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Abstract

Large language models are increasingly deployed as autonomous agents in multi-agent environ-
ments, but task completion alone may not indicate reliable strategic coordination. We study this is-
sue in Collab-Overcooked, a cooperative benchmark where LLM agents coordinate through natural
language under role asymmetry and verifier-guided execution. We model each rollout as the real-
ized outcome of a finite-horizon cooperative Markov game and evaluate whether successful teams
also exhibit efficient coordination: low redundancy, timely partner response, useful signaling, and
robustness to partner identity. We extend Collab-Overcooked with non-required-cooperation lay-
outs in which either agent can complete the task alone, allowing collaboration to be evaluated as an
efficiency strategy rather than a feasibility requirement. We introduce a trace-grounded evaluation
framework combining structured interdependence with Trace-Grounded Communication Outcome
auditing. Across three LLM families and directed role pairings, we find that high task success of-
ten coexists with substantial coordination cost, including redundant actions, delayed or unfulfilled
requests, verifier corrections, and strong role-pairing effects. Theory-of-Mind scaffolds improve
some metrics but do not reliably eliminate these failures. Our results suggest that completion-based
evaluation is insufficient for LLM-based multi-agent systems and that trace-grounded coordination
metrics are needed to measure strategic behavior.

1. Introduction

LLMs are increasingly used as agents that interact with tools, humans, and other agents. In zero-
shot collaboration (ZSC), agents must coordinate with unfamiliar partners without joint task-specific
training. This setting is central to human-Al teaming and multi-agent automation, where deploy-
ment quality depends not only on completing the task but also on how agents divide labor, respond to
requests, repair mistakes, exploit resources, and adapt to partners; however, task success can mask
collapsed coordination patterns in which agents stop adapting to their partner [3]. Benchmarks
such as Hanabi-style belief-sensitive games [1, 8] and Overcooked-style cooperation [4, 12] show
that LLM agents achieve high success rates which are often interpreted as evidence of planning or
collaborative reasoning.

However, LLM agents are boundedly rational; their policies emerge from in-context inference
and alignment patterns rather than utility maximization, and they cannot compute equilibria. This
means task success does not imply strategic stability, and high reward does not rule out coordination
waste. Worse, if all deployed agents share the same model, apparent coordination in self-play may
reflect stylistic alignment rather than robust strategic reasoning, a form of algorithmic monoculture
that breaks down when partners change [3, 13]. Recent work also argues that temporally extended
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Figure 1: Overview of methodology and evaluation pipeline. 1) Addition of new Non-Required
Cooperation layout 2) Cross-Model Family analysis for ZSC across open- and closed-
source LLLM 3) TGCO audit from run trajectory logs 4) Adaptive-ToM and ProAgent
architectures.

partner modeling remains under-measured in current LLM-based Theory-of-Mind frameworks and
benchmarks [10].

We study this gap in Collab-Overcooked [12], where two LLM agents complete cooking tasks
under full observability, asymmetric role capabilities, natural-language communication, and validator-
guided action execution. The original benchmark usefully measures success, trajectory efficiency,
intermediate-task efficiency, initiation capability, and response capability. We ask a complemen-
tary strategic question: when agents succeed, do their messages and actions form efficient partner-
sensitive joint strategies?

We interpret a rollout as the realized outcome of a cooperative Markov game. A joint pol-
icy profile can be task-successful yet inefficient if another feasible profile achieves the goal with
lower completion time, fewer verifier calls, fewer redundant actions, or lower communication cost.
Communication is treated as a cheap-talk signal with strategic value only when it changes partner
behavior in the trace, a condition TGCO audits directly.

Our contributions are concise:

* We introduce non-required-cooperation variants of Collab-Overcooked to separate coopera-
tion required for feasibility from collaboration that emerges as an efficiency strategy.

* We propose trace-grounded metrics for strategic coordination: structured interdependence for
directed enabling and TGCO for communication outcomes.

