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Recap - Team 8 (ReAuSE AAAI 2025)

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

Knowledge-Based Visual Question Answering P
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- MLLM autoregressively generates KB-valid document substring identifiers for retrieval -
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Serving as a built-in Autoregressive Search Engine
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- uses the retrieved documents to generate the final answer.

Takeaways and open questions

What's new Why it matters

. First unified MLLM for KBVQA retrieval + generation .

collapse
. Document-substring identifiers + FM-Index decoding P

Holds up at 21M-doc scale where prior retrievers

. Same MLLM does both jobs — much less plumbing

. Reward-based DPO closes the retriever-generator loop

B Trains in hours on 4 GPUs, not weeks on a cluster
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Motivation

@ Complex Reasoning

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

@ Retrieving Up-to-date Information
from external sources

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outdated or hallucinated answers.

:> To Integrate advanced reasoning abilities with the capability to interact

LLM needs effectively with search engines



Motivation

Existing Approaches for Integrating LLMs with Search Engines
. |

01 Retrieval-Augmented Generation (RAG) 02 Search Engine as a Tool

0 Retrieves passages using the user input as a query

.. . ® ThellMis prompted or trained to call search
and injects them into the model context for

engine as a tool

generation.
® some work extends this to multi-turn and multi- O Prompting-based methods often generalize poorly
qguery retrieval. to tasks absent from pretraining.

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

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

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



Motivation

Why Reinforcement Learning?

RL emerged as a potent Works with non-differentiable search

paradigm for enhancing the The search engine is treated as part of the environment, so search decisions do not
reasoning capabilites of LLMs need to be optimized through end-to-end gradients.

No annotated trajectories needed
Representative examples

The model can learn from outcome rewards alone rather than expensive step-by-
e OpenAl ol

step supervision.
e DeepSeek-R1

These systems demonstrate that

PPO/GRPO-style optimization can Therefore, RL is a compelling choice for search-and-reasoning scenarios.
substantially improve reasoning

performance.



Motivation

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

01
RL framework and stability

02 Multi-turn interleaved > SEARCH-R]‘

novel RL framework that enables LLMs to interact with search engines

reasoning and search in an interleaved manner with their own reasoning

03
Reward design



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”



Search-R1

RL Training with Search Engine

Rollout Module

Search
Engine
q
| LLM I

Search Engine = Environment

Policy .
]
PO W Searoh Engine e e The Framework uses PPO & GRPO as RL method
GRPO w. Search Engine
Search
Rollout Module 0q . .
* Loss Masking for Retrieved Tokens

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

1
o)
1



Search-R1

Multi-turn Search Engine Calling with Training Template

<Training Template>

<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 search result search query

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

+

Question

* Defines a structured output format for Search-R1
e 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-R1

Multi-turn Search Engine Calling with Training Template

Question

User query / training prompt

New evidence - think again <search>
Generate search query

Search query

Search Engine

Retrieved results

( <information>

Insert retrieved results
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Search-R1

Multi-turn Search Engine Calling with Training Template

* Successful sample

Question: Where are Teide National Park and Garajonay National Park located?
Ground Truth: Canary Islands, Spain
SEARCH-R1:
<think> I need to find out where Teide National Park and Garajonay National Park are located. I'll
search for it. </think>
<search> Teide National Park and Garajonay National Park location </search>
<information> Doc 1(Title: “Garajonay National Park”) decided to take their own lives. Garajonay
National Park Garajonay National Park (, ) is located in the center and north of the island of
La Gomera, one of the Canary Islands (Spain). It was declared a national park in 1981 and a
World Heritage Site by UNESCO in 1986. It occupies 40 km (15 sq mi) and it extends into each
of the six municipalities on the island. Nearly 450,000 tourists visit the park every year. There is
accommodation for tourists just outside the park’s boundary. The park is named after the rock
formation of Garajonay, the highest point ... </information>

~ <think>T found out that Garajonay National Park is located in the center and north of the island of -
La Gomera, one of the Canary Islands (Spain). Now I need to find the location of Teide National
Park. </think>
<search> Teide National Park location </search>
<information> Doc 1(Title: “Teide National Park”) Teide National Park Teide National Park (, )
is a national park located in Tenerife (Canary Islands, Spain). The national park is centered on
Mount Teide, the highest mountain of Spain (3,718 meters high) in addition, the highest volcano in
the Atlantic Ocean islands and the third highest volcano in the world from its base in the ocean
floor (7.500 meters high). Its national park status was passed on 22 January 1954, making it the
third oldest national park in Spain. Pico Viejo, also included within the national park limits, is the
second highest volcano in the Canary Islands with ... </information>

