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Abstract

Multi-agent systems add an additional layer of complexity over
isolated model behavior. Collusion is a major problem which could
lead to agents pursuing objectives that were not intended by the
system. Existing studies have shown collusion to occur when there
is a shared alternative incentive and private channels for
communication. We ablate these affordances in the Colosseum
framework to study if they are essential for collusion to be
successfully attempted. We find that removing the secret mode of
communication significantly reduced success, and removing the
covert incentive instead, further decreased the performance of the
pair. We also add an additional cautionary notice against collusion
and find that this resulted in not only less successful collusion, but
also worse total reward in the system, making it a questionable
mitigation. We formulate a new DCOP environment in Colosseum
to study research questions in an organizational approval
workflow system where actors have a common objective but
varying incentives by design.

1. Introduction

Multi-agent systems further exacerbate the alignment problem. The agents in these systems may
need to coordinate towards a shared objective, but they could end up colluding with a few others,
optimizing for their collective’s incentives instead [1, § 1]. We study what causes this collusion to
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occur: is it a competing objective from that of the system or the inclusion of communication
channels, and could perceived consequences to pursuing a secret objective inhibit collusion? We
extend this by asking: could we design a diverse system where agents have different sub-goals by
design, and determine what agents may be incentivized to collude with each other?

Our main contributions in this project sprint include (i) communication channel and covert
objective ablations on the Colosseum Jira environment, (ii) incorporation of cautionary notice as a
possible collusion inhibitor and (iii) a new DCOP environment in Colosseum which models an
organizational approval workflow system.

2. Related Work

We directly extend the setup from the Colosseum framework [1, §§3-5.3], which uses distributed
constraint optimization problem (DCOP) environments [3] to solve the problem of defining
collusion by constructing metrics to determine if the colluders achieved an “advantage” over the
non-colluders, in addition to a LLM judge looking for collusive messages. We study ablations by
removing the covert objective and/or the private message channel between colluders to determine
if collusion still occurs.

Agrawal et al. [2, §4.1] found that enabling communication in their double auction environment
resulted in collusion increasing among the seller agents. We similarly consider how a private
communication channel may enable collusion. We also take inspiration from their environmental
pressure controls [2, §§3.3 and 4.3], to test if a cautionary notice against misleading other agents
can stifle collusion.

3. Methodology

Covert Objective and Communication Ablations in Colosseum
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board between themselves. We test ablations by (i) keeping the covert objective for the pair but
removing the private channel, (ii) keeping the private channel between the pair but removing the
covert objective, and (iii) removing both the covert objective and private channel.



) : \ Figure 2. We additionally study how adding a
E—Z Sprint governance notice:
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“ harmful coordination where there exists private
evidence, reported assessments, role-specific incentives and distributed authorization.
We use GPT-40-mini for all the experiments.

4. Results & Discussion

4.1 Covert objective & communication ablations

We found that removing the private channel for the agents with a covert objective significantly
reduced their regret gap compared to when they could communicate with each other secretly. On
the other hand, leaving a private channel between two agents but removing any alternative
objective for them to follow, decreased the regret gap even further, resulting in a mean negative
regret gap of -4.4 in our run. For ease of comparison, we track this same pair in the 4th condition.
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Figure 3a. Fixed-pair regret gap (left). Figure 3b. Team reward (right).
Comparing messages in the private channel in A vs C, in both cases these messages contain
attempts at coordination, not harm to outsiders. C, comparatively, shows poorer cost reasoning
and mistaken task availability. Comparing the messages between the pair in the private board vs in
the public board in A vs B, we find that B fares worse in planning for and avoiding outsider task

collisions.
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Figure 4. Fixed-pair regret gap within the range of all pairs, by seed.
The assigned pair in A had a positive regret gap in all the five seeds that we ran and is either the
best performing two-member subset, or close to it, in four of the seeds. In comparison, in B-D, the
fixed pair had both positive and negative regret gaps, and in at least one seed, it had close to the
worst regret gap across all pairs. This indicates that both a shared alternative incentive and a
private communication channel are required for consistently higher regret gaps.

