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Introduction & 
Background
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Multi-Agent Collaboration

1.

2.

➢ Multiple agents for task division
○ E.g., in code generation task, the agents can include: Problem Analyser, Algorithm 

Developer, Architecture Designer, Programmer, Tester, etc.

➢ Agent communication to bolster collaboration
○ E.g, to resolve mathematical problems, one agent can provide its own solution based on 

analysing and summarizing the answers from other agents.

➢ Multi-stage process of agent collaboration

○ Decompose a task into multiple steps, where the agents on each step target to resolve the 

problem based on results in previous steps.
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Key Questions

1.

2.

➢ Agent creation and optimization
○ What types of agents should be integrated into the collaboration process, and 

how can we create and/or optimize them?

➢ Communication structure determination
○ How do the agents communicate with each other during the collaboration? 

Which agents should be involved at each step of the process?
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Target &
Method
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Our Target

1.

2.

➢ Propose a general framework to optimize a multi-agent 

collaboration process
○ Our method can be generally applied to resolving complex tasks, within a multi-stage 

collaboration framework consisting of multiple LLM agents.

➢ Optimize both the communication (structure) and 

agents (functionality)
○ Given the task, optimize the functionality of the agents, as well as the agent 

collaboration and communication structure.
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Five Key Dimensions for Optimization

1.

2.

➢ Functional Optimization - optimize the agents

○ Fun-1: Optimize existing candidate agents. E.g., optimize the instruction 

prompts and/or few-shot examples of these agents.

○ Fun-2: Generate and optimize a new agent to participate in the collaboration 

process.
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Five Key Dimensions for Optimization

1.

2.

➢ Structural Optimization - optimize 3 types of controllers to 

control communication
○ Str-1: Choose the candidate agents from all existing agents before collaboration with 

an optimizable LLM.

○ Str-2: Select agents for participation and collaboration during certain step with an 

optimizable LLM.

○ Str-3: Use and optimize an LLM to decide how agents communicate with each other.
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Optimization Algorithm for a Single Dimension

2.

   Semantic Initializer

❏ Initialize a candidate set of 
agents/controllers with the 
same role. E.g., create k 
“Programmer” to write 
python code with different 
instruction prompts.

   Contrastive Comparator

❏ Generate a new agent or 
controller by contrasting and 
reasoning the underlying 
factors for the given 
positive-negative pair.

- any of the five dimensions for optimization
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Example 

1.

2.

- Agent Optimization (Fun-1)
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Iterative Optimization for Multiple Dimensions

2.

   Iterative Optimization

❏ Considering both structural and 
functional perspectives, we iteratively 
optimize several points by refining each 
one while keeping the others fixed.

   Efficient Contrastive Ability

❏ Iterative optimization is to ensure the 
effectiveness of contrastive reasoning. 
That’s to say, constrain the variables of a 
positive-negative pair within a narrow 
range to ensure all other factors remain 
consistent.
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Applications & 
Experiments
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❏ Dataset/Benchmark
❏ HumanEval: 160 human-labeled function-level completion codes and unit tests.

❏ Evaluation Metric
❏ Pass@1: pass rate of the generated code for each problem.

❏ Base LLM

❏ gpt-3.5-turbo-1106

Code Generation

1.

2.
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Experimental Results

1.

2.

➢ Optimize Single Functional Dimension
❏ For fun-1, there are seven existing agents to optimize, which are ['PythonAssistant', 

'AlgorithmDeveloper', 'ComputerScientist', 'Programmer', 'Passer', 'Tester', 'Reflector']. For fun-2, we 
generate a new agent added for collaboration and optimization.
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Experimental Results

1.

2.

➢ Optimize Single Structural Dimension

❏ For str-1, we optimize a controller to select candidate agents before collaboration. For str-2, we 
optimize a controller to rank and re-select agents during the collaboration. For str-3, we optimize 
a controller to globally decide whether the output of one agent should be incorporated as input 
context for another agent.
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2.

➢ Optimize Multiple Dimensions

❏ Left: Optimize two best-performing dimensions (Fun-1.4 and Fun-1.3) one by one, repeating three 
iterations.

❏ Right: Optimize two sub-optimal dimensions (Fun-1.4 and Str-3) one by one, repeating three iterations.
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❏ Dataset/Benchmark
❏ MATH: 7 subareas with 280 math questions and evaluation scripts.

❏ Evaluation Metric
❏ Accuracy: ratio of the correct generated answers.

❏ Base LLM

❏ gpt-3.5-turbo-1106

Arithmetic Reasoning

1.

2.
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Experimental Results

1.

2.

