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Introduction

1. Offline MARL is promising for learning coordination policies under costly tasks.
Most offline MARL work assume agent quality in behavior policies is balanced, which is not always the case!
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3. New challenge: generalization to high-quality & balanced coordination data
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How to compose scattered individual high-quality behaviors for generalization?
Method
We propose Compositional Diffusion for Imbalanced Datasets (CODI)
Conditions O (a) Agent Quality Labeling via LLLM Distillation e
Decompose Dataset M @ Annotate segments Dataset .* = [0-9:005,005] dlffllf’ion
Conditions O l l l Label ="Agent i is good" Annotate \
Sample Train segments | |7 ! .—-101005-.-08 ! | Z__U
_pb S {(Segment, Label)} ———p Label mode] ————p b
ﬂ Q D (b) Compositional Diffusion D\ “Agent n is good"” Condition
[MARL] "All three agents are good” Xk 20 = (6,0, 1] < 7 Decompose “All agents are good" _“S_zitis_f_y_
" L —_— N I
“Agent 1 is good" "Agent 2 is good”  "Agent 3 is good" . - (:g_er[‘: ;'s g;?d / z=[L1,-,1] i
E E E m\ € Xk—1 Xp
err: sy | ————p
Too difficult asy asy e v _ n / Compose + Denoise
e P | <, |7 >
Compose Dﬂ!—b €1 —/ €+ Y= wi(e; — €)
_____ !
0t+1 t+H-1
v v ]
) End state as initial state ~
—> - ( Offline MARL J 01',' B e e e e e e e e e e e e e —— O¢tt+H-1
Y < Loop until reaching max length
e
o |14 supie v
0 Dataset 0y Add to ~ oa ~ o~ oa
Better! < [00, @0, Ty, ..., O, A7, Tr ]
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Experiments
Performance of offline MARL policies learned from data augmented by different methods -
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Figure 4: A case study on the CN task. (a) Trajectory visualization: a real imbalanced trajectory (top) with only one agent
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CODI generates coordination trajectories with better quality!
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