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XRIeXZOASERE T —MZ NVRAG-RLAVFTELGEMMFS) (RL) 1EZR, BEEMRESNRIEEEN
(RAG) AEHEAEFEMREE (NMEsSER. ®I§. EXHHENNXE) HEEME.

1. |a)
WIEH T B SAESRAGH AEIGH = Bk :

o MRERTHHMIBENBETRE: FANZEESRAGH ZBE REBBMIGEGBRA L TXH, 2EEN
MERGIEMRIFENREIAES (WX ISEEEEXE) , SEVLMsHHER D RERTIA.

o EMAMTAIMERITE: REESHERSIEREN, ATLERHREERFER, FESBRRIINEETE
x, MMAITEE. THNRE, RETEAEDR.

o VLMBREHBSIIGZNFREY: NAENATIESRENRUERTELIES RS HHIBESHELIAR
T, REBNUESHREPRITERAEIE, X—HhEEENBRINVIM EERHRE,

2. Bk
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VRAG-RLIEZR TEYERER, REHCHIERE: ERAXNBN AT —MEERNNE, RERE: RENIZBER

SIZEREZHN, ERNZREIXKERNEMIERSE, EEBRAREFTE?
HizO eI s

W MRBAMEZE: EXT—NEOMEZE, RAFERNRINEGHTREER. BEMNSK, MmT
I MAEEIRAY(E R IRE

B BRERELN: 8T —MREXRMEH, EMUMERAERNERYE (BTERNRE) , FEETH
REENMEAEIZRAN—ENE.

B ERMIEIESR: BRET “BE-E- MR TR 5MERE, H#FMAGRPO (Group Relative Policy
Optimization) BEiEHITIIG, MHEZTIEIERE
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Question: Which H2 antagonist has a lower bioavailability: the drug that inhibits several CYP-450
° isoenzymes and reduces hepatic blood flow or Famotidine?

= <think> To answer this question, I need to identify the H2 antagonist that inhibits several CYP-
(o 450 isoenzymes and reduces hepatic blood flow. Then, I will compare its bioavailability with that
dr—x of Famotidine.

</think>

<search> H2 antagonist that inhibits several CYP-450 isoenzymes</search>

5 Image Retrieval

= <think>The image provides information about drug interactions, specifically mentioning
'! Cimetidine's effect on CYP-450 isoenzymes and hepatic blood flow. This aligns with the search
d=—) query. I need to look at the lower right corner of the image to confirm this.

</think>

<region> [556, 337, 722, 505] </region>

E)

"gﬂ] Drug interactions
CH K
&

= <think> The diagram confirms that Cimetidine inhibits the P-450 enzymes, leading to increased
'@' serum concentrations of drugs metabolized by these enzymes. Now, I need to find information on
de— the bioavailability of Cimetidine and Famotidine to determine which has lower bioavailability.
</think>
<search> bioavailability of Cimetidine and Famotidine </search>

Comparison of H2

antagonists
= 2 [

:] Image Retrieval

} <think> Based on the provided table, Cimetidine has a bioavailability of 80%, while Famotidine has
'! a bioavailability of 40%. Therefore, Famotidine has a lower bioavailability compared to Cimetidine.
dc=—Y The drug that inhibits several CYP-450 isoenzymes and reduces hepatic blood flow is Cimetidine,
as indicated in previous information.
</think>
<answer>Famotidine has a lower bioavailability (40%) compared to Cimetidine (80%). Therefore,
the H2 antagonist with lower bioavailability is Famotidine.</answer>

Figure 8: Case 2 for VRAG-RL.

Question: [ffh H2 ZAMTIAFINENFBEER: [e9HIIHIZ i CYP-450 B TEHFERAT MR ERIZ1Y,
ERERET?

