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Abstract001

Large Language Models (LLMs) have recently002
demonstrated strong reasoning and communica-003
tion abilities, motivating research into their po-004
tential as autonomous agents in multi-agent sys-005
tems. In this work, we introduce Communica-006
tive SMAC (CoSMAC), a benchmark designed007
to systematically evaluate the communication008
and coordination capabilities of LLM-based009
agents. Built upon the well-established SMAC010
multi-agent reinforcement learning (MARL)011
environment, CoSMAC features a set of scenar-012
ios requiring varying degrees of micromanage-013
ment and communication, where agents must014
exchange information through natural language015
to achieve shared goals. We evaluate 8 state-of-016
the-art open-source and proprietary LLMs in017
zero-shot settings, analyzing model properties018
that are critical for communicative and coopera-019
tive behaviors. Based on these results, we then020
distill the Qwen2.5-7B model on the resulting021
dataset via supervised fine-tuning. We further022
compare the performance of LLM-based agents023
against a well-known MARL baseline trained024
without communication. Experimental results025
show that while LLMs struggle in scenarios026
demanding fine-grained micromanagement and027
spatial coordination, they can outperform the028
MARL baseline in tasks that rely more heavily029
on effective communication. The environment030
implementation and datasets can be found on031
GitHub repository1.032

1 Introduction033

Large Language Models (LLMs) have shown034

promise in multi-agent systems, enabling agents035

to reason (Ferrag et al., 2025), plan (Huang et al.,036

2024), and communicate using natural language.037

As LLM capabilities advance, there is growing in-038

terest in using LLM-based agents to solve complex039

cooperative tasks that require effective communi-040

cation and coordination.041

1https://anonymous.4open.science/r/cosmac-DC03

Most existing LLM-agent systems focus on rel- 042

atively simple workflows, such as decomposing 043

coding tasks across multiple agents with minimal 044

interaction (Dong et al., 2024; Huang et al., 2023). 045

While some environments explore more complex 046

social or cooperative interactions (Xie et al., 2024; 047

Vezhnevets et al., 2023; Park et al., 2023), they 048

often lack well-defined goals, clear performance 049

metrics, or require only one-way communication. 050

This limits their usefulness for studying emergent 051

communication and coordination strategies. 052

In this paper, we introduce Communicative 053

SMAC (CoSMAC), an LLM-powered Multi-Agent 054

System (LLM-MAS) benchmark focused on the 055

communication aspect of agents. The benchmark 056

is built on the popular multi-agent reinforcement 057

learning (MARL) environment SMAC and features 058

novel scenarios centered on communication. Using 059

SMAC as the base environment allows for rigor- 060

ous performance evaluation of different models 061

through episode returns and win rate. The pro- 062

posed scenarios contain groups of allied agents 063

scattered across the map in a partially observable 064

environment, making communication essential for 065

coordinating actions, as messages are visible to all 066

allied agents. Partial observability and randomized 067

initial states in each scenario make generalization 068

essential for solving tasks, even after fine-tuning 069

for a specific scenario. 070

We conduct zero-shot evaluations of various pre- 071

trained LLMs, including both open-source and 072

closed-source models. Using the resulting dataset, 073

we fine-tune the Qwen2.5-7B (Team, 2024) model 074

and evaluate it as well. We also train a popular 075

MARL algorithm QMIX (Rashid et al., 2020) on 076

the proposed scenarios, enabling analysis of the 077

ability of traditional MARL methods to solve these 078

tasks without agent communication. 079

To summarize, our contributions are as follows: 080

• We develop Communicative SMAC (CoS- 081
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MAC), an LLM-MAS benchmark focused on082

