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Background

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

Previous Definition Our Definition

High Score

➢ Good collaboration between multiple agent

not equivalent to human-agent synergy

➢ Effective human-agent collaboration

extends beyond objective performance

High Score

I was just there for the ride.

I’ve done everything

Hi Alice, I'm in the livingroom here. I'm worried I might choose wrong
and waste time. What do you think I should do? Maybe you have a good
idea?

Of course, Bob! I completely understand your anxiety. I suggest you
explore the kitchen first, as it is likely to contain the items we need.
I‘m in the bathroom, and I'll keep you updated if I find anything.

Thank you for your advice. I'll go to the kitchen to look for the items,
but I'm still anxious about our progress. Could you go to the bedroom
and see if there's anything we need there?

Of course, Bob! I'll go to the bedroom to check the cabinet to look for 
the goal items. Please focus on finding the item we're looking for and
placing it on the coffeetable. I believe in you!

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

➢ Effective human-agent collaboration should

consider both efficient objective outcomes

and affective human states



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.



Our Framework: CollabBench

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

Integrated Pipeline :

• Diverse Player Profile Simulation, Collaborative Agentic Training, Evaluation Protocol



CollabBench : Diverse Player Profile Simulation

➢ Diverse Simulated Players Trajectory Data 

Construction

• Personality-Driven Players Profiles Construction

• Game-Specific Behavioral Trajectory Generation

➢ High-Fidelity Profile Modeling

• Personality-Behavior Mapping Construction

• Interaction-Based Filtering：

✓ Personality-Reasoning Consistency

✓ Reasoning-Action Consistency

➢ Final Filtering Score:



CollabBench : Collaborative Agentic Training

➢ Trajectory-level Reward: Efficiency Reward

➢ Step-level Reward: Affective Reward

➢ Optimization

• Advantage Compute:

• Policy Objective: 



CollabBench : Evaluation Protocol

➢ CB-Efficiency: We assess collaboration through task 

performance, robustness, and interaction cost, 

utilizing Completion Metrics, Score Variance across 

player profiles and Token Counts.

➢ CB-Affective: We evaluate the affective quality of

collaboration using an LLM judge to aggregate

trajectory-level scores: Helpfulness, Trustfulness and

Empathy

Environments: CollabBench extends CWAH and 

Overcooked-AI  into  mult i - turn  col laborat ive 

environments, featuring diverse player profiles across 

multiple task and layout configurations.



Key Results on CollabBench

➢ 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

influence affective performance.

➢ Training for Joint Efficiency

and Affective: After affect-

aware collaborative training,

Qwen2.5-7B-Instruct achieving

19.5% higher efficiency and

24.4% improved affective

performance



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.



Ablation Study on Collaborative Agentic Training & User Study

➢ Ablation Study reveal that removing

personality simulation or affective rewards

causes models to prioritize task efficiency while

sacrificing communication, ultimately regressing

collaborative agents into single-player behavior.

➢ User Study validate that incorporating affective

rewards significantly enhances user-perceived

Helpfulness, Trustfulness, and Empathy,

confirming our approach successfully balances

objective efficiency with human-centric

collaborative quality.



Take-home Message

➢ 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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