REZFXNEE, KFELHEIMEENH ZM CYP-450 B TESH AT MIREM H2 SRBERF., RE,
BRESZEREETHNENFBEHRITIER.
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HDH =T CYP-450 [5 TEBRY H2 SZHARFEHF

XKE R R T AR EFRINER, F3RBIFKE T X CYP-450 B TEMAFMREMZM, X5RBERN
BN, HREEERGA THMBIAZ—R.

[556,337,722,505]

BIRIESEFPKE T #0%) P-450 B, SHXEBRHNENMBREFS. ZTHK, RFEBEEHAKE TN
RETHNEMAMRE, UHEM—MER.

KB T ERE T REMAAE

RIEFTLARAE, AKE THEMABEN 80%, MAERET N 40%, FLt, ERE T HEWFIAERT K
BT, WEEERE, BEBINH 2 CYP-450 B LESH AT MIRENAMEARET .

FEREBTHNEMARBEER (40%) , AKET H80%., FEit, £MAAEEMRMN H2 ZERBRFIREEE
T,

3. 4%

#£SlideVQA. ViDoSeekiIMMLongBenchZFZ 1 BAHEIEMNEENN £, VRAG-RUEZRES T EZMR.
o fEfEAQwen2.5-VL-7BIRENS, HEMAMREE (57.1%) imBELIRESearch-R1-VL (37.4%) ;
o TE(EMQwen2.5-VL-3BIEEN, HBERABHNER, M21.3%RFAES3.5%, BRTIZHENERME,
Table 1: Main Results. The best performance are marked in bold. SlideVQA and ViDoSeek mainly

focus on reasoning type, while MMLongBench focuses on the visual type of reference content.
OCR-based (®) RAG and purely visual (®) RAG are evaluated with the same prompt and setting.

SLIDEVQA VIDOSEEK MMLONGBENCH

METHOD Single-hop Multi-hop | Extraction Logic | Text Table Chart Figure Layout OVERALL
Quwen2.5-VL-3B-Instruct
@ Vanilla RAG 15.1 12.1 8.8 14.3 3.9 51 1.7 31 2.5 11.2
@ ReAct 11.8 9.9 5.3 74 6.5 3.7 3.9 5.2 25 84
@ Search-R1 17.5 13.8 133 20.7 34 3.2 4.5 41 6.8 14.1
@ Vanilla RAG 194 12.2 10.1 17.3 22 41 5.2 47 43 13.2
@ ReAct 15.7 10.9 6.7 142 2.7 3.6 34 31 5.1 10.9
@ Search-R1-VL 26.3 20.1 20.1 29.8 8.5 7.8 7.9 9.3 7.6 21.3
@VRAG-RL | 653 386 | 631 738 | 227 161 219 214 195 | 535
Quwen2.5-VL-7B-Instruct
@ Vanilla RAG 26.1 10.6 24.7 30.9 8.5 5.4 11.7 44 3.3 20.9
@ ReAct 21.2 133 14.3 21.3 5.9 51 7.3 5.5 1.7 15.8
@ Search-R1 284 19.7 20.8 30.6 9.9 6.0 7.9 10.1 5.9 222
@ Vanilla RAG 29.1 17.4 26.4 413 | 131 147 15.9 4.3 7.6 242
@ ReAct 34.8 204 27.5 421 | 101 124 10.2 6.2 7.1 26.9
@ Search-R1-VL 48.3 423 40.5 503 | 199 134 12.9 114 10.2 374
@®VRAG-RL | 693 431 | 606 748 | 261 263 248 259 212 | 571
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=& (Benchmark) :
o SlideVQA: ZEHEEIE, ZRELEMMUXAY (PPT) PAUREIRMBAMIEESD .
o ViDoSeek: [EERMESEMENEZN, ZREBEYR " KBHH HIREIE—ZRNEEN,
e MMLongBench: MERMSKXAERLEESEN, EREERNKXEPLIEZMIETEIEES.

