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Recap - Team 8 (ReAuSE AAAI 2025)

ReAuSE: Retrieval-Augmented Visual Question Answering via Built-in Autoregressive Search Engines

- MLLM autoregressively generates KB-valid document substring identifiers for retrieval - 
- uses the retrieved documents to generate the final answer.
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Motivation

To Integrate advanced reasoning abilities with the capability to interact 
effectively with search engines

LLM needs

① Complex Reasoning

LLMs struggle with multi-step reasoning that 
requires chaining facts and verifying 
intermediate conclusions.

② Retrieving Up-to-date Information
from external sources

LLMs cannot access real-time knowledge 
beyond their training cutoff, leading to 
outdated or hallucinated answers.
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Motivation

Existing Approaches for Integrating LLMs with Search Engines

01  Retrieval-Augmented Generation (RAG)

Retrieves passages using the user input as a query 
and injects them into the model context for 
generation.

Some work extends this to multi-turn and multi-
query retrieval.

However, the LLM is not trained to interact with 
the search engine itself in an optimized way.

02  Search Engine as a Tool

The LLM is prompted or trained to call search 
engine as a tool

Prompting-based methods often generalize poorly 
to tasks absent from pretraining.

Training-based methods are hard to scale because 
search decisions cannot be optimized end-to-end, 
requiring large, high-quality annotated trajectories.

Existing methods do not explicitly optimize how the model interacts with search, motivating an RL formulation 
that learns directly from outcome rewards.

4
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Motivation

5

Why Reinforcement Learning?

RL emerged as a potent 
paradigm for enhancing the 
reasoning capabilites of LLMs 

Representative examples

• OpenAI o1
• DeepSeek-R1

These systems demonstrate that 
PPO/GRPO-style optimization can 
substantially improve reasoning 
performance.

No annotated trajectories needed
The model can learn from outcome rewards alone rather than expensive step-by-
step supervision.

Works with non-differentiable search
The search engine is treated as part of the environment, so search decisions do not 
need to be optimized through end-to-end gradients. 

Therefore, RL is a compelling choice for search-and-reasoning scenarios.

5
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Motivation

Three key challenges for applying RL to search-and-reasoning scenarios

01

RL framework and stability

02
Multi-turn interleaved 
reasoning and search

03

Reward design

SEARCH-R1 
novel RL framework that enables LLMs to interact with search engines 

in an interleaved manner with their own reasoning
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Search-R1

Key Idea of Search-R1

“Train LLMs to autonomously decide when and how to search
within reasoning using only outcome-based RL rewards”
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Search-R1

• Search Engine = Environment

• The Framework uses PPO & GRPO as RL method

• Loss Masking for Retrieved Tokens

• Model uses only simple final outcome rewards
• Reward:  r(x,y) = EM( a_pred, a_gold ) 
• correct = 1,  wrong = 0 

RL Training with Search Engine

Figure 1 (from paper): PPO and GRPO training with search engine
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Search-R1

Multi-turn Search Engine Calling with Training Template

Search Engine

LLM

Question

+

<think> reasoning </think>
 -> conduct reasoning first everytime model get new information

<search> search query </search>
  -> external retrieval needed, call search engine with query

<information> top search result </infomation>
-> Top search results from search engine

<answer> model answer </answer>
-> no further external knowledge needed, directly provide answer 

<Training Template>

• Defines a structured output format for Search-R1
• Enables multi-turn search-and-reasoning, where the model can reason, search, read new evidence, and reason again

* This template only defines the structure of the interaction. It does not tell the model exactly when to search, what query to use, or how many times 
to search -> Those behaviors are learned through reinforcement learning

search querysearch result
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Search-R1

Multi-turn Search Engine Calling with Training Template

Question
User query / training prompt

<think>
Reason with current context

Need
more 
info?

<answer>
Return final answer

<search>
Generate search query

<information>
Insert retrieved results

No

Yes

New evidence → think again

Search Engine

Search query

Retrieved results

-10-



Search-R1

Multi-turn Search Engine Calling with Training Template

• Successful sample
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Experimental setup

• Model
• Qwen-2.5-3B (Base/Instruct), Qwen-2.5-7B (Base/Instruct)

• Training dataset 
• NQ, HotpotQA

• Knowledge source & Search Engine
• 2018 Wikipedia dump & E5

• Benchmark & Evaluation metric 
• Gerenal QA : NQ, TriviaQA, 
• Multi-Hop QA : HotpotQA, 2WikiMultiHopQA, Musique, Bamboogie
• Exact Match (EM)

• Default RL algorithm : PPO
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Experimental result

outperforms all baselines
     +24% avg (7B) · +20% avg (3B)
      vs RAG, SFT, Rejection Sampling, …

(1)

Search-R1 
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Experimental result

outperforms all baselines
     +24% avg (7B) · +20% avg (3B)
      vs RAG, SFT, Rejection Sampling, …

surpasses RL w/o search (R1)
   External knowledge access via search
   improves over parametric knowledge
   alone

effective for both Base & Instruct
    RL bridges the gap; base models reach
   comparable final performance without
   instruction tuning

Larger models benefit more
7B gap vs baselines >> 3B gap → search 
interaction scales with model capacity

(1)

(2)

(3)

(4)

Search-R1 
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Experimental result

• Early Stage -> Response length decreases
• Base model learns to eliminate excessive filler words
• Begins adapting to the task requirements

• Later stage -> Both response length & reward increases together
• Model leans to call the search engine frequently & utilizes retrieved info effectively
• As retrieved passages are inserted into the context, the response becomes longer

Model : Qwen2.5-7b-base

the model learns when and how to search through simple outcome reward RL training alone

Response Length and Valid Search Study
Early stage Later stage
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Experimental result

Interesting Finding : Emergent Self-Verification
Self-verification emerges naturally: model searches again even after finding the answer

Find answer!

Search again for self-verification

Power of RL : Outcome-based RL does not imitate fixed trajectories; it lets the model discover useful strategies on its own.

Search 
Engine

Search 
Engine

Search 
Engine
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Conclusion & Our work

Search-R1: a novel RL framework that enables LLMs to interleave self-reasoning with real-time search engine interactions

• Overcomes limitations of existing methods
• Unlike RAG (no optimization) and SFT (needs large labeled data + non-differentiable search), Search-R1 optimizes 

LLM rollouts through RL — allowing autonomous query generation and strategic use of retrieved information.

• Significantly enhances complex reasoning
• Demonstrated across 7 datasets — Search-R1 significantly enhances LLMs' ability to tackle complex reasoning 

tasks requiring real-time external knowledge. Also, provides key insights into RL training strategies for search-
augmented reasoning.

Our team's challenge: Open-world Video Corpus Retrieval
• Beyond text, we want to retrieve the right video from a large corpus and ground the answer in time 

       (not just zoom into the right moment, but first find the right video)
• We will take the insight of Search-R1 — that RL with outcome-based rewards can teach a model when
      and how to search — and extend it to multi-modal, multi-hop retrieval setting.
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Thank you! ☺



https://forms.gle/T4kNMVWdisxZynwp8

Quiz



Supplementary for experimental result (Base vs instruct LLMs) 

Base vs Instruct LLMs

• Instruct model converges faster

• However, final training reward of both remains similar after training 

RL bridges the gap; base models reach comparable final performance without instruction tuning
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