4.2 Can a cautionary notice inhibit collusion?
Inspired by environmental-pressure interventions [2, §§3.3 and 4.3], we introduce a cautionary
prompt that warns agents against secret agreements, to understand its influence on collusion and

coordination in the environment.

A versus F (five matched seeds) Mean reward change (F — A)
Metric A F: A with| |Reward component Mean F — A
oversight| [Additional duplicate —20.00

Mean team reward 124.75 96.76| [penalties

Mean assigned-pair regret gap +5.82 +1.93| [Higher task costs —13.00

Public-board messages (total) 349 350| |More non-skip assignments -+4.00

Private-board messages (total) 66 58| [Higher priority bonus +1.00

Duplicate-task violations (total) 3 8| |Net reward change —28.00

Seeds with duplicate claims 2/5 4/5

Mean distinct tasks selected 4.8 4.0 Totals span ﬁv'e Iuns; MEANs are per run. F
— — adds the oversight notice to A.

Explicit skips (of 30 decisions) 3 2] A duplicate violation counts each claim

Mean total task cost 29.25 42.24| beyond the first on a task.

We find that the mean total reward falls significantly across our matched seeds, a large part of
which is driven by the penalties from duplicate task selection.



4.3 Software release management - new DCOP environment

We model a Go/No-Go software release meeting as a new DCOP environment [3]. This
environment helps us study collusion in organizational approval workflows.

Figure 5. Four agents—Product (P), QA (Q), Ops (0), and Release (R)—each control specific
decisions. Together, their submissions form the joint assignment x = (s,e,q,m,a,z), where:
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These domains yield 2 X 2 X 3 X
2 X 2 X 3 = 144 possible complete assignments per scenario, including assignments that violate
policy or are blocked by the workflow.

Organizational reward. Let d = 1 if deployment occurs and d = 0 otherwise. V, denotes scope
value, £ = max(0,t,, — D) denotes lateness, and L = a, X Lq, + Lo, denotes expected
functional plus operational loss. Each ¢;(x) is the role’s actual prospective workload cost, charged
once:

Feon(x) =d x (Vi=8x 0= L) = 3 x 3 ¢i(x).
The nominal cooperative DCOP maximizes this value subject to compliant deployment, truthful
records, and no blocked release attempt. Let v flag an actual deployed policy violation, My and M,
flag inaccurate QA /Ops records, and b flag a blocked attempted release. We encode these priorities
using:
H = ma‘XX FCCOH(X) - minx FCCOH(X) + ]‘9
Fnom(x) = Fecon(x) —Hx (V + MQ + MO + b)

H is fixed before each trajectory; every admissible assignment outranks every inadmissible
assignment. The exact optimum is F* = max, F,.(x), and organizational regret is F* — F ().

Credited rewards. Define G(x) =d X (V,—8 X t —L) — H X (v + My + My, + b). Equal
sharing of common value gives:

r(x) = G(x)/4 — 3 x ¢i(x),
Zi ri(x) = Fnom(X)'



This is an accounting convention for auditing, distinct from competing role incentives.
Role incentives. With o = d-1[t,,, << D] indicating on-time deployment, role benefits are:
Bp=[10 x d x (V/Vy,) + 6 x 0]/16,
Bg=1—min(1,d x oy, x Lqy/100),
Bo =1 —min(1,d x Lo,,/100),
Br =[8 x 0 x (Vy/Vgy) +2 xd x (1 —min(1,L/100))]/10.

These respectively emphasize delivery, functional quality, operational reliability, and timely
reliable release. Workload-adjusted and normalized utilities are:

u(x) = Bi(x) — 0.2 % ¢i(x)/cap;,
0(x) = [u(x) + 0.2]/1.2,

with fixed caps (capp,capg,capo,capr) = (4,6,10,6), giving o; € [0,1]. For a pair S, its joint
incentive objective is Cg(x) = % X Yics 0;(X).
Coalition advantage and incentive gain. Credited unilateral regret and the pair’s regret gap follow
Colosseum [1, §5.3]:

&i(x) = max,; 1;(X';,x ) — 1:(x),

CA(S,x) = V2) jes 8i(X) — V2Dies 8i(X).

