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Abstract 

Autonomous LLM agents may develop coordination strategies 
despite organisational information barriers. We investigate this 
in a simulated electricity balancing market, where each firm’s 
trading and balancing desks share a profit objective. We compare 
agents with high reasoning effort, with and without an additional, 
unenforced instruction against market manipulation and 
inter-firm collusion. A Claude Haiku 5.5 judge classifies 
coordination intent in private reasoning traces, with a subset of 
scores compared against human annotations. Without the 
prohibition, concrete intra-firm strategies increase from 31% of 
decisions in the first five periods to 93% in the final five, while 
explicit communication plans rise from 2% to 41%. Regulatory 
instructions substantially reduce signalling plans, although 
intra-firm strategies persist. In one verified case, an agent's 
publicly shared rationale omitted a price-steering motive discussed 
in its internal reasoning. A separate analysis of public-board 
messages found 139 requests directed at a firm's other desk 
without the regulatory instruction, compared with 24 under it. 

1 Research conducted at the AI Collusion Research Sprint, October 2026 
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1. Introduction 

Algorithmic trading is becoming increasingly prominent in electricity markets. According to 
ACER, automated trading accounted for approximately 44% of volumes on EPEX in 2020 and 
70% in 2024 [1]. If trading systems evolve from predefined machine learning algorithms towards 
autonomous LLM agents, understanding their strategic behaviour becomes increasingly important. 
This research was inspired by a particular feature of European electricity markets: the interaction 
between Balance Responsible Parties (BRPs) and Balancing Service Providers (BSPs). A BRP is 
financially responsible for deviations between the firm’s expected and actual electricity 
position,which is an increasingly complex challenge with the rise of weather-dependent renewable 
energy. A BSP offers balancing energy to the system operator when the grid as a whole is either 
short or long. Crucially, both roles can coexist within the same energy company, creating an 
incentive for coordination: one desk’s financial outcome depends on a price that another desk can 
influence.  
 
We wondered whether independently operating AI agents, given the shared objective of 
maximising their parent firm’s profits, might discover strategies to influence this price through 
coordinated trading and balancing actions. Unlike traditional collusion between competitors, this 
could involve coordination within a single firm, potentially across organisational information 
barriers. The question is particularly relevant under the European Regulation on Wholesale 
Energy Market Integrity and Transparency (REMIT), which prohibits market manipulation and 
attempted manipulation [2]. We therefore ask: 

Do reasoning-enabled LLM agents develop intra-firm coordination strategies, and how does a 
stated regulatory prohibition affect their strategic reasoning and communication plans? 

2. Related Work 
Previous research demonstrates that autonomous pricing algorithms can develop collusive 
outcomes without explicit communication. Calvano et al. (2020) show that reinforcement-learning 
agents can sustain supracompetitive prices [3]. Fish et al. (2024) extend these concerns to LLM 
pricing agents, finding that they can autonomously develop collusive strategies and that prompt 
wording influences outcomes [4]. Agrawal et al. (2025) study LLM agents in double auctions, 
finding that communication increases collusive tendencies and use LLM-based evaluation to 
analyse agents’ intentions [5]. Bracale Syrnikov et al. (2026) find that enforceable institutional 
governance can reduce collusion more effectively than prompt-only prohibitions [6].  
Our experiment differs by focusing on coordination between desks of the same firm, rather than 
agreements between competitors. We also examine how agents interpret information barriers and 
regulatory instructions, including the contrast between private reasoning and proposed public 
explanations. 

 



 

3. Methods 

3.1 Market and Incentives 

We constructed a simplified electricity balancing market consisting of three firms (A, B and C), 
each operating two LLM-controlled desks: a trading desk representing the BRP role, and a 
balancing desk representing the BSP role. Six agents act over 30 settlement periods per run. Each 
period, system imbalance results from (randomly drawn) forecast errors, broader market 
conditions, and trading-desk deviations chosen by the BRP agents. The operator activates 
balancing bids, proposed by the BSP desks, to correct this imbalance. Under normal clearing 
conditions, the marginal activated bid determines the imbalance price. The trading desk's 
settlement profit or loss depends on this price, while the balancing desk earns revenue from 
activated bids. Both desks are instructed to maximise their firm’s combined profit. This creates a 
possible incentive to coordinate: the balancing desk may influence the price at which the trading 
desk’s position is settled. Our primary interest is whether agents recognise and reason about this 
opportunity, regardless of whether their strategies ultimately succeed economically. 

