Diversity Is Not All You Need: Training A Robust Cooperative Agent Needs Specialist Partners
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Cross-play minimization (XP-min) generates diverse agents
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Mix-play regularization (MP-reg) reduces overfitness of XP-min agents but agents
might lose specialization
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Core result #1:
Three measures representing a population’s quality

x = f(7) is a characteristic of a trajectory 7 given a characteristic function f
Diversity D(P):=H(X)=— ZP( log P(x ZE P(z|m)] log (Ex|P(x|m)]),
Entropy of the trajectory characteristic of an entire populatlon

Specialization SP):=-Ex [HX|II ==)=—-H(X|II),
H(X |II =) ZP z|m) log P(z|m)

Negative expected entropy of the characterlstlc of each joint policy
Overfitness O(P) =1— R(w;P)

The compliment of expected success rate (R) of the joint policies in the population
when matched with an oracle generalist (OG)

Evaluation environment: Multi-recipe Overcooked Core result #2:

Players Chopped Lettuce (R1)  Chopped Onion (R2) Unspecialized or overfit partners induce less
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Chopped Tomato (R3) Chopped Carrot (R4) POpulationS D(P) S(P) O(P) R(ﬂ-G’, Ptest)
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Counter Plate

x = f(7) is aone-hot vector representing the
completed recipe of a trajectory T
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We show that partners’ specialization, in
addition to diversity, is crucial for training a
robust cooperative agent.

SpecTRL reduces overfitness of XP-min partners

that already have good diversity and
specialization

The partner quality landscape
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Proposed method: Specialization Transfer

XP-min ___ XP-min Specialization ___  Distilled Generalist
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SpecTRL: Specialization transfer with
reinforcement learning

SpecTRL DAgger: Adding DAgger to SpecTRL
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distilling via the reward maximization . . _
objective incentivizes the distilled Useful for stabilizing the distillation process by directly

partners to “nudge” the source partners transferring the knowledge from the source policy
to perform cooperative behaviors

Core result #3: SpecTRL removes overfitness

Populations DP)T SP)t OP)!L R(rg,Prest) T

*S 1.79 —0.01 0.06 0.82 £+ 0.05
*Overfit 1.78 0.00 0.3 0.74 £ 0.02
*Unspec 1.72 —1.64 0.01 0.49 4+ 0.08
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S
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Core result #4: SpecTRL DAgger removes overfitness while

maintaining diversity
when applied to XP-min population

Populations D(P) S(P) 1 OP)l R(ma,Prest) T

1.63+0.03 —0.63+0.12 0.54+0.06 0.61 +0.02
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