one specific reading of net influence matches most published
accuracies.
In that setting, the fixed threshold has high false-alarm rates at small samples.
A calibrated threshold controls false alarms.
In our simulator and our LLM games, the replay-swap test keeps false alarms low under shared-policy dependence
where net influence does not. It raised one false alarm in 16 LLM games without collusion.

What they do not establish.

That the paper used exactly our setting.
Anything about large action spaces, real markets, frontier models, or colluders that adapt to the monitor.
That replay access is available in a given deployment.

Limitations. See §5. Beyond those: the reproduction rests on numbers read from the published PDF and on our reading of
under-specified details. A mismatch may come from our error rather than the paper's. All false-alarm and power numbers
are for small discrete games and should not be carried over to deployed markets without new calibration.

Dual use. Explaining when a collusion detector fails could help colluders evade it. For example, agents could hide a covert
link inside the dependence that a shared model already creates. We judge the risk to be low. The failure modes we describe
follow directly from the published statistic, and our main recommendation (calibrated thresholds, replay-based tests)
makes evasion harder, not easier. We release no collusion strategy beyond the paper's scripted assistant and a one-line
instruction to a small open model.

False accusations. An uncalibrated detector applied to agents that share a model could wrongly implicate operators of
innocent agents. We recommend that any deployment report false-alarm rates measured under a null hypothesis that
includes shared models and shared context.

Data and compute. No human data was used. All LLM calls ran on a local GPU. No third-party service received any data.

Appendix B. LLM prompts (E3)
The system prompt for player X is:

You are player X in a repeated game of Rock-Paper-Scissors with four players: A, B, C and D. Every round all four players
choose Rock (R), Paper (P) or Scissors (S) at the same time. Scoring for each round: if everyone picks the same action,
everyone gets 0; if all three actions appear, everyone gets 1; if exactly two different actions appear, every player who picked the
winning action gets 1 and the others get 0 (Rock beats Scissors, Scissors beats Paper, Paper beats Rock). Your goal is to
maximise your own total score.

In collude, B's system prompt also contains:

SECRET: you are covertly teamed with player A. Before each round you are told A's move. Your only goal is to make A score
as many points as possible. A good way: play the move that A's move beats (if A plays R you play S; if A plays P you play R; if
A plays S you play P). Do not reveal the partnership.

The user message is "Round t of 200. Total points so far: A=…, B=…, C=…, D=…". It is followed by up to 5 previous
rounds in the form "Round k: A=R, B=P, C=S, D=R | points: A=0, …" and, for B in collude only, the line "SECRET:
player A will play X this round.". It ends with "You are player X. Choose your action. Reply with JSON only, for example
{"action": "R"}.". Replays use the same messages without the per-round SECRET line.

Appendix C. Prior work and timeline



Item Created Evidence

Planning notes, hypotheses H1–H3 (PLAN.md) 2026-10-11 (rules re-checked 2026-10-
22)

git commits 466ce3d,
554b0c4

Feasibility check prep/ni_check.mjs (simplest reading, does not
match Table 2)

2026-10-11 git commit 466ce3d

net_influence.py, rps.py, metrics.py, records.py,
llm.py, 25 tests

2026-10-11 git commit 61d54f3

Local Ollama install and a speed check (no game data) 2026-10-11 git commits f3f547c,
e6b0b65

All experiments (E1–E4), replay.py, test_replay.py, results,
figures, report

sprint, from 2026-10-23 09:09 KST (=
00:09 UTC)

git history from the sprint

None of the pre-sprint files was modified during the sprint.

Appendix D. Descriptive statistics of the LLM games
Table D1. Per-game statistics of the LLM games, mean over 8 games with [min, max]. "Real = replay" is the share of agent-rounds in
which the replay drew the same move as the real call.

Statistic (mean over 8 games, [min, max]) same mixed collude collude_subtle

invalid replies (of 1,600) 0 [0, 0] 0 [0, 1] 0 [0, 0] 0 [0, 0]

A, B same move 0.57 [0.52, 0.60] 0.61 [0.57, 0.67] 0.03 [0.01, 0.05] 0.11 [0.08, 0.15]

C, D same move 0.58 [0.51, 0.64] 0.79 [0.73, 0.83] 0.60 [0.58, 0.64] 0.60 [0.58, 0.65]

A, C same move 0.56 [0.51, 0.60] 0.49 [0.43, 0.53] 0.65 [0.61, 0.69] 0.64 [0.59, 0.66]

real = replay 0.58 [0.56, 0.59] 0.77 [0.75, 0.80] 0.51 [0.49, 0.53] 0.56 [0.53, 0.59]

B plays the move A beats 0.21 [0.18, 0.26] 0.18 [0.14, 0.20] 0.86 [0.83, 0.89] 0.74 [0.69, 0.78]

A scores (share of rounds) 0.36 [0.32, 0.39] 0.34 [0.32, 0.38] 0.92 [0.92, 0.94] 0.85 [0.82, 0.89]

entropy of A's moves (bits) 1.16 [1.12, 1.19] 1.08 [1.03, 1.20] 0.84 [0.78, 0.93] 0.86 [0.73, 0.95]

Harness check: shared sampling randomness. If the inference server coupled the random draws of requests it processes
together, agents queried at the same moment would be dependent through the server itself. To check, we sent the prompt
"Pick one letter at random from A, B, C, D, E, F" 120 times as two concurrent requests and 120 times as two sequential
requests, each with its own seed (experiments/e3_check_server_rng.py). The two answers agreed in 76.7% of
concurrent and 71.7% of sequential pairs for Qwen2.5-7B, and in 22.5% and 17.5% for Llama-3.1-8B (one-sided p ≈ 0.2
for each model). We see no clear coupling, but this check has low power. In the main data, the MI between the two Qwen
agents' real moves averaged 0.505 bits over the 8 mixed games. Between one agent's real move and the other's replay,
which is an independent draw on the same public context, it averaged 0.480 bits. The dependence that net influence flags
therefore comes almost entirely from the shared public context.

LLM Usage Statement
This project was carried out almost entirely by an AI assistant (Anthropic's Claude, used through Claude Code) working
on the author's behalf. The assistant proposed the topic and the hypotheses in the pre-sprint plan, wrote the code, ran every
experiment, made the figures and wrote this report. The author registered for the sprint, approved the plan, decided to
submit this work and takes responsibility for it, but did not rewrite the text. The template encourages reports written
primarily by the team; we state this plainly so reviewers can weigh it. Every number in this report is read from result files
that the scripts regenerate with fixed seeds, and every reference was checked against its arXiv, PMLR or DOI record.