* We evaluate self-play and directed cross-model play across three LLM families, showing
that role assignment and partner identity strongly affect coordination cost even when success
remains high.

* We test whether explicit Theory-of-Mind scaffolds improve coordination and find mixed
gains: belief tracking helps some metrics but often fails to produce timely partner-useful
actions.
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2. Related Work

LLM agents and multi-agent benchmarks. LLM agents have been evaluated in tool-use, code
execution, API use, browsing, and structured environments [14, 15]. Benchmarks including LLM-
Hanabi [8], and Collab-Overcooked [12] measure cooperative task performance. Our work fo-
cuses on the strategic structure hidden underneath task success: directed dependence, signal follow-
through, and partner robustness.

Interdependence and zero-shot cooperation. Zero-shot cooperation asks whether agents can
collaborate with previously unseen partners [6, 11, 16, 18]. Constructive interdependence [3] evalu-
ates who is helping whom in human-agent teams by mapping Markov games to symbolic traces and
identifying useful dependencies. We add a communication audit and adapt this idea to LLM agents
because the coordination in LLM agents occurs through natural language.

Theory of Mind in LLM agents. Theory of mind is the ability to reason about another agent’s
beliefs, goals, or likely actions [2]. LLMs perform well on some isolated ToM tests [5, 7], but static
tests do not establish robust interactive coordination. We evaluate two ToM-oriented scaffolds, Pro-
Agent [17] and Adaptive Theory of Mind (AToM) [9], in these temporally extended collaborative
rollouts.

3. Method

3.1. Problem Formulation

We model Collab-Overcooked as a finite-horizon, two-player cooperative Markov game
G = (S, A1, A2, P,R,~,T),

where S contains kitchen state, role state, active recipes, held objects, station contents, order
progress, and verifier state. At each timestep, agent ¢ observes a textual state description, may
send a message m!, chooses an action a! € A;(s;), and executes a joint transition. Role asymmetry
induces A; (s) # Aa(s).

An LLM agent induces a history-dependent policy ;(al, m! | ht), so a pair (71, ma) is a strategy
profile. We evaluate profiles using a cost-sensitive cooperative objective

T
U(m,72) = E| 39" Re = 21 Clime = AaCrok = AgCoer = MCrea,
t=0
where Clime is completion time, Cl,; token cost, Cye, verifier burden, and C..4 redundant action
cost. U makes the trade-off between task reward and coordination cost explicit; the metrics in §3.2
measure observable correlates of each cost term.

Cooperative Game Settings Task structure determines whether collaboration is the only feasible
solution (RC) or a chosen efficiency strategy (NRC). Let G denote task completion and C'(7) an
execution cost. An RC task is one where no single-agent policy completes G with positive proba-
bility while some joint policy does: Vr;, P(G | m;) = 0, and 3(71, m2) with P(G | 71, m2) > 0. An
NRC task admits a solo solution but joint execution can lower cost: 3m; with P(G | ;) > 0 and
A(my, mo) with C(my,m) < C(m;, mige). We extend Collab-Overcooked level-1 [12] to the NRC
setting with symmetric action spaces but asymmetric task knowledge, and separate the agents to
enable cross-model evaluation of partnership behavior.
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Table 1: TGCO Outcome Categories

Outcome Category

Definition

TGCO Decision Rule

Effective The partner completes the requested ac-  Parsed request u = (0, a, j) passes tar-
tion within the analysis window, match-  get/relevance checks, is not redundant,
ing an accepted environment action and partner j performs (o0,a) within
without validator correction. [, + w;] with no prior correction.

Assisted The partner completes the requested ac-  Parsed request u = (o, a, j) passes tar-
tion, but only after validator feedback or  get/relevance checks, is not redundant,
correction. and partner j performs (0,a) within

[t,t + w;] after a validator correction.

Redundant The requested work was already done (0, a) is completed in trace T before
before the message, making the request time ¢; this is checked before trace
unnecessary. lookup, so later repetition does not

count as effective.

