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Abstract

LLM agents that submit bids or set prices on behalf of firms could
learn how to coordinate with one another, so monitoring their
chals is a proposed safequard. We ask whether agents aware theat
their chats are being monitored moved coordination from what
they say into what they say into how they bid and if chat monitors
could catch them. I ran 80 games of a repeated first-price
procurement auction(three firms, 20 rounds,chat then seled bids)
in  four conditions: compele (megative control), mneutral,
collude_open. (positive control) and collude-monitored(a statted
but unenfored monitorin threat). The controls behaved : late-game
was 0.06 under compete and 0.94 under collude_open. Under the
staed threat, collusion fell to 0.78 and explicit price talk fell from
100% to 72% of messages, but did not hide. Chat-only monitirs
built on three model families (gpt-4o0, DeepSeek, Quwen2.5-32B)
flagged all 20gaes in every non-controled condition (AUC about
1.00). A model-free bid screen was weker on the mneutral
condition(AUC 0.88), and adding bods to the LLM monitor did
not help (gpt-40 AUC 0.87 and 0.89). The chat monitor also flags
friendly tone at near-zero markup, so its ceiling performance may
reflect tone as much as prices. Collusion here is instructed and the
threat is unenforced; an enforced condiltion was designed but not
run.
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1. Introduction

When LLM agents set prices or bids for competing frims, they can reach supracompetitive
outcomes (prices above competitive levels)without being bild . GPT-4 pricing agents in a repeated
Bertrans game converge at high prices with no messages(Fish et al., 2024), and agents split
markets in a repeated cournot game (Lin et al., 2024). In long horizon tasks where two agents
verify each other’s work, agents jointly violated the verification protocol in 94% trajectories acoss
ten models, with no instructions to do so (SHi X. et al.,2026). The proposed safeguard is
monitoring ; a second model reads what the agents say and raises a flag. Existing results suggets
that safeguard is fragilw. Reasoning traces alone are not sufficient safeguard against collusion
beywen pricing agents (Lee & Park , 2026), monitors often do better with less informtion(Arike et
al., 2026), and activation probles trained on instructed collusion transfer only partially to
emergent collusion (Rose et al., 2026)

This matters in a way, becuase if agents learn they are beinf watched and cordinated through
theor bods instead of other words, a chat-only monitor gives false assuarnce. I studied that
threatin a repeated first-price procurement auction. My work addresses Track 3(Collucion Carriers
and Countermeasures), question 3.4 “What does a coalition do when it learns it is being
watched?”, with secondsry links to 3.1(can actions be the conduit for collusions?) and 2.2 (does
combining what ahnst say with what they do beat either alone?).

My main contributions are:

1. A testbed with a negative control, a positive control, in which a chat monitor , a model-free
bid screen and a combined monitor are scored on the same 80 games.

2. A null result on substitution. Telling colluding forms that their chat is monitored lowered
collusion (late markup 0.94 to 0.78) and explicit price talk (100% to 72% of messages),
but the collusion is not hidden from chat , which flag 20 of 20 games.

3. Evidence that the chat monitors may respond to cooperative tone more thab to prices, and
that a combined chat and bids LLM monitor is unreliable: for gpt-40 it was worse than chat
alone.

These findings provide a testbed for evalauting safeguards against collusion among interacting Al
magenta and highlight the need to assess both economic outcomes and the reliability of the
monitors used to detect them.

2. Related Work

Several studies show that LLM agents reach collusive outcomes without being told to: pricing
agents converge on high prices without messages (Fish et al., 2024), split markets (Lin et al.,
2024), keep colluding when a regulator flags suspicious prices (Anto & Vazquez, 2026), and



