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Bilt, i TR UE R 5 A >) (RL) RS B et g ke i AR AR 0 T S 24 s 7k
BUEE A (LLMs) MERERE ), TR T RZUEMAA (LRMs). R T HCEfIgmisz oh, A
ZIOERE THE TR A Sfofs RL W T LLMs, X207 3k LLMs AEf%27
SVAHANE TR, MR RG1%, FEB SIS AT SRR . RS R Search-R1
A1 Kimi V2 BORE ) S B B AR A Rl BN R B 0, (H5 B 28 225 | 5 1 3 )
RA A, JUHORAE RL YIRE) G 20 B RG24 T RRAN . $5 b, iTER
PR 2515 _ERYPIIZE, LLMs 38 % BB ol #5357 b i FURIER R . —LEpF it k]
LLMs a] DA i f 38 45 58 shAERPIRS i SR I AR, i, 5t X T ZeroSearch
MIREFE RN, ot iRy LLM f] DA RO M AR, SRERE TR . X —%
KW, R EE SRR, R RL B AT AR E AR, 28I Je il RL BoR AN
TTRL sk, FAESE SR RL FE (ARICH full-sim) PR HIER RL, HAPTEI%
R SRR R, FRNTKERA REPFT T 1) M ONTERIRAY LLMs
TERE TR M EAES EROVERERR B A7 2) SRR RL 20 AT 525
B W 25 R R A RS B A%

B, FAIBS LLM 20T AR T HS i AR REORAE ARG R, AR A
WANBIRERTIEE, it, FALEE R 25 T RAR S e A — AR S A
W EAE, MEEEM S ZEE LLMs MNEBREE S . T IZ00REE, LLM 78
HEHP gt 7 R AR, = A B G 48 o AL R = i pass@k 154y SRT, WIEE
WU AR BAR A P, X8 THEHERIR ST EER R Z M 2E8E . A T XX
— PRI R R NS sim-to-real ¥ 5E &BHIEE RL 19 17, RATFIE T B IR R
>) (SSRL) Wy Sy, % il BT A% U fY e ih ks 7 LLM p9 3R RAE S, i
REfS B 523 NP AR R, TR INTE % . FRATHLEERM, Zad SSRL Y14
FARURAAE A FEE LR T e T2 APT (¥ RL £L2k, Ul Search-R1 Fll ZeroSearch,
11 ELIAAE A AR 3%t e P B T AR R A5 AT IR0 T #8 2R IR 8l 174 i) o] 225 v ) 40 0
AR, XA T RSN 2R 5 | RS, I8 sim-to-real JZAWTFRE T Hriigts, fff
H IR IR P PAS B BERENS A (R L F5 1) A ELSE W 2515 IR IR AE R R H o

BIEZ, BT TAELRY, KRAGE S (LLMs) fEhMEBHlas LA EE% ), X2
—FP AT AT JC 7R S AR A ) () 8 R KB AT 55 B BE U i (] SSRL AR G & AL FH 3G 5 ixX
ﬁﬁlﬁﬁf—?\)ﬁ%j}, FATHE G F=RAT YRR LLM P TiER (Leike et al., 2018; Gao
et al., 2025) ,
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DEIBSHOSERERE T WES. (§ 181)
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Tt B R AL T HEANEG 2558, 4k Brown et al. (2024) 25, Fellla
X1 SRR AR K A o LR RV c R EGEE0)
S| , .

logc ~ ak?, (2)
Hora F1 b RUGHIBSHE BATRHE DRI EOAG R B 65 o I EIEH . B
c ~ exp(ak?). (3)

12 jbREt

Following Jin et al. (2025a) , we use an unbiased instruction without any hints for reflection.
The instruction just teaches LLMs to think step by step. The prompt template is shown in
Table 1 .

