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Background

[1] Guo, et al. "Incentivizing reasoning capability in llms via reinforcement learning." Nature, 2025

DeepSeek-R1-Zero1 (Nature, 2025) demonstrates that LLMs can directly align with the task objective by 
Reinforcement Learning with Verifiable Reward (RLVR).

LLM

For example, for math problem-solving task:

Q A’ A

reward

one can directly train an LLM with the numeric value (answer) match as the reward.

RL



Background

[2] P. Jiang , et al., “DeepRetrieval: Hacking Real Search Engines and Retrievers with Large Language Models via Reinforcement Learning,” COLM’25

DeepRetrieval (COLM’25)

Please augment the following 
user query to retrieve the 
most relevant documents: 

{User’s Query}

LLM
<think>
Let’s augment this query.
…
</think>

<answer>
Here’s the query:
{Augmented Query}
</answer>

Final Reward
Format Reward:         /
{Retrieval Reward}

update

Input

Output

Reasoning

Retrieval 
(Search)

Retrieval Reward 
Computation

True Context

Retrieved Context

DeepRetrieval, focusing on the information retrieval task,  uses retrieval 
outcome (e.g., recall, NDCG) as the signal to train a search agent with RL.



Background

[3] B. Jin, et al., “Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning,” COLM’25

Search-R1 (COLM’25)3

Search-R1, focusing on the RAG task, uses the exact match (EM) of 
answer tokens as the signal to train a search agent

Search-R1 trains the LLM to interact with retriever 
and reason over the searched context and generate 
an answer.



Problems

Search-R1 is trained with exact match, which is brittle.

Therefore, EM is inappropriate to be seen as a 
“verifiable” reward for open QA task.

Cause: LLM will spend more training resources on 
aligning with answer tokens, making the contribution of 
search to the generation ambiguous.

Correct Generation 
can be achieved by:

• LLM’s own 
knowledge

• Naïve RAG

• Gain Beyond

An effective reward 
that truly reflects the 
improved search 
quality

- How to measure?



Method: s3

<query>
Query: {Search Query}
</query>

Query Generation

Searcher

Generator  LLM

(Yes)

Searched Docs
<information>
Doc 1: …
</information>

<important_info>
{Doc IDs}
</important_info>
<search_complete>
No / Yes
</search_complete>

Plan

(No)

All Important 
Docs !!"

Question

Inference

: trained with RL : frozen : searched docs by s3 / naïve RAG : questionQ A : golden answer

Question

!!"
Q

Gain Beyond RAG =   Acc(          ,         ,        ) - Acc(          ,            ,        ) A A

RL Training with “Gain Beyond RAG” Reward

Update Compute 
Reward

!#$%
Q

!!" !#$%



Method: s3

GenAcc is much more aligned with human 
judgement than exact match

(For the first iteration, we start from 
search with the original query)



Experiments & Takeaways

1. s3 outperforms all previous methods with 70x less training data than Search-R1. 

2. It also shows its robustness to domain transfer (from general to medical), without training on medical data.



Experiments & Takeaways



Experiments & Takeaways
Findings:

• Begin with search by original question is 
important, as it can avoid the trajectory 
deviate from the original query intent.

• Selection process can effectively reduce 
the token consumption, without 
compromising the overall performance.

• EM is a brittle metric to evaluate LLM’s 
generation for open QA. 



Conclusion & Future Directions

We present s3, a framework that 
• Trains a search-only agent using the Gain Beyond RAG reward. 

• By decoupling search from generation and optimizing only the retriever, s3 outperforms strong baselines with 
just 2.4k examples. 

• Our results show that targeted search policy learning yields substantial gains in both efficiency and 
generalization, offering a scalable path for improving RAG systems.

Future Directions:
• s3 shows that we can efficiently train a task-specific auxiliary agent while keeping the main reasoning model 

frozen. This modular paradigm can scale to many other tasks.

• Although search and answering are decoupled, the answering stage remains unoptimized. A natural extension is 
to train a lightweight answering-specific agent that reasons more effectively over the searched context.

Code: https://github.com/pat-jj/s3
Contact: Patrick (Pengcheng) Jiang, pj20@illinois.edu
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