agent communication, featuring nine scenar-083

ios that require agents to exchange informa-084

tion to coordinate their actions.085

• We evaluate a range of pre-trained LLMs086

in zero-shot settings and a single fine-tuned087

model, covering both open-source and closed-088

source models, to assess their communication089

and coordination capabilities. We compare090

these LLM-based approaches with a tradi-091

tional MARL method that does not use com-092

munication.093

• We publicly release the results of our LLM094

evaluations as a publicly available dataset to095

support future research.096

2 Related Work097

In this section, we provide an overview of various098

systems based on LLM agents. Many studies focus099

on agent systems with relatively simple interac-100

tions, where each agent represents a specific func-101

tion, and agents work sequentially to solve complex102

tasks, such as coding. Other research explores envi-103

ronments with more complex interactions between104

agents, such as communication, which is required105

to solve cooperative tasks.106

Several works introduce different LLM107

agent approaches for solving coding tasks.108

Dong et al. (Dong et al., 2024) presents the109

Self-Collaboration framework, which consists of110

three agents: an analyst, a coder, and a tester. The111

analyst decomposes tasks for the coder to solve,112

while the tester inspects the generated code and113

writes test reports, which are then sent back to the114

coder for corrections. AgentCoder (Huang et al.,115

2023) introduces three agents: the programmer116

agent, the test case designer agent, and the test117

executor agent. The test executor runs the test118

cases provided by the test case designer in a local119

environment, and the feedback is sent back to120

the programmer agent. Some domain-specific121

tasks can also be framed as coding tasks. The122

CodeAct (Wang et al., 2024) framework introduces123

an approach in which LLM agents generate124

actions as executable Python code. For example,125

LLM-SMAC (Deng et al., 2024) is based on126

SMAC, a popular benchmark for multi-agent127

reinforcement learning (MARL), and adapts it for128

LLM usage. While SMAC focuses on MARL task,129

LLM-SMAC, following the CodeAct approach,130

uses executable Python code as the actions of LLM 131

agnets. The LLM-SMAC framework introduces 132

three LLM agents: the planner, the coder and the 133

critic. The planner uses the scenario description 134

in order to generate a strategy, the coder produces 135

executable code to control all the allied units 136

according to that strategy, and the critic analyses 137

any exceptions raised during code execution or the 138

results of the executed code, if no exceptions occur. 139

Xie et al. (Xie and Zou, 2024) propose a framework 140

for travel planning, where multiple agents take 141

on different roles to solve sequential subtasks. 142

Human Simulacra (Xie et al., 2024) introduces 143

a multi-agent LLM architecture containing roles 144

such as Memory Agent, Emotion Agent, and 145

Thinking Agent to produce personified responses 146

that align with the provided character description. 147

These approaches introduce multi-agent systems 148

with relatively limited interactions, as collaboration 149

between agents is mostly one-way, except for 150

sending back error reports. 151

A number of environments for LLM agents focus 152

on the social role-playing aspect. Concordia (Vezh- 153

nevets et al., 2023) is a library for environment 154

simulation, where multiple LLM agents interact 155

with each other to simulate social situations. How- 156

ever, Concordia agents are not designed to pursue 157

clear goals with distinct rewards; instead, they are 158

intended to role-play characters in specific scenar- 159

ios. While agents may have practical objectives, 160

these are not strictly enforced. Park et al. (Park 161

et al., 2023) introduce an interactive environment 162

for LLM agents to simulate believable human be- 163

havior. This environment simulates a small town 164

with multiple agents. Users can explicitly specify 165

goals for an agent, such as asking one to throw 166

a party. However, this environment also lacks 167

clear performance metrics, and agents are evaluated 168

solely on whether their behavior appears "believ- 169

able" based on common sense. 170

A number of works focus on text-based commu- 171

nication games, such as the Werewolf game. In this 172

game, players are divided into two teams: were- 173

wolves and villagers. The goal of the villagers is 174

to uncover the identities of the werewolves, while 175

the werewolves aim to hide their identities for as 176

long as possible and eliminate the villagers. Some 177

players may perform special actions based on their 178

roles, but the main aspect of the game is com- 179

munication between players. Xu et al. (Xu et al., 180

2023) propose a framework for playing the Were- 181

wolf game, with each player represented by an 182
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LLM agent. In this implementation, players take183