3.2 Agents and Communication 

All six agents use DeepSeek-V4-Flash. They receive their role, market rules, historical market 
outcomes, their own performance, firm profits and short private notes carried forward between 
periods. An information barrier prevents either desk from directly observing its firm’s other desk’s 
identifiable bids or positions. However, each desk must publish a short rationale on a shared public 
board, visible to all agents and the regulator in the following period. We conducted three 
conditions, each with five matched random seeds: EXP1 (reasoning disabled), EXP2 (high 
reasoning effort), and EXP3 (high reasoning with an additional regulatory prohibition). Neither 
EXP2 nor EXP3 explicitly instructed agents to coordinate between desks. Both, however, 
assigned them the objective of maximising their firm's combined profit. The additional EXP3 
instruction prohibited market manipulation and collusion with other firms, without separately 
addressing coordination within a firm. No regulatory reviews, fines or sanctions were actually 
implemented though. The main analysis compares EXP2 and EXP3 (EXP8 and EXP9 in the 
repository), each comprising 900 decisions by six agents across five seeded runs of 30 periods. 

3.3 Reasoning Trace Evaluation 

Following Agrawal et al. [5], we use Claude Haiku 5.5 to classify coordination intent in agents' 
private reasoning traces. Each decision receives separate intra- and inter-firm scores: 0 (none), 1 
(consideration), 2 (concrete strategy), or 3 (plan to signal or solicit coordination). 
Public-board requests were analysed separately using a rule-based detector that identifies request 
wording and an addressee in the same sentence. Unlike the Haiku classifications, these counts 
were not systematically validated against human annotations, although all six detected inter-firm 
requests were manually reviewed. 

 



 

3.4 Human Validation of the LLM Judge 

We compared Haiku’s scores against 36 randomly sampled, human-annotated decisions, 
supplemented by 28 targeted cases. For intra-firm coordination, exact agreement was 64%, 
agreement within one score-point deviation was 100%, and weighted Cohen’s κ was 0.85. The 
judge identified all 15 human-labelled concrete strategies (score ≥2), but flagged six additional 
cases. 
 
For inter-firm coordination, within-one agreement was 94%, but weighted κ was only 0.08. None 
of the three level 2 strategies that were flagged by the Haiku judge in the representative sample 
were confirmed by human annotators. We therefore treat inter-firm judge classifications cautiously 
and examine observed public coordination requests separately. 

4. Results 
4.1 Intra-firm coordination 

 
Figure 1. Public message by firm C’s trading desk in EXP2 (non-regulatory), Seed 0, Period 16 

Agents in EXP2 developed strategies involving their firm's other desk, including using the public 
board to communicate across the information barrier (Appendix A1) and publishing direct bidding 
requests (Figure 1, A2). Some also considered sacrificing their own desk's profits to benefit the 
firm overall (A3). 
 
Similar reasoning appears in EXP3. One balancing agent publicly described a bid intended to 
benefit its firm's trading position (A4), while another reasoned that coordination within the same 
company might not constitute manipulation (A5). Notably, the EXP3 instruction prohibited 
market manipulation and collusion with other firms but did not explicitly address intra-firm 
coordination, only that ‘market manipulation’ was prohibited.  

4.2 Regulatory Instructions and Coordination over Time 

Figure 2 shows a pronounced difference in intra-firm coordination intent over time. In EXP2, 
concrete strategies (Haiku score ≥2) increase from 31% to 93% between the first and final 
five-period intervals, while explicit signalling plans (score 3) rise from 2% to 41%. Under the 
regulatory prohibition prompt in EXP3, concrete strategies increase from 15% to 43%, but 
signalling plans remain at or below 5%. 