~ <think>Tfound out that Teide National Park is located in Tenerife (Canary Islands, Spain). Now I -
have the locations of both Teide National Park and Garajonay National Park. </think>
<answer> Canary Islands, Spain </answer>
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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
e 2018 Wikipedia dump & E5

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

Default RL algorithm : PPO

-12-



Experimental result

Methods General QA Multi-Hop QA
NQ' TriviaQA* PopQA* HotpotQA™ 2wiki* Musique’ Bamboogle* Avg.
Qwen2.5-7b-Base/Instruct
Direct Inference 0.134 0.408 0.140 0.183 0.250 0.031 0120 OIS
CoT 0.048 0.185 0.054 0.092 0.111 0.022 0.232 0.106
IRCoT 0.224 0478 0.301 0.133 0.149 0.072 0.224 0.239
Search-ol 0.151 0.443 0.131 0.187 0.176 0.058 0.296 0.206
RAG 0.349 0.585 0.392 0.299 0.235 0.058 0.208 0.304
SFT 0.318 0.354 0.121 0.217 0.259 0.066 0.112 0.207
Rl-base 0.297 0.539 0.202 0.242 0.273 0.083 0.296 0.276
R1-instruct 0.270 0.537 0.199 0.237 0.292 0.072 0.293 0.271
Rejection Sampling  0.360 0.592 0.380 0.331 0.296 0.123 0.355 0.348
‘Gearch-R1-base 0480  0.638 0457 0433 0382 019 0432 ‘ 0.431 \
Search-R1-instruct  0.393 0.610 0.397 0.370 0.414 0.146 0.368 0.385
Qwen2.5-3b-Base/Instruct
Direct Inference 0.106 0.288 0.108 0.149 0.244 0.020 0024 o
CoT 0.023 0.032 0.005 0.021 0.021 0.002 0.000 0.015
IRCoT 0.111 0.312 0.200 0.164 0171 0.067 0.240 0.181
Search-ol 0.238 0472 0.262 0.221 0.218 0.054 0.320 0.255
RAG 0.348 0.544 0.387 0.255 0.226 0.047 0.080 0.270
SFT 0.249 0.292 0.104 0.186 0.248 0.044 0.112 0.176
Rl-base 0.226 0.455 0.173 0.201 0.268 0.055 0.224 0.229
R1-instruct 0.210 0.449 0.171 0.208 0.275 0.060 0.192 0.224
Rejection Sampling  0.294 0.488 0.332 0.240 0.233 0.059 0.210 0.265
“Search-Rl-base 0406 0587 0435 0284 0273 0049 0088 |'H'M'|_. T
Search-Rl-instruct  0.341 0.545 0.378 0.324 0.319 0.103 0.264 0.325 1

(1)

Search-R1

outperforms all baselines
+24% avg (7B) - +20% avg (3B)

vs RAG, SFT, Rejection Sampling, ...




Experimental result

Search-R1

Methods General QA Multi-Hop QA

NQ' TriviaQA* PopQA* HotpotQA™ 2wiki* Musique’ Bamboogle® Avg. out pe rforms all baselines
Qwen2.5-7b-Base/Instruct (1) +24% avg (7B) - +20% avg (3B)
Direct Inference 0134 0.408 0.140 0183 0250  0.031 0120 0181 vs RAG, SFT, Rejection Sampling, ...
CoT 0.048 0.185 0.054 0.092 0.111 0.022 0.232 0.106
IRCoT 0.224 0.478 0.301 0.133 0.149 0.072 0.224 0.239
Search-ol 0.151 0.443 0.131 0.187 0.176 0.058 0.296 0.206 RL / h ( R 1)
RAG 0.349 0.585 0.392 0.299 0.235 0.058 0.208 0.304 su rpasses W/0 Searc
SFT 0318 0354 0121 0217 0259 0.066 0112 0207 2) External knowledge access via search
Rl-instruct 0.270 0.537 0.199 0.237 0.292 0.072 0.293 I
Rejection Sampling  0.360 0.592 0.380 0.331 0.296 0.123 0.355 alone
Search-R1-base 0.480 0.638 0.457 0.433 0.382 0.196 0.432
Search-R1-instruct  0.393 0.610 0.397 0.370 0.414 0.146 0.368

