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Background: LLM Reasoning

Step-by-Step Reasoning
• LLM derive final answers through explicit step-by-

step reasoning.

Verifiable Reward
• Checking model outputs against ground-truth.
• Rely on ground-truth, whose acquisition is costly.
• Sparse rewards, lacking fine-grained supervision.

Process Reward Models
• Provide granular feedback at individual steps.



Limitations of Existing PRMs

Isolated step modeling
• Each step evaluated independently.

• Ignores sequential dependency

Limited outcome awareness
• Process rewards not aligned with final correctness.

Ambiguous credit assignment
• Imprecise rewards make optimization prone to reward hacking.



Conditional Reward Modeling

Key idea
• Framing reasoning as a temporal process through which an 

LLM progressively approaches the correct final answer.

• Condition each step on previous steps.

• Explicitly link each step to final outcome.



Conditional Reward Modeling

Defining the Wrong State
• Reasoning trajectory can no longer yield the correct answer.

• ݖ is the index of the first wrong step.

• (ݖ)݌ denotes the probability of a wrong state occurring at step .ݖ

• .ݐ denotes the probability that a wrong state has already occurred at or before step  (ݐ)ܹ

• S(ݐ)  denotes the probability of maintaining correct reasoning up to step .ݐ



Conditional Reward Modeling

Conditional Dependency

• ℎ(ݐ) denotes the probability that step ݐ enters a wrong state, given all previous 
steps were correct.

Chain rule of probability
• Establish relationships among the variables.



Conditional Reward Modeling

Obtaining Process Rewards
• Applying Potential-Based Reward Shaping (PBRS) yields a dense, step-wise reward 

mathematically tied to the outcome:

• The final correct outcome probability S(ܶ) (where ܶ is the total number of steps) 
equals the product of exponentiated step-wise rewards.

• Explicitly modeling the relationship between process rewards and outcome.
• Resolving credit assignment ambiguity.



Conditional Reward Modeling

Training Objectives
• Conditional reward model (CRM) is trained to predict ℎ(ݐ).

• Maximize Success: For correct trajectories, we maximizes the probability of reaching 
the correct answer i.e. S(ܶ).

• Minimize Failures: For flawed trajectories, we minimize S ܶ .

• Pinpoint Errors: Maximizes the probability of the wrong state occurring at step ݖ.



Experiments

Best-of-N Sampling
Best-of-N sampling generates N responses for a given question and selects the optimal one using a reward 
model.

Key Finding
• CRM demonstrates stronger trajectory-level selection in Best-of-N sampling.



Experiments

Beam Search
For each question, beam search initiates by sampling N responses. Subsequently, a beam of b candidates 
with the highest rewards is maintained and expanded during the generation process.

Key Finding
• CRM provides effective and consistent step-level guidance for beam search.



Experiments

RL Optimization
The reward model provides step-level dense rewards to guide the policy model toward generating 
improved reasoning trajectories. 

Key Finding
• CRM boosts RL performance without VR (Verifiable Reward).



Take-away

Main takeaway messages
• CRM frames LLM reasoning as a temporal probabilistic process.

• CRM explicitly models the causal dependencies between steps and links process to the 
outcome.

• CRM is robust to reward hacking.

• Experiments across Best-of-N sampling, beam search, and RL demonstrate that CRM 
consistently outperforms strong baselines.

https://foundation-model-research.github.io/CRM/