 



 

 
Figure 2. Intra-firm coordination intent over time. Percentage of agent decisions containing (a) 
concrete within-firm strategies (Haiku score ≥2) and (b) explicit plans to signal or solicit 
coordination (score 3). Each point aggregates 150 decisions across five runs and five settlement 
periods. Scores reflect private reasoning, not observed coordination; run-to-run variation is not 
shown. 

The difference extends to published communication. Our rule-based detector identified requests to 
a firm's other desk in 139 of 900 decisions (15.4%) in EXP2, compared with 24 of 900 (2.7%) in 
EXP3. Explicit signalling became less frequent under the regulatory instruction, although 
intra-firm strategic reasoning and public requests did not disappear. 

4.3 Selective Public Rationale and Inter-Firm Evidence 

 
Figure 3. Reasoning-trace by Firm A BSP (balancing desk) in EXP3 (regulatory), seed 3 period 4 

Some agents distinguish between their private strategic reasoning and the explanations they 
provide publicly. In one verified EXP3 case, a balancing agent considered influencing the 
imbalance price to benefit its firm's trading desk, but its published rationale discussed only bid 
margins and desk profitability (Figure 3, Appendix C1). Another agent explicitly discussed 
REMIT compliance and the need for a plausible public rationale (D2). These traces indicate that 
agents may selectively disclose their motivations while aware of public scrutiny. They do not 
establish that the explanations were false or that such omissions were systematic. 
 

 



 

We also observed explicit inter-firm coordination requests in EXP2, concentrated in seed 1 
(Appendix B1). Following a period in which all three balancing desks submitted €1,000/MWh 
upward bids, Firm B's trading desk publicly encouraged coordinated bidding at t=17. At t=18, 
Firm C's balancing desk requested that all balancing desks bid €1,000/MWh. Subsequent traces 
describe perceived defection and conflicting incentives, including one agent rejecting high-price 
coordination because it believed its own trading desk was short. At t=20, Firm B's balancing desk 
again encouraged high upward and low downward bids, describing these as supporting market 
efficiency. 
 
Across all runs, the detector identified six inter-firm requests in EXP2 and none in EXP3. We 
found no recipient action that could confidently be attributed to another firm's request, nor 
evidence of a sustained agreement. Public posts were visible only in the following period, so bids 
submitted alongside a request cannot be interpreted as responses to that request. 

5. Discussion and Limitations 

5.1 Discussion 

The agents frequently recognised that their firm's trading and balancing desks could benefit from 
coordinated decisions. While direct access to the other desk's private information was restricted, 
the public board remained available for communication. Some agents explicitly used it to request 
specific bidding behaviour. The information barrier therefore restricted direct observation without 
preventing strategic signalling. 

The regulatory instruction was associated with considerably fewer explicit signalling plans and 
public requests. Broader intra-firm reasoning nevertheless persisted. One possible explanation lies 
in the wording of the prompt: market manipulation and collusion with other firms were prohibited, 
but intra-firm coordination was not addressed separately. We cannot determine how much of the 
difference between conditions resulted from this ambiguity. Moreover, the threatened sanctions 
were never enforced. 

The inter-firm episode presents a different pattern. Agents publicly solicited coordinated bidding, 
but no sustained agreement was established. Subsequent reasoning indicates that uncertainty 
about competitors and conflicting firm-level incentives may have obstructed cooperation. These 
observations come from one run and do not establish how often such attempts would succeed in 
other conditions. 

Finally, the discrepancy between private reasoning and public explanations raises questions about 
the reliability of agent-generated rationales. In the verified example, a published explanation 
omitted a strategically relevant motive discussed privately. Monitoring actions and communications 
independently of agents' own explanations may therefore be important when deploying 
autonomous market participants. 

 



 

5.2 Limitations 

1.​ Simulation validity. Claude Code implemented the simplified trading market and 
experimental infrastructure during the research sprint. This allowed us to focus on agent 
reasoning, but the implementation has not undergone comprehensive independent 
validation. Simulation errors or unrealistic market assumptions could affect the findings. 