Qwen2.5-3b-Base/Instruct

DirectInference ~ 0.106 0288 0108 0149 0244 0020 0024 0134
CoT 002 0032 0005 0021 0021  0.002 0000 0015
IRCoT 0111 0312 0200 0164 0171  0.067 0240 0181
Search-ol 0238 0472 0262 0221 0218  0.054 0320 0255
RAG 0348 054 0387 0255 026 0047 0080 0270
SFT 0249 0292 0104 018 0248  0.044 0112 0176
Rl-base 0226 0455 0173 0201 0268  0.055 024 [0
Rl-instruct 0210 0449 0171 0208 0275 0.060 0192
Rejection Sampling 0294 0488 0332 0240 0233 0059 0210 0265
‘Search-Rl-base 0406  0.587 0435 0284 0273 0049 0088 [0303
Search-Rl-instruct 0341 0545 0378 0324 0319 0103 0264 | 0325




Experimental result

Search-R1

Methods General QA Multi-Hop QA

outperforms all baselines
+24% avg (7B) - +20% avg (3B)

NQ' TriviaQA* PopQA* HotpotQA™ 2wiki* Musique’ Bamboogle® Avg.

Qwen2.5-7b-Base/Instruct

Direct Inference 0134 0.408 0.140 0183 0250  0.031 0120 0181 vs RAG, SFT, Rejection Sampling, ...
CoT 0048 0185 0054 0092 0111 002 0232 0.106

IRCoT 0224 0478 0301 0133 0149 0072 0224 0239

Search-ol 0151 0443 0131 0187 017 0058 029% 0206

RAG 0349 0585 039 0299 0235 0058 0208 0304 surpasses RL w/o search (R1)

SFT 0318 0354 0121 0217 0259  0.066 0112 0207 External knowledge access via search
Rl-instruct 0270 0537 0199 0237 0292 0072 0293 0271 |

Rejection Sampling 0360 0592 0380 0331  029% 0123 035 0348 alone
‘Search-Rl-base 0480  0.638 0457 0433 0382 019 0432 [0431

Search-Rl-instruct 0393 0610 0397 0370 0414  0.146 0368 0385 effective for both Base & Instruct
Qwen2.5-3b-Base/Instruct RL bridges the gap; base models reach
Direct Inference 0106 0288 0.108 0149 0244 0020 0024 0134 . :
CoT 0023 0032 0005 0021 002 0002 0000 0015 comparable final performance without
IRCoT 0111 0312 0.200 0164 0171  0.067 0240 0181 instruction tuning

Search-ol 0238 0472 0262 0221 0218 0054 0320 025

RAG 0348 054 0387 0255 0226 0047 0080 0270

SFT 0249 0292 0104 018 0248  0.044 0112 0176

Rl-base 0226 0455 0173 0201 0268  0.055 0224 0229

Rl-instruct 0210 0449 0171 0208 0275  0.060 0192 0224

Rejection Sampling 0294 0488 0332 0240 0233 0059 0210 0.265
“Search-Rl-base 0406  0.587 0435 0284 0273 0049 0088 [0.303

Search-R1-instruct  0.341 0.545 0.378 0.324 0.319 0.103 0.264 0.325 -15-




Experimental result

Search-R1

Methods General QA Multi-Hop QA

outperforms all baselines
+24% avg (7B) - +20% avg (3B)

NQ' TriviaQA* PopQA* HotpotQA™ 2wiki* Musique’ Bamboogle® Avg.

Qwen2.5-7b-Base/Instruct

Direct Inference 0134 0.408 0.140 0183 0250  0.031 0120 0181 vs RAG, SFT, Rejection Sampling, ...
CoT 0048 0185 0054 0092 0111 002 0232 0.106

IRCoT 0224 0478 0301 0133 0149 0072 0224 0239

Search-ol 0151 0443 0131 0187 017 0058 029% 0206

RAG 0349 0585 039 0299 0235 0058 0208 0304 surpasses RL w/o search (R1)

SFT 0318 0354 0121 0217 0259  0.066 0112 0207 External knowledge access via search
Rl-instruct 0270 0537 0199 0237 0292 0072 0293 0271 |

Rejection Sampling 0360 0592 0380 0331  029% 0123 035 0348 alone
‘Search-Rl-base 0480  0.638 0457 0433 0382 019 0432 [0431

Search-Rl-instruct 0393 0610 0397 0370 0414  0.146 0368 0385 effective for both Base & Instruct
Qwen2.5-3b-Base/Instruct RL bridges the gap; base models reach
Direct Inference 0106 0288 0.108 0149 0244 0020 0024 0134 . :

CoT 0023 0032 0005 0021 002 0002 0000 0015 comparable final performance without
IRCoT 0111 0312 0.200 0164 0171  0.067 0240 0181 instruction tuning