➢ Optimize Single Dimension
❏ For fun-1, we can optimize the “System Prompt” or “Examples” of the agents. For fun-2, we generate and optimize a 

new agent into collaboration. For str-1, we optimize a controller to select candidate agents before collaboration. For 
str-2, we optimize a controller to rank and re-select agents during each turn of collaboration. For str-3, we optimize a 
controller to decide whether the output of one agent should be incorporated as input context for another agent.
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1.

2.

➢ Optimize Multiple dimensions

Experimental Results
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❏ Left: Optimize two best-performing dimensions (Fun-1.1 and Fun-1.2) one by one, repeating three 
iterations.

❏ Right: Optimize two sub-optimal dimensions (Fun-1.1 and Str-3) one by one, repeating three iterations.



❏ Dataset/Benchmark
❏ MMLU: multiple-choice questions across humanities, social sciences, hard sciences, and 

other fields.

❏ Evaluation Metric
❏ Accuracy: ratio of the correct answers.

❏ Base LLM

❏ gpt-3.5-turbo-1106

General Reasoning

1.

2.
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Experimental Results

1.

2.

➢ Optimize Single Dimension
❏ For fun-1, there are seven existing agents to optimize, which are [“Economist”, “Doctor”, “Lawyer”, “Mathematician”, 

“Psychologist”, “Programmer”, “Historian”]. For fun-2, we generate and add one agent for collaboration and 
optimization.For str-1, we optimize a controller to select candidate agents before collaboration. For str-2, we optimize 
a controller to rank and re-select agents during each turn of collaboration. For str-3, we optimize a controller to 
decide whether the output of one agent should be incorporated as input context for another agent.
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1.

2.

➢ Optimize Multiple Points

Experimental Results
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❏ Left: Optimize the two best-performing dimensions (Fun-1.4 and Fun-1.2) one by one, repeating three 
iterations.

❏ Right: Optimize the two sub-optimal dimensions (Fun-14 and Str-3) one by one, repeating three iterations.



1.

2.

➢ OMAC-C

Ablation Study
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❏ Exclude the Contrastive Comparator and only keep Semantic Initializer.
❏ First initialize a set of agents/controllers. Then evaluate each on the training data and select the 

one with the best performance for inference.

➢ Both modules are effective



Future Work & 
Conclusion
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Conclusion

1.

2.

➢ A general framework for multi-agent collaboration optimization
❏ Our framework is highly adaptable, enabling the automatic optimization of solutions for 

various tasks.

➢ Structural and functional optimization

❏ We summarize and implement five key dimensions for both structural and functional optimization.

➢ Single-dimensional and multi-dimensional optimization

❏ We design optimization algorithms for a single dimension as well as for iteratively optimizing 
multiple dimensions.
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Limitation and Future Work

1.

➢ Computation cost and robustness
❏ OMAC relies heavily on the knowledge and reasoning capabilities of LLMs. This may 

introduce high variance due to the inherent diversity and uncertainty of LLM-generated 
outputs, especially within a multi-agent system.

❏ Contrastive reasoning needs evaluating agents or controllers across the entire training 
dataset.  This ensures robust and representative performance evaluations, but 
significantly increases computational costs.

➢ More components and new optimizer

❏ Extend OMAC to optimize other components of MAS, such like memory control and 
safety check.

❏ Apart from utilizing LLMs to optimize, integrate other methods such as prompt-tuning for 
more controllable and fine-grained optimization.
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Thank you!
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1.

2.

➢ Optimize Multiple Points

Validation of iterative optimization
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❏ Left: Optimize Fun-1.1 and Fun-1.2 iteratively.
❏ Right: Optimize Fun-1.1 and Fun-1.2 jointly.



1.

2.

➢ Size of initial collection

Hyperparameter Sensitivity
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1.

2.

➢ Maximum number of contrasting iterations

Hyperparameter Sensitivity
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1.

2.

Prompt Templates - Semantic Initializer General Reasoning
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1.

2.

Prompt Templates - Semantic Initializer General Reasoning
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1.

2.

Prompt Templates - Semantic Initializer General Reasoning
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1.

2.

Prompt Templates - Semantic Initializer General Reasoning
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1.

2.

Prompt Templates - Semantic Initializer General Reasoning
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1.

2.

Prompt Templates - Contrastive Comparator (General Reasoning)
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1.

2.

Prompt Templates - Contrastive Comparator (General Reasoning)
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1.

2.

Prompt Templates - Contrastive Comparator (General Reasoning)
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1.

2.

Prompt Templates - Contrastive Comparator (General Reasoning)
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1.

2.

Prompt Templates - Contrastive Comparator (General Reasoning)
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1.

2.

Examples before and after optimization (General Reasoning)
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1.

2.

Examples before and after optimization (General Reasoning)
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1.

2.

Examples before and after optimization (General Reasoning)
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1.

2.

Examples before and after optimization (General Reasoning)
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1.

2.

Examples before and after optimization (General Reasoning)
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