Wenlin Zhang', Xiangyang Li?, Kuicai Dong?, Yichao Wang?, Pengyue Jia', Xiaopeng Li’,
Yingyi Zhang', Derong Xu', Zhaocheng Du?, Huifeng Guo?, Ruiming Tang?, Xiangyu Zhao'

Process vs. Outcome Reward:
Which is Better for Agentic RAG
Reinforcement Learning

:“:7'5%;&4'-
}.. NEURAL INFORMATION
‘.’gi. . PROCESSING SYSTEMS
N

[

0 S

E S AR HUAWEI

City University of Hong Kong

'Department of Data Science, City University of Hong Kong,
°Noah’s Ark Lab, Huawei

Methodology

Background & Motivation

Background (a) Process-Supervised Data Generation (b) Agentic RAG Inference Main Results
i - i : : ; . . '
Retrieval-Augmented Generation (RAG) enhances Large Language Models SPRE Annotat.oﬁ\ " state ) E  Analyze and Decompose the Question ] N PopQA _ HotpotQA 2WikiMulti Bamboogle MuSiQue|  Ave.
(LLMs) by integrating external knowledge, addressing issues of outdated 0 Q @ Reasoning EE - If you have sufficient knowledge, give final answer ype etho
_ _ _ _ - : . R - | ) i Reasoning - Otherwise, generate next step query EM F, EM F, EM F EM F, EM I EM F,
information and hallucination. However, traditional RAG systems are o (@/@  Grounding Guideline = pommes oy T s I PO . ante Joro aho Naive Generation | 127 165 157 248 202 280 64 174 27 102|115 194
constrained by static, linear workflows , lacking the adaptability required for rerminal | | Question: Which film has the director who died first. The Crime Standard RAG | 384 447 29.3 399 294 363 176 241 67 151 |[EEtmEl
. . = — \ ) Doctor'S Courage or Vasantha Sena (1967 Film)? . FLARE 143 17.6 18.1 257 279 328 120 208 43 12.6]153 219
- A .
multi-step reasoning and complex task management. To overcome these @ @ gl " acton ) : Active e RAG(I46K) | 227 339 210 207 120 252 1.6 109 46 133|124 226
imitati i i i . . \ ) Query : Previous Thoughts: | Step1 | Step2 | | Step3 |
limitations, Agentic RAG systems have been proposed, enabling dynamic 2N @ Generation reviotis Thotignts- 1 =2 ) == Adaptive  AdaptiveRAG(3K)| 36.6 415 29.1 40.7 242 334 184 26.1 69 143]230 312
. . . . f . kﬂ I Evidence = | : Step 1: Query Generation
retrieval strategies, iterative context refinement, and adaptive workflows to Extraction E| B e T e b R e T e lter-Retgen | 387 449 303 42.1 312 387 192 264 7.7 142254 333
R Crime Doctor’'s Courage<query> R\ Wiki Docs</reference> RAG-CoT _
handle complex queries beyond the capabilities of conventional RAG. ® ® | Generation A Step 2: Evidence Extraction RCOT | 362 436 277 415 235 325 172 225 86 132|226 307
\ _ | 1) ; @ Based on the query, the relevant evidence s <evidence> George Sherman-</evidence> RECOMP | 40.5 458 29.7 412 332 394 217 286 92 158|269 342
Motivation _ "/ breference | Reasoning Summary LongLLMLingua|39.2 45.1 31.4 432 345 402 203 274 87 149|268 342
v Policy Preference Collection N ' Response Step n: Answer Geneartion . . . .
Prevailina Aaentic RAG methods. such as Search-R1. relv on Outcome- State ( ' Optimization : '.-GeorgeShermandiedon S— 1953,whileBindiganavileSrinivastengarRanga.\' Selective-Context | 34.9 41.5 19.3 27.3 20.3 29.7 153 226 6.1 13.7|19.2 27.0
g g 1 ’ y ' ' died on December 12, 2010. Therefore, George Sherman died first. So the answer is
_ _ _ _ cosen @ ® @ @ ..—— e L e e e Search-ol [ 332 403 24.8 38.1 164 27.1 304 40.6 63 13.7]222 31.96
Supervised Reinforcement Learning (RL), using only the correctness of reeted ) ® B @ Reasoning AWORAGUOK) | 386 441 333 437 305 461 248 322 113 183295 369
the final answer as the reward signal. This approach suffers from critical Search-R1(90k) 1 39.7 448 37.0 470 414 450 32.0 433 14.6 1.0 GEelcpel
ReasonRAG(5K) |41.5% 46.2% 38.4% 48.9% 43.6% 50.4% 36.0% 45.5% 12.8 20.6%|34.4% 42.3*