Benchmark ZiCBiR MR < FREEH JIVRAG-RLEAE X
. BRI P e -

SlideVQA PPTAINT £ mEIER. SHLSigHE IO REIR RO IR BE D
e T R IO E0E(RAURAGH 2

TS E'ﬁgzﬁqﬂh RIS TSR PLEE {RHIRAGHEFEZY

RAEE 4
MMLongBench ERKRER. 2 KETX. SHAMRERA KMIGH <region> Il 5t/
& B (B, RIESH) HEhERI B L

— « Y
—. AEiL
EERABT—EETRBHYIEINGEES HERERLEARGE, %558 IVRAG-RL,

HIFBP BRI

1. BRESR: ERHESEAFS)

IERVIME MR R B ZE N —MEREN TRIEAMNERE, ME1(a) Fim, #E (Policy Model) 1RYEMHSE
REND Hy ERBE T shE Ay, SIMNBRE (BRI ZMNNRBAMINGE) REFIKEGNE" O,
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-

Rollout Module:

Instructions 2,

+ Human Query Search Engine

Visual Perception Function

\

Interaction with external environment

Policy Model —
2 (VLMs)

(a) Reinforcement Learning Driven Visual Iterative Reasoning Framework

KL i
'

Trjs.

Reference Model

Reward Func (RAG Specific)

I T=a ' Tpg+ B Tans+V Tret I

* Update Policy Model

ES
| Adv.

Group
Computation [ Ady2
— )

J

(b) Visual Perception Action Space

-

(c) Fine-grained Retrieval-based Reward

Stacked retrieval

~

—
__Region of Interest e ‘ ;izl:llssli?m
— e ol o [ Trajectories Hi, Hz, ... ]_’I Answer Extraction ]
— POUCIES -~ - - ® - .
= e | Y V. /£ Function Evaluation

| Ll — Sy
e \~\ Pattern and Action [ B Outcome judgement: & .
— .. Verification h True or False -y Evaluate retrieval
—_— performance using NDCG

p— "~ Select & crop & Zo;;n

[ Pattern Reward ] [ Model-based Reward ] [ Retrieval-based Reward ]

Pre-defined Visual Perception Actions

\ J \ J

1: BAFEIERBMEN, (o) RRTEESINIMEZ BNRETRE, Mk GRPO AL, (b) BR T ATREAIMBEREAINF
B, {EREVAEGS ARG IVRIER. () B9 RAG 153IiRIT RIS, EABTREIRPEEERTERNLRMERE.
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Fg: RPEE & MBIRE

|

Policy Model
(VLM)

(Think)FOZNE
(Action)

Action: Search Action: Answer

/ Action: Region \

| OhERTR BEIIR | [ SR MRRKME | [ SERR RERREEE

| E (Observation): WEER (EMR/XF) |

| &% 2%RA|

" Bk

PR (Reward
Func)

BHREE (U[ao(ate
Polict/ Model)

ZMiR%AZE:

GRPO(Z AR REEMM) B—Fe2IIEE, BTREHE (Policy Gradient) 757AH—7,
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ENZOBEMEERMAEER (B1"REE") 9TH, EEEBFEESKRINEL.,

ENZOBER: BIAFEME—TOZENENFHRFESE, AREMEET—AREEEF, WITEELE
HithEZEELF,

GRPO BXMoELER'MBEREN, BEATSBUT (L VRAG-RL ) :

1. DHHRE
NFE—PMMAGIRE, LS VLM &ZE (3RE8 mg) JRIIMARK G N ARMNEIENS (FEIEXH, F
FHIRE G=5) , — MBS TRESTENSHRE, LUMENIEREN. MRBMNENREE
R, EHNMEE T —TEECTREBAHRN"E",