Prompt Template

Answer the given question. You must conduct reasoning inside <think> and </think> first
every time you get new information. After reasoning, if you find you lack some knowledge,
you can call a search engine by <search> query < /search> | and you should return the top
searched results between and . You can search as many times
as you want. For multi-hop QA, you can break it down into pieces and search one by one.
If you find no further external knowledge needed, you can directly provide the answer inside
<answer> and </answer> without detailed illustrations. For example, <answer> Beijing
< /answer> . Question:

Table 1: $REIRAHT . (3]0 Y 25 AN HE AL AR v e K 2

FA TR ACHEBHE S0 DS AL iARE , BB JofE <think> ... </think> $R&EHE
BHAAP AR . YRR L AR Ok () B 5 (R SRR AR B, ‘B RAE <search> ... </search>
PRZE R E SR AW, ARG, AL A O AR B AR X BE A i), TR AN A

PR . XS R SRR TR A WA,
BB RAE R BARXFIIESERNZ R ERAGAMUZ AL, HHAELH B4
RRA: FANTH T IEA e 1l 5 S R G AT B SR ik AR, R — e 4
(Wei et al., 2023) i, Hrpife 5 BB E BRI 1) A4 ) (] T A SRS BRHE , B 3%
B RN RAEE . SO T ERE R R UR R AR SRR T [
T A B SR

1.3 LIk E

AR = 2R M B4 1 LA SR UE BT IEAL 1) — i &r, E i Natural Questions
(Kwiatkowski et al., 2019) A1 TriviaQA (Joshi et al., 2017) M[XFFLANHKER; 2) LBk
&, #Hid HotpotQA (Yang et al., 2018) . Musique (Trivedi et al., 2022) . Bamboogle (Press
et al., 2023) #l 2WikiMultiHopQA (Ho et al., 2020) FEHE L 505 HIFTHERE; 3) BOH )
%, ilid BrowseComp (Wei et al., 2025) Pl M A BRI B h rp P2 5 . X —£ A vl
MEZE T T A E AR R B 58 A (E B A RE ), $RAE T X BIAYAE 2 Fh h) 2 37 5%
HPERRI R PP . EMETEAE R TR 2 .

B, RO B ORFERCR Y PP, AT =R b #7555 Qwen2.5
(Qwen et al., 2025) . Llama3 (f4$f Llama-3.1 il Llama-3.2) (Grattafiori et al., 2024) . PA
M Qwen3 (Yang et al., 2025a) . FRATMILAYBIALE S T M 0.6B 5| 72B 1) Z S HONEL
N TAETA s AR AP RYLLEE, FATRR— B REES R, REBRDE N 0.7, top-k 4-1,
top-p 24 0.95, fK token “y 8192, FrffiHFE4-WRTEM R A.L.1 .

L4 RS
nE 2 FE 3 Frs, FRAOTWEE A FEARZCE RIS, FEAra Z b 2 — R E]
TR e T . (EAE RS, fF Bamboogle |, Llama-3.1-8B-Instruct i5%|% 87.2 1

HERf2E, M EE pass@l PEREERTE 7% 150 o XL E MG AE A = MRAURS (Qwen2.5,
Llama il Qwen3) ¥R, JUHE Llama RFERIMFEHIA R, K 3 2R T
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Knowledge Type Benchmark Time Construction Targeted Task Source

Table 2: TR, REZBEHER T ER, BT 2WikiMultiHopQA F1 MuSiQue,
KREFH M N T

Llama Model Family Qwen2.5 Model Family Qwen3 Model Family
70 70
60 v * 60
.50 .. 50 /
8 R
=40 > =40
Q . Q »—
230 ; Q30| —
20 Llama-3.2-3B-Instruct 20 ¢ Qwen2.5-7B-Instruct 20 Qwen3-8B
—— Llama-3.1-8B-Instruct Qwen2.5-14B-Instruct Qwen3-14B
10 —e— Llama-3.1-70B-Instruct 10 —— Qwen2.5-72B-Instruct 10 —— Qwen3-32B

20 21 22 23 74 35 26 77 78 79 pI0 20 21 22 23 74 75 26 77 28 9 I0 0 20 21 22 3 74 35 26 77 28 29 )10
k k k

Figure 2: =AMERGLH (Qwen2.5. Llama fl Qwen3) FEAAIEME EIEATE I RAERI4HIL
(Hyiﬂéia EERWATIEREAIRTE, HAP AR ZER Y MAE 73500 1.42 %, 1.45 % A1 0.95