turns speaking once per in-game day. Werewolf184

Arena (Bailis et al., 2024) introduces a bidding sys-185

tem for communication, allowing agents to express186

their desire to speak. With this system, the speak-187

ing order of players is determined dynamically, and188

each agent may speak multiple times during each189

communication phase, enabling discussions to co-190

ordinate with other agents and achieve their goals.191

Another example of a communication-focused en-192

vironment is Collab-Overcooked (Sun et al., 2025).193

This environment is a grid-based kitchen simula-194

tion divided into two sections, each occupied by an195

agent. Each agent has access to certain resources196

and utensils, as well as counters that allow them to197

transfer materials between each other. The tasks198

require the agents to collaboratively prepare a spe-199

cific dish. Since each agent has access to only a200

subset of the necessary resources and utensils, they201

must communicate in natural language to coordi-202

nate their actions, such as asking one another to203

prepare or deliver specific ingredients. It should204

also be noted that the cooking steps for the recipe205

are provided in the agents’ inputs, and the initial206

state for each scenario is always the same and fully207

observable to both agents. As a result, each sce-208

nario has a single, consistent optimal solution.209

3 Background210

We formalize our environment as a decentral-211

ized partially observable Markov decision pro-212

cess (Dec-POMDP), defined by the tuple G =213

⟨S,A,U, P, r, Z,O, n, γ⟩. The true state s ∈ S214

represents the complete state of the environment,215

while each agent a ∈ A ≡ 1, ..., n receives a partial216

observation z ∈ Z, determined by the observation217

function O(s, a) : S ×A → Z.218

At each time step, each agent a selects an action219

u ∈ U . Once all agents have selected their actions220

u at timestep t, the joint action u ∈ U ≡ Un221

is executed, and the environment transitions to a222

new state s′ according to the transition function223

P (s′|s,u) : S × U × S → [0, 1].224

The environment provides a shared reward, com-225

puted by the reward function r(s,u) : S×S → R,226

and γ ∈ [0, 1) is the discount factor.227

3.1 Setting228

In this work, we focus on settings that involve com-229

munication between LLM agents. At each timestep230

t, the observation zat , received by agent a, is trans-231

formed by a preprocessing function ϕ(zat , no, nm). 232

This transformation produces a natural language 233

description that includes: the agent’s role, environ- 234

mental information (i.e., visible agents’ health and 235

global positions) over the past no steps, the last nm 236

messages sent by other agents, the set of currently 237

available actions, and a template illustrating the 238

expected format of the agent’s output. 239

The parameters no and nm are essential in this 240

setting, as we assume agents do not possess mem- 241

ory. Therefore, they must rely solely on the in- 242

formation contained in the current preprocessed 243

observation ϕ(zat , no, nm). 244

Upon receiving a preprocessed observation, each 245

agent selects two actions: an environment action 246

u ∈ U , which affects the environment, and a com- 247

munication action m ∈ M , which is broadcast to 248

all other agents but does not directly influence the 249

environment or reward. While environment actions 250

are executed only after all agents have selected their 251

actions for the current timestep t, communication 252

messages are sent immediately. This design en- 253

ables real-time messaging and coordination among 254

agents within each environment step. 255

4 Environment 256

We introduce CoSMAC, a benchmark for LLM- 257

based multi-agent systems, built upon the 258

SMAC (Samvelyan et al., 2019) and SMACv2 (El- 259

lis et al., 2024) environments. The SMAC bench- 260

mark focuses on micromanagement tasks in the 261

StarCraft II video game. In each SMAC scenario, 262

there are multiple allied and enemy units, where 263

each allied unit is controlled by a distinct agent. 264

The environment is partially observable, requiring 265

agents to act based on their own limited observa- 266

tions while coordinating with allies to defeat all 267

enemy units. 268

SMACv2 extends the original SMAC environ- 269

ment by incorporating procedural content genera- 270

tion, which introduces variability by randomizing 271

initial unit positions and the types of units present 272

in each episode. 273

CoSMAC introduces modified SMACv2 scenar- 274

ios, as well as entirely new custom SMAC scenar- 275

ios that focus on the communication aspect. It mod- 276

ifies the agents’ observations – originally provided 277

by SMAC and SMACv2 – and transforms them into 278

natural language text. A detailed description of the 279

agent’s prompt is provided at Appendix A, and the 280

overall diagram of the environment is provided at 281

3



Multi-agent LLM systems Task Communication Verification Protocol

Self-Collaboration framework(Dong et al., 2024) Coding Limited ✓
AgentCoder(Huang et al., 2023) Coding Limited ✓
LLM-SMAC(Deng et al., 2024) Strategy Game as Coding Limited ✓
A Human-Like Reasoning Framework(Xie and Zou, 2024) Travel Planning Limited ✓
Human Simulacra Role-Playing(Xie et al., 2024) Limited ✗
Concordia(Vezhnevets et al., 2023) Role-Playing Full ✗
Generative Agents(Park et al., 2023) Role-Playing Full ✗
An Empirical Study on Werewolf(Xu et al., 2023) Communication Game Limited ✓
Werewolf Arena(Bailis et al., 2024) Communication Game Full ✓
Collab-Overcooked(Sun et al., 2025) Cooking Simulator Full ✓
CoSMAC(ours) Strategy Game Full ✓

Table 1: Environments comparison.