2. ML 5 %R
ERIEXHEXIBNMRELMEE ("p = & TRet + B Tans + V- TPat), NARNE—PNHTIT
B—1 o,

3. ITEELMMRE
X2 GRPO HIFEHEFRTE,

o Ei (Baseline): EMNELAAE—THEEZINERRE, MMEX G THTER 7D EHITFIIE (
R), BMNEEE2HESH. LR, HEEESHitE,
o fi# (Advantage): SHTFAHRNE— NN ¢, THMKE A, MIZEHEG R; 5EL (FH925
R) ty=E: A, =R; — R,
= R A; > 0, WX DB AR R TR FELT,
n IR A; <0, WIAXDIMILLEFEKFEE,
4. HBREER (Policy Update)
BIARIBITELN B KEFENSE., EHNERNZ:
o WFHIEMBIVHNIT, REEILEIXMTHITIIEER,
o WFHERMNBIVINIT, FRFRILE XM HITAIEEER,
XA, BE—N—HN 2ARE-TG-LLR-BH , BREMSRNESERITLEERIRESHENESE
FHEIEIZ

2. s RANEVESRAX
N T AR BRI S TENR, (FEEX T — MBI E.
2.1 XM=

1. ZRMER:
BREHLER— KB HENERER, oL ESXBEENXYE (FIU— T REFEXR) , BEE
HAT O A BT ,
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RHiES:
BREN—TMIENIRIFES, B <region> [#45] </region>, FRAFE—H¥, BRMSRASR
ERBMKEBNKE,

. [FE#E:

ALGBIRIIES, FRRBGENES YIRS, REIFRESFEERGL, AENSERE LLBERIDHE T
Iziiﬁo

REWE:

RN, BMNEREGR, (FAESHHNREERHEEAEE, REETIMEERA"THRE
AU TIRENAIIEIE, MMSHESR.

B + £RIEDPIRER

BB AR RN
[4847]

AL RERIASBER

4

RR: BRSO YIRELR
RERNE LR

REHEEGA TR IR

VBRI

L=
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L4 *Eﬂﬂb(iﬁﬁ#—*;iﬂ’\]mﬁ@%moken <region> [x {min}, y {min}, x {max}, y {max}] </region>,

o BT —TETMNAREIRENE X Mo EF LR, AR, RASBRIBETORE, MRIGSDHERE
& I qw PEIHBNENRSE R:
R = Crop(Luw, [Emin X —r g Traw -y (1)
encoder hencoder
ERR: BEEERSWERELEHLYR, BRERSFERE LAY, AEHITHE.
BALRIRBARNFNE—TE D
o R (R-hat):
 RAFBIHFKR. FHHNEGRXE., XMEREEERENSFES
o Crop(...):
m —PREN, R BB XTE.,
o Trgw:
RN, SOPRNEGX S, tEil—5k 3000x4000 REIFFHSE.
O [Zomins Ymin, - - -]
n B HERNED HRER LIEEAT,
O Wencoder, Pencoder
» BREINNRSVXREGNEE (width) fIEE (height) . XEVLMIIM R IRIE2:
(vision encoder) BEAMEMIERERT, Ebal 448x448 £,
© Wraw; Praw'
» SERA L., NEENSE. 5Ia0, 3000x4000 &%=,
= JX%*%’I\’L}_YE’\]@IB\——%HSI&WU¥O
» BB BB TRERTZREMARTNZIME, 6la], NRFEEZEE wq, = 3000 &

o XN

&, BEBARE Wencoder = 448 BR, BARERILLHIFZ 3000/448 ~ 6.7,

w ER: XPEEBIEF ARG RS HRE LR RS RS O RRE L.

WEHIENE D IERE R @R EFHERIAERFONE O, HARIEER, WE2HR,

EMNRURES, ARRS T RENEERBEEXK B DE,
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(a) Traditional RAG with search action only (b) Our VRAG-RL with unified visual perception action space

EECEEE e OO OO D

Language Model Decoder Language Model Decoder

(T1, A1) 1 (T2, A2) 1 (Tk, Ak) (T1, A1) O1: Retrieved Image (T2, A2) 1 (Tk, Ak)
R " Vision Encoder
Vision Encoder Action Extraction | s
= Maooi \r" re-input ¢
" E—— apping e
Retrieved [ =7 o Refrieved === 72 1 ——— l; Crop | B o
Image 1: | ; ~ eee ImageN: ' -3 & Region Selection | — = | | il @