TE BrowseComp FIFPERE, X 42—~ DA MERS I 2 R H IR A7 SO AR IE g BE e . B ORAT
BRI GPT-40 {GEHN% 1.9 , ol 1543% 10 , (HEBREF AWK TIHAMEER: Lt
B IREARTT, Qwen2.5-14B- Tnstruct Hl Llama 3.1-8B-Instruct #1377 ol AIM:fE. X—k
PRI LLMs A RIERNTERNE, BIEEA SN EoRIR, Rk S RAEA 2R
Xﬁ]‘%%ﬂé]?ﬁj\*ﬁ# #$9¢H 7 LLMs F£ N X 45 %ﬁ?ﬁﬂﬁfﬁﬁ@%ﬁ SRS . B2 AT
J[_J ) 2] e

Llama £ T Qwen, SIEMMHEUT SR -

SEHIBBTSY  (Gandhi et al., 2025; Liu et al., BrowseComp
2025b; Wang et al., 2025a) T, Qwen iR 200 Qnen2s7bimstuct
(@j:ﬁ QWGH25 ;Fﬂ Qwen3) T;E;E&#TEIE EF‘—,E—%E 1;2 —— Qwen2.5-72B-Instruct
RS, IAEM AL ST FRBE I Llama 150 - temeaxse
BORBUR KTt SR, RAEFTE, £123 i
1EH R RAL Y, Llama SAUE AR 6 § 75l — Gwena-14
WA S T Qwen B, A1 2 AL 3 T 10| — owersons
o AN, ARIURE) SHEIERE o
DR, R 150 e o
AT BRI - 20 21 22 33 24 25 25 27 28 2° 210

K

AR R E, TeflI0Z5 0], i P T

/E;I%*:F‘a i‘BC/J\E/‘Jd:%ﬂTU\]jj%U %%ﬁin?‘fﬁ Figure 3: ’—I’:E BI‘OWSGCOIHP J:F\lﬁﬁ TTS
2= 10 x HYBBAT LG PERE, AN passQk M o G i R b Be— B T . X 2R
. B, AE TriviaQA B, I 1024 DA g pEges e gl , Hob LLaMA . Qwen
itf, Llama-3.1-8B-Instruct 384+ 81.2 % B9, 2.5 Fl Qwen 3 R HIHTFH MAE 4 1%
I Llama-3.1-70B-Instruct $£1% 81.4 % , K4 034 %. 022 % F10.26 %.

BB NEAEE R ZERE (FL25 ST X

—RIEGPAFERIIFIE—E (Snell et al., 2024; Liu et al., 2025a)

www.xueshuxiangzi.com



Preprint.
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Figure 5: FEAAYMTET, W& T MM hERE AR, 28 HRRUALA R
HRR IR

L5 gt
L5.1  SHZHYHERLE e g7

TRV . WAEE LA YR ETHERY, FNTFESERLARG OB AR R B B R
A—EHIEER, Filil, Qwend 5 Qwen2.5 il Llama, FEATTH, FATH LT Qwen3 L
Brp HETRCH A R, AR5 OB AR 79 % ZRIERMZ R, Mz
BIDFFE IR 18 o X THRCHAHISEBL, 24 A ) A 2 F505 SCELINT , FATTAN AT AR ]
LLM fyma <, RO RESHE LLM BRE . MR, FRATAD M K i bt S5 iy
PRic, FAEM RS LR T AT .

BAERMMMCEFI  Qwen3 BB Ry «BE" F1 “JERIE” Bizl (Yang et al., 2025b) ,
FRVFAERE AL e A B B2 I T 8h R B % token ISR N T HFSEAE A R IBRIAES
TR token (2N, FRATHAT T —TX HUWF5T, PRI RE P25 R A RS RN
ml. FAMNGE T T KB % token B <search> ... </search>

, Ml <answer> ... </answer> W] token, W& 4 Frx, ZEHFEH,
Bt 7 BCY token Kardiin, K CoT HEPEIFA W R EAFHRIL, X 58 J8eraid (i
AT G . X P REE N E S R fRo 7 2 EEMOB T AR, Toie 2 NERINE
%zlgﬁljﬁﬁi{ WZ;%W%FE%Q XL PR, 7 H I RTINS F B CoT, PA
hid token X%,