drawbacks: sparse reward signals , low exploration efficiency , and Process-Supervised Data Generation

gradient conflict. - Shortest Path Reward Estimation (SPRE) Training cost and convergence speed comparison (EM%)
k
! step(rollout; ) 042 0.45 0.40
JR— —_— - . - - L2 .
(Q: = MonteCarlo(z, yy.+) = . E v(rollout;) - o 0
1=1 039 0.35 |
0.38
o * Monte Carlo Tree Search (MCTS) for Process-level Exploration 0.37 SearchRl || 0.30 searchrl | O° SearchR1
;@; r 0.36 - ReasonRAG ReasonRAG ReasonRAG
. . . 0.35 0.25 0.25
I TT(CL S) _ LLM(Q S) _ {ﬂ_g(. | m&y<i3pstag6)a lf Stage IS Reasonlﬂg o1 2GPU3Hou£r15(Lo5t_:1"2)6 ! ot 2GPU3H0u4rs{Iog"2)6 ! ot 2GPU3H0U?S(L05§]"2;5 !
. '-(D’@"O:O: (- | T, y<i, dOCS»Psmgc)a otherwise (a) PopQA (b) 2WikiMultiHopQA (c) HotpotQA
 RAG-ProGuide Dataset Effectiveness of Different Optimization Strategies
— . . ::Z 3k Method PopQA HotpotQA 2WikiMulti Bamboogle MuSiQue Avg.
1SUICS umper EM F EM F EM F EM F EM F EM F
2k lk 1 1 1 1 1 1
= 1k ReasonRAG (Base) 356 427 237 382 152 289 28.0 387 777 154|220 328
H : QllEStl[lllS 4603 0 Ok ReasonRAG (SFT) 316 374 268 387 351 409 176 273 86 155|239 320
Contributions - PopQA 704 (15.3%) AA AQ EE QA QQ 12 3 4 5 ReasonRAG (RL-ORL): 5k queries | 23.0 30.9 28.1 326 320 438 175 241 59 13.1|213 289
 We propose ReasonRAG, a novel Agentic RAG framework that - HotpotQA- 2843 (61.8%) . . ReasonRAG (RL-ORL): 10k queries | 39.5 457 36.7 467 405 472 307 406 126 195|320 399
_ , _ _ - 2WikiMultihopQA 1056 (22.9%) (a) Pair Type. (b) Iteration Count ReasonRAG (RL-PRL) 415 462 384 489 43.6 504 360 455 128 20.6 | 345 423
leverages Process-Supervised Reinforcement Learning (PRL) for fine- " —— e 35! e
. : Ce . . : .. ctions 1
grained policy optimization, moving beyond inefficient outcome-based - Query Generation 32905 (24.8%) ak 2.4 Impact of Search Iteration on Performance
rewards. - Evidence Extraction 4305 (32.4%) 3k ;': g w—p: py
. . . . . _ - 1k : 0 ) e SR 0 0
«  We introduce RAG-ProGuide, a high-quality, automatically constructed Answer Generation 5689 (42.8%) 0 0.0 L et ||| . ! . I e A
: : : : : 40 80 120 160200+ 0.0 02 0.4 06 038 s
dataset of 13,000 process-level preference pairs, designed to provide i"g-%{m-}’ﬂeg-mﬂx- I]EELE‘“U“ 2-57'; {";3:%50!625 30 e 0.
. . . Vg, 111. cd. dX. 10KEns . 25 25 25 A e S S
dense, step-by-step supervision for agentic RAG tasks. - (c) Token Length (d) Reward Gap 20 o ReasonRAG(Base) | 20| A<, s W
« Our method achieves superior performance on five benchmark datasets _ o o 2 ® - ReasonRAG(PRL) 7 B e
_ o o , Process-Supervised Preference Optimization W33 7 5 & 3 V513 R = W5 3 i &t 6§
using only 5k training instances, significantly outperforming the state-of-
. . . . . w PopQA b) 2WikiMultiHopQA HotpotQA
the-art Search-R1, which required 90k instances, demonstrating the high L£(0) = —E, o lloga (ﬁ log Po (Y Ix5y<t))] (a) PopQ (b) 2WikiMultiHopQ (c) HotpotQ
. . . :C?y(LayIU:yL ~ l
data efficiency and effectiveness of process-supervised RL. po(yele, y<i) Effect of top-k retrieved documents
Agentic RAG Inference K=1 mmm K=3 K=5 B9 K=1 @ K=3 K=5 @09 K=1 [l K=3 K=5
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« Agent autonomously reasons by iteratively cycling through "Reasoning," "Grounding,"
and "Terminal" states to dynamically decide whether to answer, generate a new query,

or extract evidence
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