Inefficient perception and Repetitive retrieval ! Precise retrieval and Efficient perception from coarse to fine

2: HHRHA VRAG-RL 51&4% RAG ERAFIEAEMIMLE, (a) ERDERZERNRA, BHSHEEATLKNRER, MM
FEEIRIREER . (b) Al 189 VRAG-RL &30 B, (ERELBESS INMRZIZRA 7 UM B E R X,

3. R EERIRFNER £
AT ARLNGREEFHNIES, FERIT T —THEZBOEMNGERMERE, N ARFR:
Tp:a'TRet+ﬂ'TAns+7'TPat (2)

XEW o, B,y RNE, BRFATENYARLENENEE.
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B B E R
it

ZERE (r_A4ns) 1TAME (r_Pat)

BENE (r_Ret)

ERA? 87 EERAT 87

IFFER? A2

X sk fo
r—p = a*r_Ret +
B*r_Ans + y*r_Pat

ATRSME
¥

3.1 7 Ret (FRFRINERRND)

o BEY: XTXREEIAMHMLERERRERNGFH., cRMEERE, ERbREIMEEXINEE"XHE,

A 1Bt S A R ANE KRS B R SUAS

o MTAEE? : WNHEEBHIEAT —TXER: NRINEEAFBRZHET, ISHNLXERS
IRE, TIMRENRZHE, SWIEETE. FAit, —TSHNRIEEXEE,
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70 63.5
60 56.4 55.3
%} S~
<50 ’ ~=
/ ~ i24
40 / >
34.7{ [—l Inference w/ NoiseJ
——Upper Bound

30

1 2 3 4 5 6
Num of Reference Images

Figure 3: Experiments on the impact of
context length on model performance.

o WEitE? : ESEEMNRIGNLZLHIEIR NDCG (Normalized Discounted Cumulative Gain) NE ..
o Discounted (#i): BEE, HEBHREMEXRE, BoHE. F—HMILE, EERRAIXINKHE
REZ,
o Cumulative Gain (£iH8%5): SHE—MEXX, S9N,
o Normalized (J3—1t): BEREI[REFRE Bitiiigs (DCG) , 5—MEEREREREBRT
(BNEE—3mI BB HEXAXM) BEF2NESD (IDCG) #ITLER,
DCG (BRI & %)
IDCG (B AR MR % 15 72)

(3)

TRet =

o XNELETEOCRIZE, BEIMRM TR TMEFT LTS,

—TERE rre - ERMIPL R, . R IOKNRTH, ETPLE L. 58 RRTH.

3.2 7 Ans (E?*ﬁﬂﬂ’\lﬁiﬁﬁglﬁh)
o HEY: THMHRELNNRAETRESER. XREEMESRZONBE MR,
o AHALEE? | XERETHNREZERS, HIEXRKISHNRIIES.
o WEITE? : ERAEEH BRLE (EM) , EEENERNTIINEEZR—FAE, XNTFERNFRE

) s FFER
o VRAG-RLEBT —MEREENAN: LB —1EAKNVLM (iEXH{EAQwen2.5-7B-Instruct) K7
.,

o XTHFIEHZERNZHMMIAEE, MESRMBERERNER, REBRARTR—H, MEXLFER
BREERNERZSER, AAE—T28 (EEAARER, 0ARER) .
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o XMALEEMRENERE, BEEBREXE. TRAXKALNSE, BERITIAESIHFROTHNE.