ZRABALESPEACHERE.  FERRABSCR P IEE R T7E (Jin et al., 2025a; Sun et al.,
2025) , FHEFRAMANZRAR, RITVEREIFIAT A RMER. FeAd R i), &
PR B P I AL AR AR R, Rk S5 BB A R B R S0, IRk QR
T2, HERNRAIE. TAFXF LR EACH N o KT ik LLM S bRt 15 ST
DYNEM A L2 d. lTRATRY I IRIEER TXAMARIR RS % (1 Google, Bing &%) MY
R, FRATEES TR STELARRAN KA APT R FIERI U IR . Ik, FATE N =10
PABR R IR A AT IR IR OB AN SR B 8 5 58 . ANIAL 5 B, DATHAERARIC A &
A B B A ORAER I Ar A PR RERIAS P O PEREIE G, BP9 27 LLM B Bt 5
R PEBAUER I _ERR o

WA REM AT EZmPEfE. Deepseek-R1 5| A “Aha Moment” (DeepSeek-Al, 2025)
s R TORBE F R AR SSRGS, R A E R A AL O T . A T ST
P SUEAT R AR R A AN IR R B IR RS, IRATIE R R oA T il &

7
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80 Llama Model Family 80 Qwen2.5 Model Family 80 Qwen3 Model Family
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--- Llama-3.1-70B-It maj@k,

--- Qwen2.5-14B-It maj@k . --- Qwen3-88 maj@k
—— Qwen2.5-72B-It pass@k . —— Qwen3-32B pass@k
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1 & 16 64 256 1024 i @16 e+ 25 1024 1 16 e+ 25 1024
Figure 6: /N[ NASFEE B9 2R AR 1T (H.

PSR . BAARYE, FATIERR LB S F i “&5—TF, &F—"F" DAS RS2
F A RRB AR AR, 18] 5 R T SIRsi R . JAE K, fEMFENSMBE T, 5
A LAY ARAFRILL, SOUBATHE pass@k IR A2 AP TERE -

g LRk, AT R BRI EARE BRI | A2 R A BAE B RIS A R A .
X FEIAE X BEE SN, AR A v RE FE IR LA . R R A R S A A A AR A
MR, FEMTH—LEHPI5 (Hao et al., 2023; Gu et al., 2024) .

152 ZHHEFESHLR ak

e LRSI, Fef A BURBE SRR RN ) BT 55 R B B R PR RE LRR . SR
MEICRE DR AN, IR SR, (HZ AR5 58 p iRl DR A 25 ST SR LA Pk
P (Brown et al., 2024) . XRIIEIRHAE TN TRI% (TTS) M ER, #2147
FEHAD TTS SR 22 o

ZHAEERY) NN R IR R EAA RN T, AT PAS IR (Zuo et al., 2025) A4k
B AT HPUE MRS RS HAR B RNREERUL S, AR T majak $545.

AR b, MK A IR B i B S LS S UL, maj@k BOESH 1, A 0,
ZRAE LI U TIPSR AL o RATER 6 R T 4R AT R, R
FABE M ZHAECER b AR ko, PERESGE AU e H . XA IR AT AR,
T L) 2 B ST BEAS R AR R RAT 55, RO IR E BT RETEZ DA RS . X
SE IR, LLMs A5 3 ) Ot AL, (HRT S B tH A2 BRI, anfar PR feRs i
HIRAIRE— D BAPRPERIE S5
FEATTH, FAIMH sRAESE ) (RL) AR SR (LLM) BB M EANTH BRSE0T S
TR FATFSE TIEH R RL H, SRISBCRLVE S T R HB S A R, ARETE
EEPE (Sim2Real) Fl TTRL & P HERE.
FATHFISNRE RS 50 LM (RAGE SRR RAMEE Tt > Hix, WRAr
I

H}FEZJX EwND,yNTre(‘lai;R) [T¢(ZE, y)] - B]D)KL[ﬁe (y|£L‘, R)||7r1‘€f(y|x; R)]7 (4)

o Hob me FOREMBI | o MRS HEHI, vy, RRIDKEL, R FRBRIMEL, M
Dpp Fon KL UZIEMAIT, 2E08 B o ERATNTES, R E 3 ] A
ZRMARSN ORISR AR, RFIFEE R 855 mo MFEIAG. XF0 E R 6
FATREASRE H An ek B i1 -

X B,y (10) [ (2, )] = BB o (1) e (y1), (5)
Uy HEHER MR R A 2T 9, Tl RN GRPO (Shao et al., 2024)
PRI, T R [ A2 > ¥, 035 PPO (Schulman et al., 2017) .