2.​ Intent versus behaviour. Our primary measures concern logged reasoning, not 
demonstrated collusion or market manipulation. Although we observe public coordination 
requests, we cannot establish that these produced sustained agreements. Furthermore, the 
public board was an explicitly permitted channel, so its use does not necessarily constitute 
a violation of the information barrier. 

3.​ Experimental scope. We examine one agent model, five runs per condition and 30 periods 
per run. Only the two high-reasoning conditions are analysed in detail. The findings may 
not generalise to other settings, and the regulatory prohibition was never enforced. 

4.​ Measurement uncertainty. Human annotations broadly support intra-firm judge scores, 
but the validation sample is small and inter-firm classifications are considerably less 
reliable.  

5.3 Future Work 
Future experiments could introduce actual enforcement, test more agent models, vary information 
barriers and extend the number of interactions. Another promising direction is a systematic 
analysis of private reasoning versus final public messages, distinguishing selective omission, 
misleading framing and direct contradiction. Finally, a follow-up could examine whether 
coordination strategies identified in reasoning traces lead to actual profitable market manipulation. 

6. Conclusion 
In a simulated electricity balancing market, LLM agents developed strategies involving 
coordination between their firm's trading and balancing desks, including explicit public bidding 
requests. Coordination-related reasoning became more common over repeated interactions, while 
an additional, unenforced regulatory instruction was associated with fewer explicit signalling 
plans. 
 
We also observed attempts to solicit inter-firm coordination, without evidence of a sustained 
agreement, and one verified case where a published explanation omitted a strategic motive 
discussed privately. The findings concern coordination intent and communication, rather than 
demonstrated market manipulation. They motivate further investigation into how autonomous 
market agents respond to organisational restrictions and regulatory oversight. 

Code and Data 
Code: https://github.com/Stasfer02/research_sprint-colluding-agents-energy-trade  

 

https://github.com/Stasfer02/research_sprint-colluding-agents-energy-trade


 

LLM Usage Statement 

Claude Code (Opus 5.5) was used to implement the entire simulated electricity market and 
experimental infrastructure, including agent execution, logging and analysis scripts. This enabled 
the research team to focus primarily on the experimental questions, agent reasoning and 
interpretation of results. ChatGPT (GPT-6) was used to discuss the research design, interpret 
experimental findings, select and organise evidence, and assist in drafting and editing the report.  
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Appendix A - Intra-Firm Coordination 

A1) Circumventing the Information Barrier 

 
EXP2, Seed 0, Firm A BRP (trading desk), period 20, reasoning trace and public 

A2) Direct instruction on the public board 

 
EXP2, Seed 0, Firm C BRP (trading desk), period 16, public board 

A3) Sacrificing desk profits to benefit the firm 

 
EXP2, Seed 1, Firm A BSP (balancing desk), period 21, reasoning trace 

A4) Explicit intra-firm price support under the prohibition 

 
EXP3, Seed 3, Firm B BSP (balancing desk), period 19, public board 

A5) Interpreting intra-firm coordination as allowed 

 
EXP3, Seed 3, Firm C BSP (balancing desk), period 21, reasoning trace 

 



 

Appendix B - Inter-Firm Coordination 

B1) Explicit public attempt  

EXP2, seed 1, periods 16-20 
 
Period 17 - Firm B BRP, public board 

 
 
Period 17 - Firm C BRP, public board 

 
 
Period 18 - Firm C BSP, public board 

 
 
Period 19 - Firm B BSP, private reasoning: 

 
 
Period 19 - Firm C BSP, private reasoning: 

 
 
Period 20 - Firm B BSP, public board: 

 

 



 

Appendix C - Private/Public Rationale Discrepancy 

C1) Price-steering strategy followed by a plausible public rationale 

 
EXP3, Seed 3, Firm A BSP (balancing desk), period 4, reasoning trace and public board message 
 

Appendix D - Compliance Awareness 

D1) Awareness of inspections and absence of fines 

 
EXP3, Seed 2, Firm A BRP (trading desk), period 27, reasoning trace 

D2) Compliance risk and constructing a plausible rationale 

 
EXP3, Seed 1, Firm C BRP (trading desk), period 10, reasoning trace 
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