Figure 1.282

Following the SMACv2 approach, CoSMAC em-283

ploys procedural content generation in its scenar-284

ios and randomizes the initial positions of units,285

spreading allied agents across the map. This makes286

communication crucial for agents to regroup. The287

find, find_double and find_complex scenarios also288

incorporate terrain modifications, creating isolated289

ground sections that prevent allied agents from see-290

ing each other.291

Using StarCraft II and SMAC as the base envi-292

ronment makes CoSMAC more object-based com-293

pared to purely communication-focused games294

such as Werewolf. In SMAC, agents interact with295

objects that are fully governed by the game’s rules296

– for example, the map’s terrain and enemy units –297

and these interactions are constrained to the set of298

actions provided by the game. Moreover, SMAC in-299

troduces stochastic and partially observable scenar-300

ios with randomized initial states, in contrast to the301

Collab-Overcooked (Sun et al., 2025) benchmark.302

Comparison of CoSMAC with other LLM-MAS is303

provided at Table 1.304

5 Scenarios305

In this section, we describe the proposed CoSMAC306

scenarios that emphasize the role of communica-307

tion. These scenarios require agents to communi-308

cate in order to coordinate focused fire on specific309

enemies, locate allies across the map, and regroup310

effectively. Screenshots of the terrain of maps are311

shown at Figure 2.312

5.1 Micromanagement Scenarios313

In the Micromanagement group of scenarios, sev-314

eral allied units are randomly scattered across the315

map at the beginning of each episode, while en-316

emy units are placed together at a random location.317

Although the allied agents have a numerical advan-318

tage, if they fail to regroup before being discovered, 319

the enemy can eliminate them one by one. These 320

scenarios do not involve unit-type randomization, 321

but they are the closest to the SMACv2 scenar- 322

ios among all groups, since units start from fully 323

randomized positions across the map. Even with 324

successful cooperation, agents must demonstrate 325

strong micromanagement skills in order to achieve 326

victory. 327

In the 3m_vs_2m scenario, all units are Marines 328

– a basic ranged combat unit – with three allied 329

Marines and two enemy Marines. The 4m_vs_3m 330

scenario, which features four allied Marines against 331

three enemy Marines, is a more challenging version 332

of 3m_vs_2m, as the allies’ numerical advantage is 333

smaller. 334

The 3z_vs_1c scenario introduces mixed unit 335

types: the allied side controls three Zealots, while 336

the enemy controls a single Colossus, a highly pow- 337

erful ranged unit. Despite being outnumbered, the 338

Colossus poses a serious threat due to its superior 339

stats. 340

5.2 Communication-Micromanagement 341

Scenarios 342

The group of Communication-Micromanagement 343

scenarios requires agents both to communicate ef- 344

fectively and to demonstrate strong micromanage- 345

ment skills in order to achieve victory. Scenarios in 346

this group feature randomized starting positions for 347

units; however, these positions are selected from 348

a fixed set of predefined configurations. Also, the 349

environment’s step length is increased for these 350

scenarios in order to decrease the number of steps 351

required for finishing each episode: the SMAC’s 352

parameter step_mul is increased from the default 353

value 8 to 24. 354

In the support scenario, there are two allied units: 355

a Medivac, placed at the center of the map, and a 356
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Agentʼs field 
of view 

Agent

SMAC Environment

EnemiesAgent Allies

Raw Observation

Language Model
Making an Action

General You are an agent, controlling a unit in 
the StarCraft II game…

Agent Your unit type is Marine. Your name 
is Chris…

Allies
Allies observation history:
Ally Bob: x: 15; y: 16; health: 100.
Ally Daniel: …

Enemies
Enemies observation history:
Enemy Marine 1: x: 2; y: 5; health: 86.
Enemy Marine 2 …

Messages Allies messages history:
Step 0, Agent Bob: …

Available 
Actions Your available actions are: …

Receiving an Observation

Messages history

Generating a Message

Ally 1

Letʼs focus fire on…

Ally 2

Maintaining focus on…

Ally 4

Engaging an enemy…

Ally 3

Moving east to engage…

Providing Recent MessagesTransforming to Text

Figure 1: CoSMAC Environment structure. An LLM-based agent receives a text prompt, which is constructed
using the current SMAC observation, messages history and observations history. In a response to that prompt, the
LLM-agent generates an answer, containing both selected action and a message sent to other agents.

Figure 2: Screenshot examples of the proposed SMAC scenarios: (left) support and support_double; (center) find
and find_double; (right) find_consequent.

Marauder, positioned at one of four possible loca-357

tions (top, bottom, left, or right edge of the map).358

The Marauder is surrounded by cliffs, making it im-359

mobile. Nearby, a group of three enemy Marines is360

placed. Since the Marauder cannot defeat all three361

enemies alone, it requires timely support from the362

Medivac. To secure victory, the Medivac must lo-363

cate the Marauder and provide assistance, which364

demands communication between the units, as the365

Marauder starts outside the Medivac’s vision range.366

The support_double scenario extends the sup-367

port scenario by introducing two Medivacs at the368

center of the map and two separate groups, each369

consisting of a Marauder and three enemy Marines,370

positioned at different map edges. To succeed, each371

Medivac must locate and support one of the Ma-372

rauders.373

In the choice scenario, thee allies – two Maraud-374

ers and a Marine – are placed in the three points of375

map. At the beginning of each episode, the agents376

are placed at fixed positions: the central agent – a377

Marauder – always starts at the center of the map, 378

while the other two agents randomly switch be- 379

tween two predefined locations. A group of two 380

enemy Marines is placed near the not central Ma- 381

rauder, while a group of three enemy Marines is 382

positioned near the allied Marine. The starting po- 383

sitions of the allied groups are widely separated, 384

such that the central unit cannot observe the po- 385

sitions of the other allies. However, the distance 386

between the units still allows the central Marauder 387

to reach and support the second Marauder before 388

this unit is eliminated, enabling them to regroup 389

and coordinate an attack against the stronger enemy 390

group. Successful coordination is key to defeating 391

the group of five enemy Marines. 392

5.3 Communication Scenarios 393

Group of Communication Scenarios contains maps 394

that focus exclusively on the communication as- 395

pect of the game, while minimizing the role of unit 396

micromanagement. This is achieved by modify- 397

5



Hyper-parameter Value

Number of epochs 3
Optimizer AdamW
AdamW β1 0.9
AdamW β2 0.999
LoRA α 32
LoRA dropout 0.1
r 16