Reinforce++ (Hu et al., 2025) . DAPO (Yu et al., 2025) Fl KL-Cov (Cui et al., 2025b) ,
PASG IR S
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1.6 YIZITik

e S bR ILHERS  JeRTIWISE (Jin et al.,, 2025b; Sun et al., 2025) KM, MM G| %E 4 5
W fm EARCA BT RGE IR R I RE . SR, 7 AT, BRINFEER AR E &
MR G AR, TARANIAYR, X 5|5 T R TAELX M O T {5 SRS B 3R 2 A SE I -
U, FATEPIAZ1F T BT HOACSE T s G 58 BB b | 255 B T 45 BB il Il 2%
FESEHH, FATHREUE <info Gl A Y BT A AR AR TR
FRRCEA]. BTSSR TR, BRI A LR, (FEFRIARES R IR . &
TN SER S RAE S 77 TR

WINERE s DeepSeek-Al (2025); Yu et al. (2025) , FATRM T —MIEHAME SR
IR ARSI RIS A2 o FRATT Il PSR e A 0 A R A R 5 SR 20l 4%
HE DA™ R 45

1, is_equivalent(g,y)
—1, otherwise

mymz{ (6)
Sy REDIER, § RFIEZ.

8 10 18 2 e s 5 2 M T R TR, Ak 2 T4
B (S T B M IR SR PICAEE S LA R s T A T S .
TSR Tk MBI TR I, R (MR . TEILMRE © .« %
S A I PR 12 B R . 2 AR S AL

S B T RN, AR TR

1 if is_equivalent(g, y) A frormat(y) = True,

ro (i) = 1— XAy ifis_equivalent(4,y) A frormat(¥)
o\ Y Ay if lis_equivalent (4, y) A frormat(y) = True,
0 if lis__equivalent(§, ¥) A frormat (y) = False,

: /H\E;ﬁﬁ]iﬁﬁ Ap = 0.1 PARSCHIEIERGME, (A OREF G AL ERE, EfE (Wang et al,
2025b) .

= False,

(7)

1.7 SEENE

FEHEMRR  FRNTAESS 77 AR A ERE EVEFTPEAL . T BrowseComp HYMEREAR KA
LA A IR, AR ARG 2 Sh . A T 5 I B T A1 L, AR Sun
et al. (2025) (AR BRUELE . FATAIPEAE R EM J73k, JUATERIN-5 L R 5 42 It
B A B IER o XA AR PEAE TR ER OR T XM BE R AR AR VA

gk AP Self-Search A RE, ATHIRATRELE DU B EIEAT IR JRAESR R
T, GUIEEERRA CoT; BT RAG ik, wfitrif RAG Fl Search-ol (Li et al.,
2025b) ; T RL W5, 35 R1. Search-R1 (Jin et al., 2025b) Fil ZeroSearch (Sun et al.,
2025) o FATHATRBLRELPEAL,  RIRHERE H I 00 T 8 R R E Ll ik, AT
TEAELFRSE PR IR A1 LU, FRATRRE T 55T RAG #YTIEIR A B fd - 3 o X T
JRAEFRR TR, AV T2 58 2B, eI EAL R IRk RE )y .
L SEEAN AT SN HER % 77 H

FAMF2AE Llama BA R 5 FgEFToR 2] S8, HACH Llama-3.2-3B (CE:ft/455) Fl
Llama-3.1-8B (Al /38'S) , X SRAUE BT EAEEE RPN RR B A sk e &
W A5 28 TAEZLM NQ F1 HotpotQA Y5 REER A&, PAMRIELEE QA
5%k QA Wghé. AT IIGHELR A H GRPO 1ENERIAGE, [ 2 HAth
¥5, f4E PPO fl REINFORCE++, PARRIEFATA I Fadv:. Irg il Gl s 8 4
NVIDIA A800 GPU {5 5 _E#t r. X+ GRPO, YIZEE WHG— MRS h 256 1)K
N, 2E RN 1e-6, FTERTASCE HHEAT 62 Sy . FrARBIAER AT Y S50 e R B
JEE 4096, PRI, FRATRHRZRE N 1.0, R4 5 ANy, R 0.001
) KL SR8 JA DR IEAT 5 ARG ISR, DER-F- S5 Yk e Al 5 e o ARG
ST R AL, SRR ERE TR IR A . XA AL, AR E N 0.0,
AR B SN FIAER SR B.1.1 .
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Search General QA Multi-Hop QA

