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Rank-Weighted Reward Optimization for Reasoning

in Language Language Models via Reinforcement Learning
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Algorithm 1 SoftRank-Guided Policy Optimization
Require: Policy 7y, old policy 74, reward function R, tempera-

ture 7, clipping range e

1: for each prompt = do

2: Generate K responses {y1, ..., YK } ~ Told

3 Compute rewards {r1,...,rk}

4 Normalize: s; « (r; — p)/o

5: SoftRank weights: w; < exp(si/7)/3_; exp(s;/7)
6: Soft advantage: A; <+ w; - r;

7: for each token (a¢, s¢) in chosen response do

8: pr < mo(ag|st)/moa(at|se)

9: L; < —min (pt -A,clip(pt,l —¢,1+¢) 121)
10: end for

11: end for

12: Aggregate £ and apply KL regularization
13: Update 6 via gradient descent
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