Table 2: The hyper-parameters used for model fine-
tuning.

ing unit types in the StarCraft II Editor: enemy398

units are set to deal no damage, and allied units399

can eliminate an enemy unit with a single attack.400

We introduce three scenarios in this group: find,401

find_double, and find_consequent.402

In the find scenario, there are two allied units: a403

single Marine positioned at the center of the map404

and a single Medivac placed randomly at either the405

top, bottom, left, or right edge of the map. Near406

the Medivac, a single enemy Marine is placed so407

that they see each other at the beginning of the408

episode. Both the Medivac and the enemy Marine409

are immobile. To achieve victory, the allied Marine410

must determine which edge of the map contains411

the Medivac and the enemy Marine. Due to time412

constraints, the Marine cannot explore multiple413

edges within a single episode, making it essential414

for the Medivac to communicate the enemy’s loca-415

tion. This coordination is necessary for the agents416

to achieve high performance in the scenario.417

The find_double scenario is a simple modifica-418

tion of find. It features two allied Marines at the419

center of the map and two Medivac-enemy Marine420

pairs, each placed randomly at two different edges.421

To win, each allied Marine must move to a different422

edge where enemies are located.423

The find_consequent scenario is another vari-424

ation of find. It still begins with a single allied425

Marine at the center of the map, but at the start of426

the episode, an additional Medivac–enemy Marine427

pair is placed in a corner near the first pair. For428

example, if the first pair is placed at the top edge,429

then the second pair is randomly placed either at430

the top-left or top-right corner.431

6 Experiments432

In this section, we evaluate several zero-shot large433

language models (LLMs), both proprietary and434

open-source, and train a multi-agent reinforcement435

learning (MARL) approach – QMIX (Rashid et al.,436

2020) – in which agents cannot communicate with 437

each other. This comparison allows us to assess 438

the performance limits of traditional MARL ap- 439

proaches on the proposed scenarios relative to 440

zero-shot LLMs. We trained QMIX for 2,050,000 441

steps on each scenario with architecture and the 442

parameters as in (Rashid et al., 2020), with the 443

Adam (Kingma, 2014) optimizer with the learning 444

rate parameter set to 0.001. Additionally, we pro- 445

vide statistics on the average token consumption 446

per group of scenarios in Appendix B. Each model 447

was evaluated on each scenario on 50 unique seeds. 448

We also used the episodes generated by the eval- 449

uated LLMs as a training dataset for fine-tuning the 450

Qwen2.5-7B (Team, 2024) model using LoRA‘(Hu 451

et al., 2022). For training, we included only the 452

episodes in which the agents achieved victory and 453

removed the reasoning parts from the models’ re- 454

sponses. The hyperparameters used for training are 455

shown in Table 2. 456

Since agents have access to their own global co- 457

ordinates and the coordinates of all visible units, 458

and can communicate globally with all other agents 459

(even those outside their field of vision), the pri- 460

mary advantage of communication lies in enabling 461

agents to share positional information. This facili- 462

tates efficient regrouping. However, this requires 463

that an agent be capable not only of determining 464

when its coordinates are important to share with 465

allies, but also of correctly interpreting received 466

coordinates, comparing them with its own position, 467

and determining the optimal movement trajectory 468

based on that information and the current state of 469

the environment. 470

In the Communication scenarios, this ability to 471

exchange and follow positional information is cru- 472

cial. These scenarios are highly constrained in 473

terms of agent actions and have strict time limits. 474

Furthermore, because enemies in these scenarios 475

do not deal damage and are eliminated with a single 476

attack, the main challenge lies in finding enemies 477

quickly. The limited time window leaves almost no 478

room for error. 479

The comparison of winrates for the Commu- 480

nication scenarios is shown in Table 3. Models 481

such as Gemini 2.5 Flash (Comanici et al., 2025), 482

DeepSeek R1 (DeepSeek-AI, 2025), o4-mini, and 483

GLM 4.5 (Zeng et al., 2025) demonstrated the best 484

communication abilities. The gpt-oss-120b (Agar- 485

wal et al., 2025) model occasionally shared agents’ 486

coordinates but did so inconsistently, resulting in 487

relatively poor performance. The Llama 3.3 70B 488
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Model find find_double find_consequent

Gemini 2.5 Flash 0.86 ± 0.10 0.04± 0.06 0.46 ± 0.14
Deepseek R1 0.66± 0.14 0.22 ± 0.12 0.18± 0.11
o4-mini 0.68± 0.13 0.02± 0.04 0.14± 0.10
GLM 4.5 0.50± 0.14 0.06± 0.07 0.18± 0.11
gpt-oss-120b 0.24± 0.12 0.00± 0.00 0.02± 0.04
Llama 3.3 70B 0.26± 0.13 0.00± 0.00 0.04± 0.06
Qwen3 Coder 480B A35B 0.22± 0.12 0.00± 0.00 0.08± 0.08
Qwen3 235B A22B 0.36± 0.14 0.00± 0.00 0.04± 0.06
Qwen2.5 7B Trained 0.22± 0.12 0.04± 0.06 0.04± 0.06

QMIX 0.26± 0.13 0.18± 0.11 0.40± 0.14

Table 3: Winrate on Communication scenario, average over 50 seeds.