Ineffective All unsuccessful or non-auditable No coherent request unit is parsed, the

cases, including malformed requests, unit fails target/relevance checks, or no

wrong/ambiguous target, irrelevant valid partner match for (o,a) occurs
asks, or missing/mismatched partner within [¢,t + wy].
action.

3.2. Trace-Grounded Coordination Metrics

Each rollout is converted into a symbolic event trace with timestep, agent identity, action type a,
object lineage o, message, verifier feedback, and recipe relevance.

Structured interdependence. Let Ny, be candidate trigger actions, Ny, accepted dependencies,
and Ncops constructive dependencies:

N; N,
ADR = 2 IDensity = =% MOR = 1 — ADR.
trig Nint

TGCO communication audit. For each message m}, TGCO parses request units u = (o, a, §)
and checks target, relevance to R;, redundancy, and partner execution in [t, ¢ + w;|. Outcomes are
EFFECTIVE, ASSISTED, REDUNDANT, and INEFFECTIVE; unstructured messages are included in
INEFFECTIVE. Let Nyeq = Negt + Nassist + Nred + Ninesr. We report

tokens
Nint

Neff + Nassist

, CommCost =
Nreq

FollowRate =

4. Experimental Setup

We evaluate GPT-40, Claude Sonnet 4, and Gemma-31B in three same-model self-play pairings and
six directed cross-model pairings. Directed roles matter: model A as chef with model B as assistant
is not equivalent to the reverse. Each pairing is run across three task-complexity levels with 10
episodes per setting. GPT-40 and Claude are accessed through provider APIs; Gemma-31B runs on
an H200 server. Full prompt templates appear in Appendix A; protocol details in Appendix C.
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Table 2: RC/NRC performance. NRC tasks permit solo completion, allowing coordination to be
evaluated as an efficiency strategy rather than a feasibility condition.

Model Setting  Success (%) Avg Timestep Solo feasible (%)
GPT-40 NRC 95+ 3 120 £18 100
Claude Sonnet4  NRC 100 +£0 100 + 12 100
Gemma-31B NRC 94+4 160 £ 25 100

Explicit Partner Modeling Pro-Agent predicts the partner’s likely next action and chooses an-
ticipatory actions [17]. Adaptive-ToM maintains a rolling belief over partner subgoal, held object,
blocked actions, recent latency, fulfillment, and communication style [9]. Both scaffolds add belief
context to the decision prompt but do not modify the environment or verifier.

5. Results and Discussion

Across NRC, cross-model, ToM, and TGCO views, a single pattern holds: high success masks low-
quality coordination. NRC. Both GPT-40 and Claude Sonnet 4 reach 100% solo completion with
mean structured interdependence at zero, and team execution adds 25-33% to per-task completion
time, so agents do not adopt collaboration as an efficiency strategy when feasibility does not demand
it. Cross-model. Partner identity, not the model alone, sets coordination cost: Claude—Claude
consumes 5x more tokens than GPT-40—Gemma, and follow rates span 0.55 to 0.82 across the
same task. Verifier interventions track this noise (9 for GPT-4o0 self-play, 21 for Claude—GPT-40
and Gemma—GPT-40), indicating the validator absorbs much of the apparent task competence and
that small open-source models reach near-parity with frontier models largely through this scaffold.
ToM scaffolds. Pro-Agent and A-ToM reduce redundant actions but do not consistently improve
TGCO knowledge uptake: Pro-Agent on GPT-40 achieves the highest uptake (0.50) at the lowest
waste (~0.15), while A-ToM on Sonnet sits at 0.75 waste with the same uptake, and both raise
per-episode latency and token cost. TGCO. Across all settings, 44% of audited request units are
redundant and 35% are ineffective or delayed; as task complexity grows, agents communicate more
but less usefully, with Ineffective units dominating Level 3 while Effective and Assisted shrink.
Together, success rate is a weak proxy for coordination quality, and trace-grounded metrics sur-
face the redundancy, validator dependence, and signaling waste that completion numbers obscure.
Classical cooperative solution concepts such as Pareto efficiency and strategy-proof signaling fail
to characterize these joint policies, motivating new stability notions for boundedly-rational agentic
Al