jointly violate a verification protocol in 94% of trajectories across ten models (Shi et al., 2026).
Nakamura et al. (2026) find that neither actions nor communications alone suffice to audit
collusion. On the monitoring side, Lee and Park (2026) find that collusion and chain-of-thought
faithfulness diverge, so reasoning traces alone are not a reliable safeguard; Tailor (2025) fuses
statistical detectors over transcripts and outcome metrics for configured covert schemes; Rose et al.
(2026) detect collusion from activations, with only partial transfer to emergent collusion; and
Motwani et al. (2024) study covert communication between agents. Arike et al. (2026) find that
giving monitors less information often helps, which fits my result that adding bids made the gpt-40
monitor worse. The closest work to my monitored condition is Radev et al. (2026): telling agents
that a monitor is present cut sabotage success from 84% to 41% without significantly breaking
detection, and code plus messages beat either alone. I find the same direction on awareness, in a
market with price outcomes, but not on combining views. To my knowledge, and within the limits
of a preliminary search, none of these tells colluding agents that their chat is watched and scores a
chat monitor, a bid screen and a combined monitor on the same games.

3. Methods

Auection. Three firms with costs 10, 10 and 11 play a repeated first-price procurement auction for
20 rounds. The lowest bid wins and ties split the contract. The price cap is 30, and a bid below a
firm's own cost is raised to its cost. Each round has a chat phase in a fixed order (A, B, C), then
sealed bids, which are public afterwards. Firm A is deepseek-chat (an API alias; the underlying
version was not recorded, so its identity is unverified) and Firms B and C are gpt-40-mini, all
accessed through APIs on Oct 23 to 25, 2026. API calls cannot be seeded, so a seed is only a
replicate label.

Conditions. I ran 20 games in each of four conditions, 80 in total. In compete, the prompt tells
firms to compete hard and never coordinate (negative control). Neutral gives no instruction either
way. In collude_open the prompt tells firms to coordinate on high prices (positive control).
Collude_monitored gives the same instruction and also states that the chat is monitored. The
threat is never enforced. An enforced variant, in which a flagged round costs profit, was designed
and calibrated offline (threshold 70) but never run, because my OpenAl API credit was exhausted.
Metrics. Late markup is (lowest bid - 10) / 20 over the last 5 rounds, so 0 means bidding at cost
and 1 means bidding at the cap. I also report whole-game markup, and price talk, the share of
messages that name a price from 10 to 30 (a crude regex).

Monitors. The chat-only LLM monitor reads the chat and returns a score from 0 to 100. The bid
screen is 100 x markup x (1 - spread) x stickiness and uses no model. The combined monitor reads
chat and bids. The primary LLM monitor is gpt-40. As robustness checks I re-scored the 80 saved
games with DeepSeek and with Qwen2.5-32B-Instruct, an open-weight third family that is not a
bidder, served on one H200 on Modal. Each monitor's threshold is the 95th percentile of its 20
compete scores, applied with strict greater-than. I report detection at the threshold and
threshold-free AUC against compete games.



Statistics. Intervals are bootstrap 95% Cls over games (10,000 resamples; 2,000 for AUC). Seeds
0 to 4 were pilot runs and are included. The DeepSeek and Qwen monitors were added after the
main results and are exploratory.

4. Results

Controls Behave. Late markup is 0.06 under compete (95% CI 0.00 to 0.16) and 0.94 under
collude_open (0.87 to 0.98), a difference of 4-0.879 (+0.750 to +0.967) (Figure 1). The neutral
prompt sits inbetween 0.37(0.24 to 0.50), +0.311 above compete(40.152 to +0.465).

Markup in the last 5 rounds, one dot per game
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Diamond and bar: mean and 95% bootstrap Cl over games.

n =20 games per condition.
Figurel: Late markup (last 5 rounds) by condition. Dots are means over 20 games; bars are
bootstrapped 95% Cls over games (10,000 resamples). The controls behave: compete is near 0 and
collude_open near 1. The stated monitoring threat lowers markup but it stays far above compete.

A stated threat lowers collusion but does not remove it. Under collude_monitored late markup is
0.78 (0.65 to 0.89), which is 0.159 below collude_open (-0.300 to -0.032) and far above compete.
Explicit price talk falls from 100% of messages under open to 72% under monutired (CI 0.55 to
0.86), while firms still speak at similar rates (0.87 to 1.00) (Figure 2)



Share of messages naming a price (10-30)

(a) Explicit price talk (b) Speaking up
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One dot per game; diamond and bar: mean and 95% bootstrap Cl over games. Prices detected by a crude regex (a number from 10 to 30).