—EERLE T Ans: — T AIER R RKRERNRE, BRERZINEMRZEMIEX LIERNEE,

3.3 7 pgr (RBIN—ENEZR D)

o B BRMRELEEINE XHNREEATEE.
o MMHAEE? : ERAFINYE (REIMER) , E’_-*.: RER—ETENTIE AT ENE, LR
</search> i1, WEEBEFTENBTREER. —E_'r MBI REMIZRRIR.

o WENTR? @ XZ2—1IEREEN. ETHMNNEMN, RASKEREERNNG, EESSEHtERT
<search>, <region>, <think> Fif&E, WRER THE, MAEFLVEXM; NRKE, WALXRDS

A oo
;fuIE ilo

o ¥R XTERMENGEHBREMFBLERT, AAREELXF R TEFANREIERE, MRS,
FlHERREENNE v iH0—MR/DWIE,

—HERE rret: EE—THE, BRERAEZSSRIXEZH, KEETRERNTHIE,

4. BT S EFRENNDEREYT 5T

41 A LRE S ERRH"

EIIZRVRAG-RLIZELRY, NEEEEXMNERMEEFES (RL) MEZA], BEFTE—TRERIA (Supervised Fine-
Tuning, SFT) MEX,

AEXTHER, REEINERPER GHIMNEER, HNFTEDRERTAEERENA—L L RRETLE
.,

XEESTHIRLZFTIBRY NILEHE" (Trajectory Data) , —MHLEE T MBI RAERNTBEENITHE, F
an:

[B)@ -> <think>BF1...</think> <search>##&&E1</search> -> ME1(EF) -> <think>BFE2..
</think> <region>Xig##fi</region> -> M2 (FHBEEMWEF) -> <think>BZE3...</think> <answer>H&

ZZE</answer>
XEBEHHEET:

© 2025 TGLTommy hRiXFiE BINHR
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o ANBAE: IEALREFHRIRERT LA FRIFERNNT, BFERNXEBE.

o BAIERNEMRYE: MRIAB—THEENARE (EEAGPT-4V) REMEMRXEND, FIEERERER,
XTRBORIAIGEARMERE (LLRET—FPRRERERZEE) LRE, EEFELEMMRE (buk
B R EREAERERISHIUE) ERDEBRERE, REHRNERS.

FEitt, IEXIRET SERFRE BOREEKE N ERXESRENHNDEIE.

4.2 "ZSERREFN&RLRE
XMEIOBIET S TAME, LT AIER £E115 B BENFT LRIEER,
BRSBTS

Fritg: WMAARER

RIstE
ATER AT TR E HEEE

4 % R £ fo473N \>

1

R 3E R K04 T TN
SEAREE
M E(MER TN

\

ATRA
H RRREER 4T

v

EIF P
REMERFEDER

v__ |

AR 3% , _
& G A Eﬁ%%m%ﬂ
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(\Fsiﬁﬁiﬂﬁéj/}

EHEEET
0%

$15: "SIEE" HIERMITL
o ERAR: —THKREKX. HIEEHBRERIEMARVIM, B HIREIRZ Qwen-VL-max-latest,
o {£55: XM EIEENTHIERROANSEEEE, ERREEMENRE, Lal:
o B—HNIZHTIREIZNER.
o RIFERER, T—HMNIZHIT IXERRIEER.
o MERFRRHET, NMIZXEKE FHTXEH,
°o &fE, ETHEERENER.

o EEAM—1EEEZ (<think>) FINEERE (<search> O <region>) HI¥IEHITE, BE, HELERK
<region> IfERY, EIRMHAVLITAIGEHAFTEE.

E28: "BARERRITHEAIRE
e ERAR: —MERFEESLATNAN. EEENEE, IEXFREINE Qwen2.5VL-72B, X MEELEM
REN (Grounding) F5 EIEERAK,
o % SYURIBEENTREMR T — <region> BIERT, BMAERMENN, CHESIEZIRH:
o JEEVRIEEMBEIRE (Bl <think> IMBEMNAND) , BEREIKREEELNHTES.
o FIFBECERANMREMESN, EEG AM— "B, ETXMBFIE (Bounding Box) 447,

B34 HEBESSEMRLEND
o AFATFCRH/IEEMMNAENITY, 5HAREFRHBRHLINATERNES.
o iR, MEHHBRIDATRES KR <region> 415, RWBIRMHATEMERLA LS RELIT,
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XHE, —FHEZSTERIMETHE. BABMESERZEXARRAARRITHNEREINFNDTHITET .