Model Enai Avg
ngme  NQ TQ HotpotQA  Musique 2Wiki Bamboogle
LLaM A-3.2-3B
Direct Answer 0 /- 16.2 29.6 12.6 2.0 9.2 8.0 12.9
CoT 0 /- 26.2 44.4 16.0 5.8 10.2 21.6 20.7
RAG 0/G 30.0 57.6 234 9.6 17.6 11.2 24.9
Search-ol 0/G 24.2 48.4 19.4 6.0 17.4 32.0 24.6
R1-Base -/- 28.4 44.2 22.8 7.0 28.4 11.1 23.7
R1-Instruct -/- 35.0 52.2 21.6 11.4 17.8 20.8 26.5
Search-R1-Base w/G 41.2 60.0 29.6 13.6 31.6 19.4 32.6
Search-R1-Instruct w/G 37.6 53.6 21.0 8.8 20.4 27.8 28.2
ZeroSearch-Base /G 43.4 63.8 32.2 13.8 35.6 15.3 34.0
ZeroSearch-Instruct /G 40.2 58.0 22.8 10.4 21.4 18.1 28.5
Self-Search-Base -/- 35.0 45.8 28.2 14.2 29.6 30.2 30.5
Self-Search-Instruct -/- 43.8 58.4 25.0 14.2 31.6 38.4 35.2
LLaM A-3.1-8B
Direct Answer 0 /- 21.2 52.8 21.0 3.2 8.0 23.8 21.7
CoT 0 /- 23.0 46.6 18.8 8.8 17.6 35.2 25.0
RAG 0/G 40.8 62.8 37.0 22.4 34.0 38.4 39.2
Search-ol 0 /G 26.8 37.2 21.0 9.2 23.6 25.6 23.9
R1-Base -/- 21.0 48.8 23.0 5.4 28.0 5.6 22.0
R1-Instruct / 39.2 59.8 30.4 18.2 36.8 47.2 38.6
Search-R1-Base wY/G 41.0 62.6 40.0 25.0 37.8 36.1 40.4
Search-R1-Instruct wY/G 39.6 59.6 36.8 19.6 34.8 31.9 37.1
ZeroSearch-Base ®/G 38.2 52.4 26.0 9.6 28.4 12.5 27.9
ZeroSearch-Instruct x/G 48.2  68.2 36.6 19.6 36.2 40.3 41.5
Self-Search-Base / 41.0 49.6 30.0 18.4 34.4 32.8 34.4
Self-Search-Instruct / 48.0 62.6 34.4 24.2 35.2 54.4 43.1

Table 3: FATYIZEBIATENASBME BT EM QIR 12458 . 51 Search Engine 51
SEAEYIZR G BORIPEAG B BEOE A I M R 5 158 AT 0 R B BCA L B BL, I
0 FORBHNERANR . AT o0Fm il LLM, ]l WHRIRER R AR (k. FATH
GBI AR N bold K.

1.8 PEREVEAN

FAHER 3 IR T RIS, I (3 27 Ak 28 ) R TRMPL. &
XS Qwen RIHEAT T 55k, Qwen2.5 Al Qwen3 HILERATEM S B.2.1 A B.2.2
SRR T LA KR L

SSRL U7 7 ibbMIPERE. TR IMOSEILEN, IZA7 A FE SRR RO BR, — B0 T
SEQCRI NI RS ER B, Tt i T IR AR S B A BOE R . N ML E],
AT A HE S AR V2R 0] R BURATIE, PR R, oK% B, itk
BTSSRI, 1 B DA RO i e B AR R e, 60T AR
BT T, PR3 5O o B IR Y15 L

FEA [ B R AR [ B DRI T, 220 15 R D0 RS R A b BE RIS IR 1 ol 25 S 4
APERE , X R ITE BB ROR R T BEE A TBUOMY RIS . SR, X — (S LT K
TR0 RE TR TR PRI A ] A RR T TR B @, (HA SR B U AT
%ggﬂ%ﬂim LR RE . X — A B 7R X T A S MR R =5 2O R A Ak

5]