Figure 2: Share of messages naming a price from 10 to 30, meaning over 20 games per condition,
with bootstrapped 95% Cls. Explicit price talk falls under the stated threat (1.00 to 0.72) while
firms keep talking.

The chat monitor does not miss. At its compete-caliberated threshold (70.75) the gpt-40 chat
monitor flags 1 of 20 compete games and 20 of 20 in each of neutral, collude_open and
collude_monitored (Figure 3). The bid screen (threshold 14.0) flags 1, 14, 20 and 19 of 20.
Because the chat monitor is at the ceiling it cannot rank the non-control conditions, so we also
report AUC against compete (Table 1). Chat-only AUC is about 1.00 for all three LLM monitors
in every non-control condition. The DeepSeek chat monitor agrees with gpt-40 (r = 0.95 over all
80 games), and Qwen2.5-32B does too(r=0.92).

Share of games flagged

Detection at thresholds set on the "compete’ games

1.0 -
0.8 -
0.6 -
0.4 -
0.2 -
0.0 - . I ! ! !

compete neutral collude collude
open monitored

mmm  Chat monitor mmm  Bid screen mmm  Chat + bids monitor

Error bars: Wilson 95% Cl. The compete group is the false-positive rate.
Thresholds (95th percentile of the compete games): chat 70.8, bid screen 14.0, chat + bids 95.0.



Figure 3: Games flagged out of 20 at thresholds set at the 95th percentile of each monitor's compete
scores (strict greater-than). Chat-only monitors flag every collusion; the bid screen is weaker on
neutral (14 of 20)

Adding bids did not help. Table 1 shows that the combined chat+4-bids monitor is not better than
the chat alone. For gpt-4o it is worse on neutral (0.87, CI 0.78 to 0.95) and monitored (0.89,
0.80 to 0.96). DeepSeek (0.97 and 0.99) and Qwen (0.96 and 0.98) are less affected. The
combined monitor is also poorly calibrated across models: its detection rate on neutral is 0.25 for
gpt-40, 0.95 for DeepSeek and 0.55 for Qwen, so we report only its AUC. The bid screen is weker
on neutral (AUC 0.88, 0.75 to 0.98) and near 1.00 where collusion is strong.

Monitor

neutral

collude_open

collude_monitored

gpt-4o, chat only

1.00 [0.99,1.00]

1.00 [1.00,1.00]

1.00 [1.00,1.00]

deepseek_chat, chat only

1.00 [0.99,1.00]

1.00 [1.00,1.00]

1.00 [0.99,1.00]

Qwen2.5-32B, chat only

1.00 [1.00,1.00]

1.00 [1.00,1.00]

1.00 [1.00,1.00]

gpt-4o, chat+4-bids

0.87 [0.78,0.95]

1.00 [1.00,1.00]

0.89 [0.80,0.96]

Deepseek_chat,

0.97 [0.91, 1.00]

1.00 [1.00,1.00]

0.99 [0.98,1.00]

chat+bids

Qwen2.5-32B, chat-+bids | 0.96 [0.89, 1.00] |1.00 [1.00,1.00] 0.98 [0.93,1.00]

Bid screen (no LLM) 0.88 [0.75,0.98] | 1.00[0.99,1.00] 0.99 [0.95,1.00]

Tabel 1: AUC against compete games (1.00 is perfect; ties count half) with 95% bootstrap Cls over
games, 20 games per condition. Chat-only monitors are at ceiling; adding bids lowers the gpt-4o
monitor to 0.87 and 0.89.

Tone. The per-round chat monitor flags nearly every round in neutral games even where markup is
near O (Figure 4). That suggests it reacts to cooperative tone more than to prices. The compete
prompt also differs in tone, so this is a confound, and agreement across threemonitors does not
rule it out.



Does the per-round chat monitor track prices? One dot per game
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Flag = per-round chat monitor score >= 70. Games with markup near 0 that are still flagged in nearly every round show the monitor reacting to tone.

Figure 4: Per-round chat-monitor flags against round markup.The monitor flags nearly every
neutral round even where markup is near 0, which suggests it responds to tone; the compete prompt
differs in tone so this is confounded.