é:b

FERLNERLICE, IRLANVRAG-RUEREBBBIENRESRKRE (VLM) SERS|IZHITRE, M
mEZEREELIEENREBAEENRREN.

XLELE] T7E5 BB NRIEERY:

o EfIMMIINER: T TEEREMENEENT L, VRAG-RLUBLLAMBEELETIEEE T EAMEERA (40
RIFIR) , XRHEZRIEE.

Table 1: Main Results. The best performance are marked in bold. SlideVQA and ViDoSeek mainly
focus on reasoning type, while MMLongBench focuses on the visual type of reference content.
OCR-based (®) RAG and purely visual (®) RAG are evaluated with the same prompt and setting.

SLIDEVQA VIDOSEEK MMLONGBENCH

METHOD Single-hop Multi-hop | Extraction Logic | Text Table Chart Figure Layout OVERALL
Quwen2.5-VL-3B-Instruct
® Vanilla RAG 15.1 12.1 8.8 14.3 3.9 5.1 17 3.1 25 11.2
@ ReAct 11.8 9.9 5.3 74 6.5 37 3.9 5.2 25 84
@ Search-R1 17.5 13.8 13.3 207 | 34 3.2 4.5 41 6.8 14.1
@ Vanilla RAG 19.4 12.2 10.1 17.3 2.2 41 5.2 47 4.3 13.2
@ ReAct 15.7 10.9 6.7 14.2 2.7 3.6 3.4 31 5.1 10.9
@ Search-R1-VL 26.3 20.1 20.1 29.8 85 7.8 7.9 9.3 7.6 21.3
@®VRAG-RL | 653 386 | 631 738 | 227 161 219 214 195 | 535
Quwen2.5-VL-7B-Instruct
® Vanilla RAG 26.1 10.6 247 30.9 85 54 11.7 44 3.3 209
@ ReAct 212 13.3 14.3 213 5.9 5.1 7.3 5.5 17 15.8
@ Search-R1 28.4 19.7 20.8 30.6 9.9 6.0 7.9 10.1 5.9 222
@ Vanilla RAG 29.1 17.4 264 413 | 131 147 15.9 4.3 7.6 242
@ ReAct 34.8 204 275 41 | 101 124 10.2 6.2 7.1 269
@ Search-R1-VL 48.3 423 40.5 503 | 199 134 12.9 11.4 10.2 374
@®VRAG-RL | 693 431 | 606 748 | 261 263 248 259 212 | 571

o MERVHRIMIR: BEER—BROLR (MRERMENIE. RAGITERR)) FHURERETRE (AR2Mh
), XL AERMIER T ERINAXBAE T RERENLERIT, MIEEMERRE.

Table 2: Ablation study on three benchmarks.

REWARD ACTION SPACE Accura
Vanilla RAG-Specific | Search Visual-Perception Y
v/ v/ 47.2
v v/ v/ 49.3
v v/ 54.9
v 4 v/ 57.1
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Bifi//AMRE/YouTube: EEZRTommy | EAMEL: TGLTommy.com(ERHEERZE EW)
o ZUWE DT WXNMULERTREBNERERE, BMERUE., WARMRETRAVIREE S AR
(R3) FEZTARESN TEREWNITAH, AECRETEEZENIE,

Table 3: Average Finish Rate (%) and
Average Invalid Action Rate (%).

Method | Invalid Action Rate |  Finish Rate 1

SFT 9.4 84.2
+ RL 5.1 97.1
EENMNNEREERELD, tMNERES FZETFRENARREIEGENS 5 ESEBEXTTRIRLE S REHLE

BEE, NERERNSESRAGHEBIRM T —TEAMERNBRL R,
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