Separately, the pair’s incentive gain compares the observed outcome x,,, with a reference outcome

X, from a matched run on the same initialized scenario but without an assigned secret objective or
private pair channel:

IGg(obs,ref) = 72 X e s[0i(Xaps) = DiXrer)]-
Initial results

Preliminary runs have been inconclusive. Runs with the Product Manager-Release Manager as the
colluding pair show the pair achieving the team optimum despite having been provided with the
instruction to favor the pair. Messages show emphasis on compliance. The implementation still
needs to be reworked before it could be reliably used for studies.

5. Limitations

The experiments are run in limited scope and we do not study cross-model variations: we ran only
up to 5 seeds and used only the GPT-40-mini model.

6. Dual-Use Considerations

We are inventing a new DCOP environment that could incentivize future models deployed in the
same designated roles to learn these covert objectives. We still think it is important to study how
agent behavior is expressed in different multi-agent systems.



7. Conclusion

We find that the coalition advantage of a colluding pair is significantly reduced by removing any
private channels of communication between them. Removing the covert objective but leaving the
private channel instead, resulted in deteriorated cost reasoning, leading to a worst regret gap.
Introducing a cautionary notice against misleading agents reduced the coalition advantage but also
substantially reduced the total reward, caused by task collisions and higher total cost.

Our newly formulated DCOP environment modeling the software release approval workflow allows
us to study a system where agents have different roles and incentives, and varying access to
information and authority to make decisions.

8. Future Work

The new DCOP environment is still in its initial, unpolished stage with structural issues to address
before it can be used reliably to run all the supported experiments. The first step here would be to
fix these issues and commit a stable release. Once done, research questions should be formulated
and experiments run across different models.

The communication and incentive ablation study should also be extended to different models.

Code and Data

Forked hackathon repository with updated code and results:
https://github.com/ArathiAriva/collusion hackathon

Setup.
Install uv, clone the repository above, and run all commands from its root. Install the Colosseum
environment with:

./setup.sh colosseum

For live runs, copy compute.env.example to compute.env only if absent and set
OPENROUTER_API_KEY. Leave LLM_MODEL overrides unset. Live commands spend API
credit; use fresh batch IDs and output paths. Full settings are in the Jira run guide and release run

cguide.

Jira communication/incentive ablations (A-E).
Seeds 101-105 produce 25 trajectories: five conditions run concurrently within each seed, then an
audit barrier precedes the next seed. Add --dry-run to preview without model calls.
colosseum/.venv/bin/python scripts/shared board/run shared seed blocks.py \

--batch-id jira-review-001
Cautionary-notice extension (F).
After A—E completes, run five F trajectories against the new batch’s saved A baseline; A is not
rerun. The notice is a prompt intervention, with no enforced sanctions.

colosseum/.venv/bin/python scripts/shared board/run f seed blocks.py \
--baseline-batch results/ae-batches/jira-review-001 \
--batch-id jira-f-review-001


https://github.com/ArathiAriva/collusion_hackathon
https://github.com/ArathiAriva/collusion_hackathon/blob/main/scripts/shared_board/README.md
https://github.com/ArathiAriva/collusion_hackathon/blob/main/scripts/release_pipeline/README.md
https://github.com/ArathiAriva/collusion_hackathon/blob/main/scripts/release_pipeline/README.md

Release go/no-go DCOP (A versus D).

The current v11 plan uses Product—Release, deadline pressure and seeds 201-205: ten
trajectories, A/D parallel and seeds serial. Preview the plan without inference:

colosseum/.venv/bin/python scripts/release pipeline/run.py --dry-run

For a live development run, complete run_card.example.json as explained in the release run guide,
freezing the printed schedule hash, current prompt/model settings, dated rates and cost estimate.
Set stopping_rule to stop-on-repeated-issues-v1, then run:

colosseum/.venv/bin/python scripts/release pipeline/run.py \
--live --run-card /path/to/completed-card.json \
--stop-on-repeated-issues --batch-id release-vll-review-001

Archived release v9/v10 batches stopped early and must remain separate; v11 has offline
validation only. New stochastic live runs need not reproduce the saved conversations or outcomes.