Limitations. The model panel covers three LLLM families and a single benchmark; verifier-guided
retries mix interface robustness with collaborative reasoning, and we do not evaluate human-LLM
teams. Partner adaptation tests, payoff perturbations, and stronger joint-planning baselines remain
future work.
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Table 3: ToM framework comparison across model families.

Model Framework Success Rate ADR Tokens / Episode
GPT-40 Pro-Agent 0.90 0.72 4612.50
GPT-4o AToM 0.93 0.70 2464.50
Claude Sonnet4 Pro-Agent 0.99 0.78 8200.24
Claude Sonnet4 AToM 0.95 0.84 9850.00
Gemma-31B Pro-Agent 0.87 0.59 4211.20
Gemma-31B AToM 0.92 0.73 2102.30

Verifier window count by team

Verif. err.

Figure 2: Verifier errors by directed role pairing. Same-model pairs (e.g., GPT-40—GPT-40) trig-
ger fewer corrections than cross-model pairs (e.g., Claude—GPT-40, Gemma—GPT-40),
where validator interventions reach 20-21 per episode.

TGCO request-action outcomes (% of units)
by task level (radial scale 0-55%)
Outcome vs communication cost (point size « Verif. err.)
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Figure 3: Left: TGCO outcome composition by task level. Right: Success vs. coordination waste
vs. knowledge-directed uptake in cross-model experiments.
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Appendix A. ToM-Oriented Scaffold Implementations

This appendix provides pseudocode and prompt templates for the two ToM-oriented scaffolds. Both
scaffolds wrap an underlying LL.M call with structured belief context derived from the rollout trace;
neither modifies the environment or the verifier.

A.1. Pro-Agent

Algorithm 1 Pro-Agent decision step for agent ¢ at time ¢
Require: Environment state s;, dialogue history H;, valid action schema .4;(s;), partner index j
1: bl < INFERPARTNERSTATE(s, H;) {partner held object, subgoal, blocked actions }

: &;“ < PREDICTPARTNERACTION (b, 5¢)

: g¢ + SELECTANTICIPATORY SUBGOAL(s¢, b;, d;“) {e.g., pre-stage object before request}

377
. (at,m}) + LLM(prompt)

t q

2
3
. toatFl g
4: prompt <— Compose(s;, Hy, b5, a7, g7, A;i(st))
5
6: return (a;,m;

The partner-state inference step extracts a structured tuple (role, held, station, last_request, likely_subgoal),
and the predicted next action is generated as a constrained classification call against A;(s;).

Pro-Agent prompt sketch.

You are agent {role} in a two-cook kitchen. Your partner’s inferred
state is: {partner_state}. Your partner’s most likely next action
is: {predicted.action}. Choose your action to anticipate or complement

this, avoiding duplicate work. Respond as JSON with fields action,
target, message.

A.2. Adaptive Theory of Mind (AToM)

Algorithm 2 AToM decision step for agent ¢ at time ¢

Require: Environment state s¢, dialogue history H, prior belief b;fl, observed partner action azfl,

observed partner message mz_l, verifier feedback vf~!
I: A + COMPUTEFEEDBACKSIGNALS (a’ ™!, m}~", v ™)
bt « UPDATEBELIEF(b. ', A, ;)

prompt <— Compose(s¢, Hy, b5, A;i(st))

(at,mt) + LLM(prompt)

return (af,m!)

{response latency, fulfillment, error}

B

Belief schema. b§» is encoded as a JSON-serialized dictionary with fields subgoal, held_object,
blocked_actions, recent_latency,recent_fulfillment,and communication_style.
The dictionary is included as a structured prefix in the agent’s decision prompt.
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Belief-update prompt sketch.