Search-ol 0238 0472 0262 0221 0218 0054 0320 025

RAG 0348 054 0387 0255 0226 0047 0080 0270

SFT 0249 0292 0104 018 0248  0.044 0112 0176

Rl-base 0226 0455 0173 0201 0268 0055 024 0229 Larger models benefit more
R1-instruct 0.210 0.449 0.171 0.208 0.275 0.060 0.192 0.224 7B gap vs baselines >> 3B gap 9 search
Rejection Sampling 094 _ 0488 032 020 028 _00% 020 026 interaction scales with model capacity
Search-Rl-base 0406 0587 0435 028 0273 0.049 0088 0303

Search-R1-instruct  0.341 0.545 0.378 0.324 0.319 0.103 0.264 0.325) _16-




Experimental result

Response Length and Valid Search Study

Early stage | Later stage

0.5
L1501+~ Response Lehgth —=— Train Reward 0 201 s~ # valid Search  —=— Train Reward
Elmn I 1 ‘ " loaw £ 0.4
2 | 5 518 ! 5
= 1050 fi = 9 E
@ ! 0328 o ! 0.3
€ 1000 : g =1° : =
= T
LE. 950 0.2 -1:: [0-2F
& w7 1.4
=0 0.1 0.1
] 50 140 150 200 0 50 100 150 200
Step Step
: Model : Qwen2.5-7b-base
(c) Response length (d) # Valid search Q

* 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
* Asretrieved passages are inserted into the context, the response becomes longer

=) the model learns when and how to search through simple outcome reward RL training alone 17



Experimental result

Interesting Finding : Emergent Self-Verification

Self-verification emerges naturally: model searches again even after finding the answer

Question: Curious is a women'’s fragrance by a singer born in what city and state?

Ground Truth: McComb, Mississippi

SEARCH-R1:

<think> I need to find out which city and state a singer, by whom the women's fragrance "Curious’
was created, was born in. </think>

<search> Curious fragrance information </search> I
“information> Doc 1(Title: “Curious (fragrance)”) Curious (fragrance) Curious is-a-women's

fragrance by Britney Spears for Elizabeth Arden, and is the first perfume to be endorsed by

Britney Spears, preceding ""Fantasy.”” Spears reportedly earned $52 million from the endorsement.

"“Curious”” was released in September 2004, and was very successful internationally. It was the
number one fragrance of 2004 in department stores, and in 2005, "”"Curious”” was honored by the
Fragrance Foundation as Best Women's Fragrance. The fragrance is a white floral scent. Its notes
are Louisiana magnolia, golden Anjou pear, lotus flower, tuberose, star j ]asmlrle pmk cyc]amerl
mam]la-mfu_sed mu_i,k sanda]wuod and bl()l'ld(-_" W(mds Elizabeth Arden information>

v

fragrance, was born in. </think>

<search> Britney Spears birthplace </search> 1
“information> Doc 1(Title: "Britney Spears”) the best-selling female albums artist of the 20005 i
2004, she launched a perfume brand with Elizabeth Arden, Inc., from which sales exceeded US$1.5
billion, . Spears was born in McComb, Mississippi, the second child of Lynne Irene Bridges and
James Parnell Spears. Her maternal grandmother, Lillian Portell, was English (born in London),
and one of Spears’s maternal great-grea t-grandfathers was Maltese. Her siblings are Bryan James
and Jamie Lynrl Britney was born in the Bible Belt, where socially conservative evangelical
Pmtestanhsm isa particularly strong reli 1g10u5 influence. Spears was baptized into the Southern
; n, but ]ater in ]1f(-: studied ..

Find answer!

: > s5iss 1pp1") McComb, Mississippi MchLrb‘rs Aty i
Pike Cnunl‘y Mlsslt,slppl Uruted States approximately south of Jackson. As of the 2010 census,
the city had a total population of 12,790. It is the principal city of the McComb, Mississippi
Micropolitan Statistical Area. McComb was founded in 1872 after Henry Simpson McComb of the
New Orleans, Jackson and Great Northern Railroad, a pr'edeoessor of the Illinois Central Railroad
(now part of the Canadian National Railway), decided to move the railroad’s maintenance shops
away from New Orleans, L()u151ana t() avmd the attractions of that city’s saloons. The railroad

. Eurchased land in Pike C()unty nformation>

Search again for self-verification

asks for the city and state, I just need to cunfn'm the state, which I already km)w from the prevluus
search. </think>
<answer> McComb, Mis_i;iai;ippi </answer>

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



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.

e 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.

-19-



Thank you! ©



https://forms.gle/TAKNMVWdisxZynwp8
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Supplementary for experimental result (Base vs instruct LLMs)

Base vs Instruct LLMs

0-40'

L at
g9 wfu

v 0.25

« A

c 0.20- }

T 0.15-
= 0.10: —+— Base
0.05- M Instruct

0 25 50 75 100 125 150 175 200
Step

* 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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