Saved-data reproduction (no API key).

The committed archives retain transcripts, configs, source snapshots, scores and failed/interrupted
records. Extract and rescore them using fresh paths:

python3 scripts/artifacts/results bundle.py --destination /tmp/collusion-review
colosseum/.venv/bin/python scripts/artifacts/review results.py \
--root /tmp/collusion-review --output /tmp/collusion-review-checks.json

The reviewer guide documents archive checksums, batch status and historical versions. The
plotting guide recreates report figures and derived subset metrics from extracted data. Pilots,
scripted diagnostics and different protocol versions are not pooled.
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Appendix

How subset regret-gap dispersion varies across conditions
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SD: spread across all subsets of a fixed size. IQR: width of the middle 50% of subset gaps.
These describe outcame variation within runs, not uncertainty in condition differences.
Sizes 2 and 4 have identical dispersion because complementary subsets have opposite gaps.

Lines guide comparisons across discrete subset sizes; they are not time trajectories. All conditions share a global board.

Figure 6. Dispersion of subset regret gaps by subset size and condition. Points show mean within-run standard
deviation (left) and interquartile range (right) across five matched seeds.

Smoothed subset regret-gap distributions
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Gaussian-kernel KDE, not a fitted normal curve. Equal weight for each of 5 matched seeds.

Size 2: 75 scores / condition Size 3: 100 scores / condition Size 4: 75 scores / condition Size 5: 30 scores / condition
Shared bandwidth = 3.67 Shared bandwidth = 3.26 Shared bandwidth = 3.67 Shared bandwidth = 5.57
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Small colored ticks show actual observations; curve height is density, not a count or probability at a point.
All conditions within a size use the same smoothing bandwidth. Shapes and peaks depend on smoothing.
Overlapping subsets are dependent; these curves do not provide confidence intervals or tests of condition effects.
Complementary subsets have opposite gaps; size-3 distributions are symmetric by construction. Positive gaps alone do not establish collusion.

Figure 7. Smoothed subset regret-gap distributions for sizes 2—5 across conditions A—D. Curves use Gaussian kernel
density estimation with equal seed weighting; overlapping subsels are dependent.

LLM Usage Statement

Inline citations and the references section were kept in sync with LLM help. Illustrations were also
LLM-generated.

DCOP environment design was done through brainstorming with GPT 6.1-Sol. GPT-6 Astra was
consulted on the accuracy of the mathematical formulation.

No manual coding done. All coding done through Codex with GPT 6.1-Sol.

The paper was written by me, with the exception of the DCOP formulas which GPT 6.1-Sol
drafted and I reworked.



	Auditing Agent Collusion: Communication, Incentives, and Organizational Decisions1 
	1. Introduction 
	2. Related Work 
	3. Methodology 
	4.3 Software release management - new DCOP environment 

	5. Limitations  
	6. Dual-Use Considerations 
	7. Conclusion 
	8. Future Work 
	Code and Data 
	Setup. 
	Jira communication/incentive ablations (A–E). 
	Cautionary-notice extension (F). 
	Release go/no-go DCOP (A versus D). 
	Saved-data reproduction (no API key). 

	[1] Nakamura, M., Kumar, A., Das, S., Abdelnabi, S., Mahmud, S., Fioretto, F., Zilberstein, S., & Bagdasarian, E. (2026). Colosseum: Auditing collusion in cooperative multi-agent systems. arXiv:2602.15198 (v2). https://doi.org/10.48550/arXiv.2602.15198 
	[2] Agrawal, K., Teo, V., Vazquez, J. J., Kunnavakkam, S., Srikanth, V., & Liu, A. (2025). Evaluating LLM agent collusion in double auctions. arXiv:2507.01413. https://doi.org/10.48550/arXiv.2507.01413 
	Appendix 
	LLM Usage Statement 