You are partner-modeling an agent. Given the previous belief, the
partner’s most recent action, message, and any verifier feedback,
return an updated belief as JSON. Update only fields with new evidence;
otherwise carry forward.

Appendix B. Additional Results
B.1. Per-Level Breakdown for ToM Scaffolds

Table 4: Success rate and ADR by task level under each scaffold.

Model Framework Level 1 Level 2 Level 3
Succ ADR Succ ADR Succ ADR
GPT-40 Baseline 1.00 030 097 025 093 0.18
GPT-40 Pro-Agent 0.70 005 050 0.00 030 0.00
GPT-40 AToM 090 055 080 050 070 045
Claude Sonnet 4  Baseline 085 0.12 0.69 008 055 0.05
Claude Sonnet4 Pro-Agent 095 045 080 038 0.65 0.30
Claude Sonnet 4 AToM 085 055 070 050 055 045
Gemma-31B Baseline 070 052 050 047 030 040
Gemma-31B Pro-Agent 095 062 080 057 065 050
Gemma-31B AToM 1.00 078 092 073 085 0.65

B.2. Fixed-Window ADR Robustness Check

Table 5: Comparison of level-normalized ADR (o = 0.15) and fixed-window ADR (w = 20) per
task level (macro-averaged across pairings). The level-3 ADR drop is preserved under
both window choices, indicating that the degradation is not a window artifact.

Level Level-normalized ADR Fixed-window ADR (w = 20)

Level 1 0.71 £ 0.07 0.74 £ 0.07
Level 2 0.66 £ 0.08 0.66 = 0.08
Level 3 0.58 £0.10 0.55 £ 0.11

10
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Appendix C. TGCO Audit
C.1. Setup additional details

Rollout count and scale. We evaluate 3 model families in 9 directed, role-sensitive pairings (3
self-play and 6 cross-model), across 3 task-complexity levels, with 10 rollouts per pairing-level cell
unless otherwise noted. This yields 9 x 3 x 10 = 270 rollouts per agent framework and 810 total
rollouts when aggregating Baseline, Pro-Agent, and AToM. Experiments span 15 dishes in total (5
per level). All models use temperature 0, identical prompt templates, JSON output schemas, and
validator-guided retry policies. Logs include messages, selected actions, verifier feedback, parser
repairs, invalid attempts, token counts, and wall-clock latency.

C.2. Pseudo Code for TGCO

The decision order matters: Redundant is checked before TraceLookup because a prior completion
means the request was unnecessary regardless of whether the partner acts again. The four return
values map directly to the outcome table; Unstructured messages are filtered out before any scoring,
so they don’t penalize ParseRate but are excluded from FollowRate and DelayedRate denominators.

Algorithm 3 TGCO audit for message m; from agent ¢ at time ¢
Require: Message m;, execution trace 7, acceptance window wy, recipe state R, partner index j
1: u < PARSE(m;) {extract request unit (o, a, j): object, action, target}
if w = () then
return UNSTRUCTURED {no identifiable partner-directed request}
end if
Vtarget < TARGETCHECK (u, j) {intended actor j is identifiable in u}
Urel ¢~ RELEVANCECHECK (u, Ry) {(0, a) belongs to active recipe or task state }
if = Vgarger OF = Vel then
return INEFFECTIVE
end if
prior <— REDUNDANCYCHECK(T, u, t) {(o0, a) already completed before ¢}
: if prior then
return REDUNDANT
: end if
: match <— TRACELOOKUP(T, u, t, w;) {j executes (o, a) within [t, ¢t + w;|}
: if ~match then
return INEFFECTIVE {no partner action, object mismatch, or self-executed }
: end if
: eyal < VALIDATORCHECK(T, u, t, w;) {validator correction occurs before match}
. if ey, then
return ASSISTED
. else
return EFFECTIVE
: end if
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