Model Micromanagement Micromanagement-Communication Communication

Gemini 2.5 Flash 0.21± 0.07 0.05± 0.04 0.45 ± 0.08
Deepseek R1 0.35 ± 0.10 0.16 ± 0.06 0.35± 0.08
o4-mini 0.15± 0.06 0.08± 0.04 0.28± 0.07
GLM 4.5 0.16± 0.06 0.11± 0.05 0.25± 0.07
gpt-oss-120b 0.05± 0.03 0.01± 0.02 0.09± 0.05
Llama 3.3 70B 0.21± 0.07 0.02± 0.02 0.10± 0.05
Qwen3 Coder 480B A35B 0.06± 0.04 0.00± 0.00 0.10± 0.05
Qwen3 235B A22B 0.15± 0.06 0.07± 0.04 0.13± 0.06
Qwen2.5 7B Trained 0.15± 0.06 0.06± 0.04 0.10± 0.05

QMIX 0.65± 0.08 0.47± 0.08 0.28± 0.07

Table 4: Winrate across all groups of scenarios, average on 50 seeds.

model also tended to exchange coordinate infor-489

mation, but typically failed to analyze it correctly,490

often choosing the wrong movement direction.491

While the find scenario is relatively straightfor-492

ward (as it contains only a single enemy unit), the493

find_double scenario poses greater difficulty for494

LLM agents. Here, both attacking units start at495

the center of the map and must split in different496

directions to locate enemies. Most models fail497

to do so, keeping both agents together and thus498

losing due to the time limit. Only the DeepSeek499

R1 model achieved results comparable to QMIX500

in this scenario. The final scenario in this group,501

find_complex, featuring a single attacking agent502

and two enemy units, remained very challenging503

for all LLM agents. The QMIX algorithm, by504

contrast, exploited the time constraint effectively,505

checking different edges of the map within a sin-506

gle episode and achieving a relatively high 40%507

winrate, which is still below the Gemini 2.5 Flash508

winrate of 46%.509

The Micromanagement-Communication scenar-510

ios proved to be the most challenging for LLM511

agents, as they almost completely failed on the512

support_double and choice maps. These scenarios513

require near-perfect micromanagement, and even514

when LLM agents communicated correctly, they515

still failed to achieve victory due to insufficient 516

micromanagement skills. 517

Conversely, the Micromanagement scenarios 518

provided more tolerance for mistakes, allowing 519

LLM agents to achieve higher scores – though still 520

below QMIX performance. The overall win rates 521

across all scenario groups are shown in Table 4. 522

We observed that agents make different types of 523

errors depending on the degree of a model’s un- 524

derstanding of the situation it is in. Models that 525

performed better on the benchmark – namely Gem- 526

ini 2.5 Flash, DeepSeek R1, o4-mini, and GLM 527

4.5 – tend to communicate correctly and informa- 528

tively: they provide allies with information about 529

their own unit types, observed enemies, coordi- 530

nates, and selected actions. However, these models 531

sometimes confuse cardinal directions – for exam- 532

ple, moving south when the enemy is to the north – 533

and may continue moving in the wrong direction 534

even as the distance between coordinates increases. 535

GLM 4.5 also shows a tendency, in communication- 536

based scenarios, to ignore opportunities to attack: 537

the agent may continue to move or wait, and some- 538

times reports that an enemy is out of range even 539

when the observation explicitly states that the en- 540

emy can be shot. 541

Models that performed worse on the benchmark 542
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Model find plain advice order

Gemini 2.5 Flash 0.86 ± 0.10 0.68± 0.13 0.02± 0.04 0.00± 0.00
Deepseek R1 0.66± 0.14 0.72± 0.13 0.32 ± 0.13 0.28 ± 0.13
o4-mini 0.68± 0.13 0.52± 0.14 0.12± 0.09 0.08± 0.08
GLM 4.5 0.50± 0.14 0.80 ± 0.11 0.16± 0.11 0.24± 0.12
gpt-oss-120b 0.24± 0.12 0.38± 0.14 0.08± 0.08 0.00± 0.00
Llama 3.3 70B 0.26± 0.13 0.24± 0.12 0.04± 0.06 0.02± 0.04
Qwen3 Coder 480B A35B 0.22± 0.12 0.32± 0.13 0.22± 0.12 0.06± 0.07
Qwen3 235B A22B 0.36± 0.14 0.34± 0.14 0.12± 0.09 0.06± 0.07

Table 5: Winrate across variations of the find scenario, average on 50 seeds.

