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MOTIVATION & KEY INSIGHT METHOD EXPERIMENTS & RESULTS

A Problem

Long-horizon LLM agents often learn from sparse,
outcome—Dbased reward.

Standard policy-gradient methods assign the same
trajectory-level signal to all steps.

A core issue: gradient magnitude is inherently
coupled with policy entropy.

Consequence: confident correct actions receive
small updates, while uncertain exploratory actions
can produce large, noisy updates.

':@:' Key Insight

Baseline: Uniform Credit Assignment

( 7 7 7 2

State Uncertain Step Confident Step e e

N /~(High Entropy) —~ {f\( Entropy) oy -
2 “ x»( —l o e e —p ‘b - "(
O m— W, )

Step 1 Step 2 Step 1 Step N r X
’ = y T

Uniform Signal: Confident and uncertain steps are treated identically

EMPG (Ours) : Entropy-Modulated Credit Assignment
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Future Clarity Bonus

Amplify Update: Accelerate learning on reliable actions.
Attenuate Update: Stabilize learning from exploration.

Q Experimental Setup

Agent paradigm: ReAct RL Baseline: GRPO & DAPO
Benchmarks: ALFWorld, WebShop, Deep Search
Models: Qwen2.5-1.5B, Qwen2.5-7B, Qwen2.5-32B, LLaMA-3.1-8B

Qﬂ Main Results
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@ Analysis on Training Dynamics
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