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Ø Large Language Model based agents have achieved great success across 
a wide spectrum of domains, including code generation, web navigation 
and complex reasoning, etc.

Ø Despite the impressive capabilities of LLM-based agents, single-agent 
architectures face limitations in specialization, parallel exploration, and 
robustness
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Ø Recent research has turned to multi-agent systems (MAS), where 
multiple autonomous agents interact through communication, 
coordination, and role specialization

Ø Prior work on multi-agent systems has largely been constrained to static, 
hand-crafted configurations, such as chain structures, tree architectures, 
fully connected topologies, etc. 

Background

3
Chain Tree Complete 

Graph



Ø Applying a single fixed collaboration pattern across all tasks either 
incurs redundant communication overhead for simple problems or 
limits performance on more complicate ones
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Ø In this paper, we propose RADAR, which synthesizes the entire 
collaboration graph via iterative conditional graph diffusion models and 
generates collective intelligence tailored to the specific task
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Ø Recent models generate the communication structure in a single step. 
This often leads to inefficient topologies with redundant links, etc.

Ø To improve efficiency, they often optimize it in a post hoc manner, 
rather than jointly reasoning about structure formation and redundancy 
control during topology construction
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Ø We formulate communication topology design as a step-by-step 
generation process, guided by the effective size of the graph

𝝋𝒊 𝒗𝒌 = 𝑵𝒊 𝒗𝒌 −
∑𝒋,𝒒∈𝑵𝒊(𝒗𝒌)𝑨𝒋𝒒𝑰[𝒓 𝒋 = 𝒓(𝒒)]

|𝑵𝒊(𝒗𝒌)|

Method

7
High Effective Size ---> Low 

Redundancy
Low Effective Size ---> High 

Redundancy



Ø We introduce a forward diffusion process that progressively masks 
nodes together with their connected edges

𝒒𝝋 𝝅 𝑮𝟎, 𝝋 =4
𝒕

𝒒𝝋 (𝝅𝒕|𝑮𝟎, 𝝋, 𝝅(.𝒕))

Ø Ordering network 𝒒𝝋 𝝅 𝑮𝟎, 𝝋 samples a node 𝒗𝝅(𝒕) to be masked at each 
diffusion step 𝒕, yielding the corresponding partially masked graph 𝑮𝒕

𝒒𝝋 𝝅𝒕 𝑮𝟎, 𝝋, 𝝅(.𝒕) =
𝒆𝒙𝒑(𝒉𝒕 +𝝋(𝒗𝒕))
∑𝒋∉𝝅($𝒕) 𝒆𝒙𝒑(𝒉𝒋)

Ø It outputs the probability of node 𝒗𝒕 being selected at step 𝒕
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Ø During the reverse generative phase, a denoising network 
𝒑𝜽(𝑮𝒕|𝑮𝒕2𝟏, 𝑸) progressively reconstructs the graph by inverting the 
forward diffusion process conditioning on the query 𝑸

Ø At step 𝒕, the denoising network takes the partially masked graph 𝑮𝒕2𝟏
as input and maps each node 𝒗𝒊 into a latent space

Ø Based on these embeddings, multilayer perceptions are utilized to 
predict the agent role of the newly recovered node 𝒗𝝅𝒕 and its  
connectivity to the set of previously denoised nodes {𝒗𝝅('𝒕)}

The Reverse Process
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Ø We present an overview of the proposed RADAR framework
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Ø We use a reinforcement learning based training strategy to jointly 
update the diffusion ordering network 𝒒𝝋(𝝅|𝑮𝟎, 𝝋) and the denoising 
network 𝒑𝜽 𝑮𝒕 𝑮𝒕2𝟏, 𝑸 using gradient descent

Ø At each training iteration, for the 𝒊-th training graph 𝑮𝟎
(𝒊), we generate 

𝑴 diffusion trajectories by sampling node-masking orderings 𝝅𝒊,𝒎 from 
the ordering network

Ø Each trajectory consists of a sequence of partially masked graphs 
𝑮𝒕
𝒊,𝒎

𝟏5𝒕5𝑵, where 𝑵 denotes the number of nodes

Ø Conditioned on these sampled trajectories, the denoising network is 
trained to minimize the negative variational lower bound using 
stochastic gradient descent
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Ø Datasets: we conduct experiments using three categories of publicly 
available datasets

Ø Three key category baselines:
Ø Single Agent Methods, Multi-Agent Systems, Autonomous Multi-

Agent Systems 
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Ø Performance comparison across three categories of baselines
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Ø Our proposed RADAR demonstrates a favorable trade-off, maintaining 
strong performance while exhibiting high token efficiency
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Ø We inject system prompt attacks into two of the five agents in the 
collaboration framework

Ø RADAR exhibits exceptional resilience to adversarial perturbations, 
maintaining nearly identical performance before and after the attack
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Ø We propose an iterative framework for multiagent collaboration 
topology design, which provides high accuracy, low token consumption, 
and strong robustness across diverse scenarios

Ø We employ a graph diffusion model that leverages graph effectiveness 
signals to iteratively construct collaboration topologies, explicitly 
modeling redundancy as part of the topology generation process

Ø We conduct extensive experiments on six benchmarks spanning general 
reasoning, code generation and mathematical problem solving, which 
collectively demonstrate the effectiveness of our method
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