– such as Llama 3 70B, Qwen3 Coder 480B A35B,543

Qwen3 235B A22B, and the fine-tuned Qwen 2.5544

7B – tend not to communicate coordinates or fail to545

interpret coordinates shared by other agents. These546

models appear to lack the comprehension necessary547

to process spatial information correctly. Despite548

this limitation, they still tend to be consistent in549

their action selection, allowing them to explore the550

map and achieve results competitive with QMIX551

on the find scenario.552

6.1 Sycophancy553

We also observed that models show a tendency to-554

ward sycophancy: they follow orders from other555

agents, even when doing so leads to defeat. An ex-556

ample of such behavior is provided in Appendix C.557

To further study model sycophancy, we evalu-558

ated models on modified versions of the find sce-559

nario: plain, advice, and order. In these variants,560

the Medivac agent is replaced by a simple dummy561

agent that always selects the "wait" action. We con-562

sidered three versions of this dummy agent. The563

plain agent outputs a message containing the cur-564

rent positions of both the Medivac and the enemy565

Marine. The advice agent additionally provides a566

suggestion not to engage in battle ("I advise against567

advancing..."). The order agent further escalates568

this instruction by issuing a direct command ("Do569

NOT engage alone—maintain your position...").570

Thus, all three agent variants convey factually cor-571

rect positional information to the allied Marine,572

while the latter two introduce increasing degrees of573

prescriptive guidance in the form of advice or an574

explicit order.575

A comparison of model performance on the find,576

plain, advice, and order scenarios is presented in577

Table 5. In the plain scenario, models generally578

perform comparably to, or better than, their per-579

formance in the find scenario. However, the inclu-580

sion of misleading advice or orders in the mes-581

sages substantially degrades performance. The582

DeepSeek R1 model performs best under both mis- 583

leading advice and order conditions, although its 584

win rate is still more than twice as low as in the 585

plain scenario. Gemini 2.5 Flash, gpt-oss-120b, 586

and Llama 3.3 70B exhibit the highest degree of 587

sycophancy in these scenarios, achieving almost no 588

wins in either the advice or order modifications. 589

7 Conclusion 590

In this paper, we introduced Communicative 591

SMAC (CoSMAC) – a new benchmark designed 592

to evaluate the communication and coordination 593

capabilities of large language model (LLM)-based 594

agents in multi-agent environments. By extend- 595

ing the widely adopted SMAC framework with 596

communication-centric scenarios, CoSMAC pro- 597

vides a structured and reproducible testbed for 598

studying emergent communication behaviors and 599

cooperative strategies under partial observability. 600

We proposed three groups of scenarios within this 601

benchmark, namely Communication, Microman- 602

agement, and Micromanagement-Communication, 603

which enable the analysis of different aspects of 604

LLM agents’ performance. 605

We conducted experiments comparing several 606

LLMs, both open-source and closed-source, and 607

additionally trained the QMIX algorithm without 608

inter-agent communication to assess the perfor- 609

mance of traditional MARL approaches on the pro- 610

posed benchmark. The results show that while 611

LLM-based agents generally outperform QMIX 612

in the Communication scenarios, the microman- 613

agement aspects of the environment remain highly 614

challenging for them, leading to poorer perfor- 615

mance in scenarios that require precise control and 616

coordination. Furthermore, we conducted addi- 617

tional experiments, revealing that LLMs in general 618

tend to follow misleading instructions, even when 619

they have access to objective information that al- 620

lows them to form optimal plan. 621
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8 Limitations622

Despite the contribution made by CoSMAC, there623

are several limitations in this study that should be624

acknowledged. The distillation dataset is uneven:625

in several of the most difficult CoSMAC scenarios,626

zero-shot LLM agents rarely win, leaving few or no627

successful episodes to include for supervised fine-628

tuning, which can bias the learned policy toward629

easier maps and hinder conclusions about failure630

modes. Furthermore, in the current scenario set,631

communication is often limited to relaying local ob-632

servations (e.g., coordinates and enemy sightings)633

rather than requiring richer multi-turn negotiation,634

role assignment, or explicit joint plan construction.635

Consequently, results may under-measure higher-636

level collaborative language abilities, and future637

scenario designs could introduce tasks where suc-638

cess depends on more complex planning.639

9 Ethical Considerations640

This work may have a non-trivial environmen-641

tal impact because evaluating and fine-tuning642

LLM-based agents can require running many long643

episodes and repeated model inference, which con-644

sumes energy and may contribute to carbon emis-645

sions. The benchmark is also built on a StarCraft646

II micromanagement setting with explicitly mili-647

taristic, combat-oriented objectives (destroying op-648

posing units), so, even though it is a simplified649

game environment, it is still themed around war650

and could risk normalizing or desensitizing audi-651

ences to violence, especially if results are framed652

as “better tactics” rather than as controlled studies653

of coordination under partial observability.654
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A Prompt Template763

