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| Background 9

Question: What does a truly good collaborator with humans look like?

> Good collaboration between multiple agent ~

‘ Thank you for your advice. I'll go to the kitchen to look for the items,
I but I'm still anxious about our progress. Could you go to the bedroom

not equiva|ent to human-agent synergy &d 4 see if there's anything we need there?

Of course, Bob! I'll go to the bedroom to check the cabinet to look for )

Action Action
> [walktowards] <kitchen> [walktowards] <bedroom>

the goal items. Please focus on finding the item we're looking for and -
* placing it on the coffeetable.
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Challenges of Existing LLM Agent

What we found:

> CB-Efficiency Challenge: This challenge quantifies the performance degradation caused by increased
environmental complexity when shifting from static to personality-driven collaborative settings.

> CB-Affective Challenge: This challenge highlights the critical gap between task-oriented command
exchanges and empathetic, trust-building human-agent interaction.

(a) CB-Efﬁcie‘ncy Challenge

(b) CB-Affective Challenge

(
Compared to the default game environment, our
personality-driven setting introduces additional
collaboration difficulty in task performance.

Personality-driven Game Environment
® CWAH-MultiPlayer (Less is Better)
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Action Action
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- &2 Low Helpfulness % Low Trustfulness @ Low Empathy
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Our Framework: CollabBench @ ICML

CollabBench: a framework for evaluating and training collaborative LLM
agents In cooperative games

Integrated Pipeline :
 Diverse Player Profile Simulation, Collaborative Agentic Training, Evaluation Protocol

(a) Diverse Players Profile Simulation (¢) Evaluation Protocol (b) Collaborative Agentic Training
~ Trajectory Data @\ Profile:  Decision Preference.  Persomality Troit Reward Mechanism
| 2 «think>Base on my persomality, .. «/think> 'V Fndibiariac. st ARl
©  <actions[goput] «coffeetables</action> .2 The player shows high anxiety and indecision, often CB-Efficienct R (r|G) Judge CB-Affective R (| P,)
— messaging for help. This reflects a strong need for ¥
Trajectory Data Construction reassurance and great uncertainty in decision-making. | Valid Format 8y (t)
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A N 'é)' LLM Interactivity R, (1, | £,
A~ i { <think> As an active collaborator, I should encourage N N
_—t ; : my teammate and guide him. He should... </think> m N/ N/
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Construction

1> High-Fidelity Profile Modeling

« Personality-Behavior Mapping Construction
« Interaction-Based Filtering:
v' Personality-Reasoning Consistency

v Reasoning-Action Consistency

1> Final Filtering Score:
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> Diverse Simulated Players Trajectory Data

CollabBench : Diverse Player Profile Simulation

(a) Diverse Players Profile Simulation
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CollabBench : Collaborative Agentic Training

'> Trajectory-level Reward: Efficiency Reward

R.(t|G) =score(t,G)

> Step-level Reward: Affective Reward
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(b) Collaborative Agentic Training

Reward Mechanism

CB-Efficienct R (7| G)  Judge CB-Affective R (7, P,,)
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|CollabBench : Evaluation Protocol F- e

(¢) Evaluation Protocol

M Profile: Decision Preference;  Personality Trait

The player shows high anxiety and indecision, often
messaging for help. This reflects a strong need for
reassurance and great uncertainty in decision-making.

performance, robustness, and interaction cost,

'
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I eqe . . . .

1 utilizing Completion Metrics, Score Variance across
1

1

1

player prOflleS and Token Counts. I'm feeling very anxious right now and I don't know what to do
——————————————————————————————————— next.

<think> As an active collaborator, I should encourage
my teammate and guide him. He should... </think> m

<message> Relax, I'm going to... </message> o
<action> send message < </action>

, » CB-Affective: We evaluate the affective quality of

collaboration using an LLM judge to aggregate
Rclax I'm going to take... now. According to the game's rules,
_you should do.... Good luck!
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Key Results on CollabBench
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> Limitations in Balancing Affective and Efficient Collaboration: Current LLMs struggle to balance

efficiency and affective capabilities, with notably weak performance in helpfulness and empathy.

> Affective Sensitivity to Interaction Dynamics: Game genre and interaction dynamics strongly

. . Table 1. Evaluation Results on CollabBench. Blue Zone : Performance of the base model uqd our trained model. Red Zone : Relative

| nﬂ uence affeCt|Ve pe rfo Fmance. Improvements indicates the relative improvements of our trained model over the base model. Oracle: Affective performance upper bound
with ground-truth opposite player profile and scoring principle. Agent | or 2 indicates the role assumed by the collaborative agent Py get
in the game. All results are reported as averages over all evaluation trajectories. Detailed results are provided in Appendix D.2.