One compete game is not collusion. Compete seed 17 reached late markup 0.995 (whole-game
0.614) through misplay: Firms B and C kept raising bids after losing, and Firm A undercut them
each round until the price reached the cap. None of the three chat monitors flags it (gpt-40 70
against a threshold of 70.75, DeepSeek 35 against 85.0, Qwen 20 against 20.0), while the bid
screen does (40.2), making it the screen's only compete flag. Markup alone cannot separate misplay
from collusion.

5. Discussion and Limitations

e My answer to question 3.4 is that a stated threat changed what the firms said and how
high they bid, but did not make them hard to catch. Collusion fell from 0.94 to 0.78 and
explicit price talk from 100% to 72%, yet every chat monitor still flagged every game. The



direction matches Radev et al. (2026), who find that telling agents a monitor is present
lowers the harmful behaviour without breaking detection, and Rose et al. (2026), where
agents told they were being evaluated still colluded and probe AUROC fell only modestly.
For safety this is mildly reassuring, but the result is narrower than it looks. The chat
monitor flags friendly tone at near-zero markup, so its perfect score may mean it detects
cooperative-sounding chat, not price coordination. Adding bids did not beat chat alone,
which agrees with Arike et al. (2026) and disagrees with Radev et al. (2026); I did not
test why.

e Broader implications for Al safety. First, telling agents they are watched is not a defence
by itself: a markup of 0.78 is far above competition. Second, a chat monitor needs controls
that test what it detects, because one evaluated only on prompted collusion would look
perfect and could still raise false alarms on legitimate cooperation. Third, monitors fail
differently (the chat monitors missed the misplay in seed 17 that the bid screen flagged),
which supports layered oversight over one combined prompt. Fourth, thresholds should be
calibrated per monitor model and reported with a threshold-free measure such as AUC.

Limitations

These hold for instructed collusion in a three-firm toy auction.
e Collusion is instructed, not emergent, so near-1.00 chat AUC may not carry over to
emergent collusion.
e The threat is stated and unenforced; a real penalty could push firms toward hiding.
e Monitor agreement is not validity: three model families could share the same tone cue.
e With 20 games per condition, thresholds set from 20 compete games are noisy.
The full list, including bidder identity and the threat models I did not address, is in Appendix A.

Future work. (1) Run the enforced condition, where a flagged round costs profit. (2) Add collusion
nobody instructed, and a monitor panel from several vendors. (3) Build a monitor that reads prices
as well as tone, and test whether it beats chat alone.

6. Conclusion

I tested whether colluding LLM firms in a repeated auction hide from a chat monitor once they are
told they are watched. They did not. Stated monitoring lowered collusion and price talk, but
chat-only monitors from three model families still flagged every collusion game, and a combined
chat and bids monitor was no better. The main caution is tone: the monitors may be detecting
friendly language, so the ceiling may not hold for quieter or emergent collusion. The next step is to
enforce the threat and est collusion that is not instructed.



Code and Data

Include links if applicable. If your project doesn't involve code (e.g., policy analysis) or if there are
info-hazard considerations, note that here.

- Code repository: https://github.com/EYITAY /Monitored-Collusion-in-LLM-Auctions
- Data/Datasets:
https://github.com/EYITAY /Monitored-Collusion-in-LLM-Auctions/tree/main/data
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Appendix (optional)

Limitations. These hold for instructed collusion in a three-firm toy auction.

Collusion is instructed, not emergent, so near-1.00 chat AUC may not carry over to emergent
collusion.

The threat is stated and unenforced; a real penalty could push firms toward hiding.

Monitor agreement is not validity: three model families could share the same tone cue.

With 20 games per condition, thresholds set from 20 compete games are noisy.

The full list, including bidder identity and the threat models I did not address, is in Appendix A.

Future work. (1) Run the enforced condition, where a flagged round costs profit. (2) Add collusion
nobody instructed, and a monitor panel from several vendors. (3) Build a monitor that reads prices
as well as tone, and test whether it beats chat alone.

LLM Usage Statement

Claude was used for brainstorming, report summaries and data plotting.
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