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Motivation: Efficient Training for MARL LAGMA generates a goal-reaching trajectory in latent space
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single agent task, such as complex pathfinding with sparse reward (a) VQ-VAE (e) Standard CTED framework }
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Key Concept: Goal-reaching Trajectory /N AN

(b) VQ Codebook generation (c) Goal-reaching trajectory generation (d) Intrinsic reward generation

* Achieving a common goal in cooperative tasks = Goal-reaching
= T satistying the following is considered Goal-reaching denoted as T~

(1) Modified VQ-VAE is developed for quantized embedding space construction
(2) Goal-reaching trajectory is generated via extended codebook

(3) Latent Goal-guided intrinsic reward guarantees a better convergence on (@ Trajectory embedding.  (b) Trajectory in quantized latent space.  (¢) Intrinsic reward generation.
optimal policy

T :={50,@0,70,51,01,71,..-,5T} such that Zfzlet = Rmax

» ForVs € T*, T, = {S¢t, St4+1,...ST | is a goal-reaching trajectory

Embedding via modified VQ-VAE

* For quantized embedding space construction
» VQ-VAE: Lvq(¢,7,e) =
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reconstruction loss VQ loss commitment loss t=40
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Visualization in Latent Space * Performance comparison in SMAC (sparse reward)

—— LAGMA (ours) — QMIX —— RODE LDSA MASER — EMC

8m 253z 2m_vs_1z
100 100

4
0 - 0 ~ 0 0 ——

00 05 1.0 15 20 25 3.0 00 05 1.0 15 20 25 30 00 05 1.0 15 2.0 25 3.0 00 05 1.0 1.5 2.0 2.5 3.0
T (mil) T (mil) T (mil) T (mil)

* Overall Objective:
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* Ablation on key components

coverage loss
» Evaluated with controlled parameters
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