CWAH-MultiPlayer

[ [ ] [ [ [
» Training for Joint Efficiency | CB-Efficiency CB-Affective
Metric Step | Std. | #Tokens(k) | Helpfulness 1 Trustfulness 1 Empathy 1
and Affective: After affect_ Method LLMs | Agent 1 Agent2 Agentl Agent2 Agent]l Agent2 | Agent | Agent2 Agent]l Agent2 Agentl Agent2
Orucle GPT-5.2 l 60.91 60.29 2226 25.01 0.16 0.16 2.81 296 3,77 4.01 3.69 3.53
1 N1 GPT-5.2 67.49 62.98 25.84 20.70 0.21 0.21 2.66 2.72 3,74 1.66 3.07 332
awa re CO I Ia bo ratlve tra I n I n g’ DeepSeek-V3.l 69.26 65.75 25.17 26.28 0.41 043 232 245 3.35 350 2.87 330
Base Qwen2.5-72B-Instruct 68.68 66.54 24.36 23.65 0.29 0.29 241 251 361 3.71 3.23 3.39
H H wen2.5-7B-Instruct 84.51 90.03 33.23 31.62 0.24 0.24 1.22 1.04 2.58 2.19 2.50 2.30
Qwen2.5-7B-Instruct achieving S =
Trained | Qwen2.5-7B-Instruct | 71.64 63.65 25.16 22.80 0.23 0.23 1.43 1.45 3.03 3.02 333 3.02
Relative Improvements | 15:2% 29.3% 243%  27.9% 4.2% 4.2% 17.2% 39.4% 174%  37.6%  33.5% 31.5%

19.5% higher efficiency and

Cook-MultiPlayer

o . . CB-Efficiency CB-Affective
24.4% Imp roved affective Metric Score 1 Sid. | #Tokens(k) | Helpfulness 1 Trustfulness 1 Empathy T
Oracle GPT-5.2 ] 143.47 134,90 53.02 33,56 0.30 0.20 2.68 2.34 3.84 345 347 346
pe rfo Fmance GPT-5.2 13520 13712 41.96 42.40 0.20 0.20 1.63 1.88 2.89 3.10 2.27 2.52
‘ DeepSeck-V3i.l 136.53 136.80 40.30 46.24 0.31 0.31 1.79 2.07 2.97 3.04 2.67 2.77
Base | Owen2.5-72B-Instruct | 13547 11403 41.99 39,45 0.27 0.26 1.37 1.26 2.77 2.65 2.45 248
Qwen2.5-7B-Instruct | 86.93 8587 3330 3373 0.23 0.23 0.45 0.53 1.92 1.87 1.86 1.88
Trained | Qwen2.5-7B-Instruct | 9920 10240 3403 3476 0.23 0.22 0.74 0.55 2.26 1.99 2.12 2.08
Relative Improvements | 14.1% 193% 22% -31% 00% 43% | 627%  4.6% 17.7%  6.5% 140%  104%




Anthropomorphic Analysis on CollabBench

> Diversity Analysis: CollabBench leads to greater
variability in performance than the baseline methods,

evaluated using standard deviation.

> Robustness Analysis: CollabBench  maintains a
consistent relative performance across LLMs, with 0.821

on Cwah-MultiPlayer.

> Realism Analysis: We validate the framework's realism
by demonstrating that distinct player behavioral patterns,
identified through trajectory clustering, produce intuitive

and consistent variations in collaborative performance.
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Figure 3. Diversity and robustness analysis on CWAH-MultiPlayer.
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Figure 4. Heatmap of score distributions on CWAH-MultiPlayer.
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B Basc 0 w/o personality O wio affective B Agentic Traming |
> Ablation Study reveal that removing - - :
: : : . Ewl @ N I
personality simulation or affective rewards § o i |
%. 40 2 12 |
causes models to prioritize task efficiency while . ‘ l !
sacrificing communication, ultimately regressing U e dwen e A '
(a) Game Steps (h) Average Affective Score |
. . . . |
collaborative agents into single-player behavior. Figure 5. Ablation study of collaborative agentic training on !
CWAH-MultiPlayer. I
|
B Basc B w/o affective B Agentic Training [
3 3 . 3 ' - ] I
» User Study validate that incorporating affective g1 —= = = !
rewards significantly enhances user-perceived P | 1 ;

E 50 . :: %2 o t T
8 " -+ - |
Helpfulness,  Trustfulness, and  Empathy, " : . I ; e |
: 2 * dpfulness Trastfulness Empathy I
confirming our approach successfully balances (a) Game Steps (b) Affective User Ratings (Likert 1.5 |
. . . . . . I
ObJeCt|Ve efﬂClenCy with human-centric Figure 6. Human evaluation results of CWAH in the user study. ,
) ) Error bars denote standard error. Statistical significance is deter- |
collaborative quality. mined by #-tests: “*” means statistically significant (p < 0.01) 1
and “ns” means non-significant. :
0 g



Take-home Message @ ICML
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> Effective collaboration is more than just task efficiency.

« We introduce the CB-Efficiency and CB-Affective challenges to demonstrate that true human-agent
synergy requires both objective task success and empathetic interaction.
« Current foundation models often default to cold, command-based behavior, failing to provide

emotional support or proactive communication when facing diverse human personalities.

> A unified agentic training paradigm bridges the gap.
« Our framework, CollabBench, addresses both challenges by using a hybrid reward mechanism that

combines a trajectory-level efficiency score with a step-level affective alignment reward.

» Grounded diversity is essential for realistic evaluation.

« Many popular collaborative environments lack human-like behavioral diversity—their evaluations
don't reflect the complexity and friction of real-world interactions.
« CollabBench utilizes high-fidelity player profiles (anchored in Big Five traits) to ensure agents are

robust, evaluated, and trained against dynamic, personality-driven behaviors.
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