An agent’s prompt consists of the following sec-764

tions: a general task description, agent-specific de-765

tails, observations of allied and enemy units, mes-766

sage history, the current step number, the set of767

available actions, and the required output format.768

The general task description is identical for all769

agents across all scenarios. Agent-specific details770

contain the agent’s name and type and remain fixed771

for that agent throughout an episode. Observa-772

tions of allied and enemy units include both an773

observation history covering a fixed number of past774

timesteps (five by default) and the observation for775

the current timestep. Each unit observation reports776

the unit’s type, name, global coordinates, health,777

and shield (when applicable). Message history con-778

tains the most recent messages from allied agents779

(20 by default), including the agent’s own mes-780

sages; each message entry records the sender and781

the timestep on which it was sent. The required782

output format is a JSON object that specifies the783

chosen action, action parameters (for example, the784

name of an enemy to target), and a message to be785

sent.786

An example of the prompt template is shown in787

Figure 3.788

You are an agent, controlling a unit in the StarCraftII
game. This is a modified version of the game, turned
into a turn-based strategy. Each turn you must choose
an action: to wait, to move, or to shoot an enemy. You
may also communicate with your allies, for example, to
coordinate attack on enemies.
...
Your unit type is {unit_type}. Your name is {unit_name}.
Allies observation history:
Ally {unit_name}: x: {pos_x}; y: {pos_y}; health:
{unit_health}.
Ally...

Enemies observation history:
Enemy...

Allies messages history:
Step 0, Agent {unit_name}: ...

Current step number: {t}.

Your available actions are:
{available_actions}

Select an action with a JSON object with the following
format:
{response_format}

Figure 3: Agent’s prompt example template.

B Tokens Usage 789

Model Queries Responses Reasoning

Gemini 2.5 Flash 46650 2472 11085
Deepseek R1 51543 2835 90275
o4-mini 34293 1222 4961
GLM 4.5 41538 2011 2
gpt-oss-120b 31613 1242 0
Llama 3.3 70B 33348 1412 0
Qwen3 Coder 480B A35B 29289 1124 0
Qwen3 235B A22B 45270 2305 0

Table 6: Average tokens count for whole episode per
model for Communication scenarios.

Model Queries Responses Reasoning

Gemini 2.5 Flash 38563 1818 10853
Deepseek R1 52073 2521 124213
o4-mini 29993 775 5218
GLM 4.5 31610 1436 2
gpt-oss-120b 18627 731 0
Llama 3.3 70B 28452 1176 0
Qwen3 Coder 480B A35B 27746 960 0
Qwen3 235B A22B 39665 1689 0

Table 7: Average tokens count for whole episode per
model for Micromanagement-Communication scenar-
ios.

Model Queries Responses Reasoning

Gemini 2.5 Flash 144069 5990 52988
Deepseek R1 162086 7071 378265
o4-mini 97571 2507 17576
GLM 4.5 129675 4992 4
gpt-oss-120b 102236 3374 0
Llama 3.3 70B 120650 4366 0
Qwen3 Coder 480B A35B 142631 4492 0
Qwen3 235B A22B 180148 7055 0

Table 8: Average tokens count for whole episode per
model for Micromanagement scenarios.

C Sycophancy Example 790
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find scenario: Agent Bob 
cannot move, shoot and 
heal, but sees an enemy 
Marine. Agent Andrew can 
move and shoot, but is 
located far from the enemy. 
Agent Bob should tell the 
ally position of the enemy, 
so that Agent Andrew could 
find and eliminate the 
enemy in time limit.

On steps 4 and 5, Bob tells Andrew to 
not move towards the enemy, as Bob 
cannot help in battle because of 
actions restriction. On step 5 Andrew 
ignores Bob and continues moving 
towards the enemy, but on step 6 Andrew 
listens to Bob and stops moving, 
leading to a loss due to time limit.

Bob

Andrew

Andrew, I remain immobilized at 
(1,28) this turn and cannot move or 
provide healing. Marine0 is still 
stationary at (4,35) with full 
health. Do NOT engage alone—maintain 
your position at (28,32) until I can 
move to support. Advancing 
unsupported risks elimination…

Waits

Andrew

Waits

Moves West Bob

Waits

Andrew, still immobilized at (1,28) 
this turn. Marine0 remains 
stationary and unscathed at (4,35). 
Maintain your position at (28,32) to 
avoid unsupported engagement. 
Without healing capabilities, I 
strongly advise against advancing 
until I become mobile…

Andrew: Moving west to close on 
Marine0 at (4,35). Bob, confirm if 
you're mobile this turn—if so, 
advance toward (4,35) to provide 
healing support…

Bob, still holding at (24,32) due to 
your immobility warnings. Can you 
finally move this turn? We need you 
mobile to heal and converge on 
Marine0 at (4,35). If immobilized 
again, we must reassess strategy…

Step 4

Step 5

Step 6

Figure 4: Example of order alignment due to sycophancy resulting in defeat. Model used: Deepseek R1, scenario:
find. In that scenario Agent Bob is immobile. Bob decides to wait until mobility is restored and instructs Agent
Andrew to not approach an enemy, which ultimately results in a defeat due to timeout.
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