SRR BRI AP i (I BAR AR VERE . PR TR ISR . FRA T E AR
AR R R . FE ISR B, AR BERI R 28 R 2R 1 A X
RINZRin kL. FEE BB, Llama-3.1-8B-Instruct % BRI HINE , A2 0 il 8
Hraz H EHFSUERSE R TERE , A TIIAETRAT AR I P U S 4 F) B

SSRL wWhnEzchikatd. & 8 B/RT ZeroSearch Fl SSRL [illZkili2k. 5 ZeroSearch £
Fo, SSRL J&/R T B E MmN, S8l TIlgRmia g 5.53 fi4a%i. Bbsh, SSRL fr%k
YNGR FE rh R B R i R G K M A et R AR R . RTINS
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5io TR BAL 5E 245 & Search-R1 (Jin et al., 2025b) g RIS, FRATATLATCSE
EMEL IR RIIRE . A TR PP B LS LRz Ak, WA THLESA RL (Kaspar
et al., 2020; Da et al., 2025) 4k SEmIAIE .

FATTRHARRLLE B (5 B A ok B W8 R oA HTE R E A S PR i R 4E R, e Bl K A~
HAERPm R, Hep K 3R H Jin et al. (2025b) R M KIER . N THfRHEN, 3K
ﬂ]@ﬁﬁ%?ﬂﬂ!ﬂ‘]@ﬁ&ﬂﬁfﬁ%ﬂE‘J%E\iﬁﬁfﬁﬂ‘ﬁ, PAE BRI 8 A A AAE B .
4 ME 9 BR TR LK ZE R . B Llama-3.1-8B-Instruct #p, X raHAEL, 1HEER
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WE R, T SSRL WEIALE F A/ D& AN P A E LB 2 LT, %ﬁdﬁ{jﬁ%@%
PEfg. XL B, #?1\77(5:W%ﬁ%ﬂ@qJ;U”éfﬁﬂ"]?%?ﬁﬁﬂ?’fﬁ%%ﬁ*ﬁﬁ7 T PAE ORI
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PRI R A IR T s
B AN EE, A fil A SR R
A, FATRAT AR . Fef 1
Sim2Real (All) = 3ATTH B LA T

Qwen2.5-3B
—— Qwen2.5-7B

SSRL

SSRL

11

*

(]
)

Search-R1

ZeroSearch

Search-R1
ZeroSearch

WWW.XUY
25

0.0

1.0 15
Avg. Online Search Number

eshuxiangzi.com



Preprint.

General QA Multi-Hop QA

Model Avg
NQ TQ HotpotQA Musique 2Wiki Bamboogle
LLaM A-3.2-3B-Instruct
Zero-shot CoT 26.2 44.4 16.0 5.8 10.2 21.6 20.7
SSRL 43.8 58.4 25.0 14.2 31.6 38.4 35.2
Sim2Real ( K=1) 444 63.4 34.8 17.2 37.8 42.4 40.0
Sim2Real ( K=3) 44.8 63.0 35.4 19.4 41.8 47.2 41.9
Sim2Real (All) 44.0 61.6 35.2 20.8 42.8 46.4 41.8
LLaM A-3.1-8 B-Instruct
Zero-shot CoT 23.0 46.6 18.8 8.8 17.6 35.2 25.0
SSRL 48.0 62.6 34.4 24.2 35.2 54.4 43.1
Sim2Real ( K=1) 394 55.8 34.0 26.8 39.8 53.6 41.6
Sim2Real ( K=3) 33.2 50.6 29.7 23.4 39.2 36.6 35.5
Sim2Real (All) 39.6 54.6 34.6 25.0 36.8 50.4 40.2
Qwen2.5-3B-Instruct
Zero-shot CoT 15.0 33.6 16.2 3.6 18.0 12.8 14.7
SSRL 23.6 41.0 22.4 104 26.0 32.8 26.0
Sim2Real ( K=1) 35.2 44.0 22.0 14.8 36.6 26.4 29.8
Sim2Real ( K=3) 37.8 51.6 26.4 224 36.8 21.6 32.8
Sim2Real (All) 37.8 51.4 27.4 22.4 36.4 22.4 33.0
Qwen2.5-7TB-Instruct
Zero-shot CoT 12.8 35.6 16.2 6.6 22.6 24.0 17.4
SSRL 31.4 44.4 26.0 11.8 31.0 36.8 30.2
Sim2Real ( K=1) 384 58.0 35.6 18.4 36.0 41.6 38.0
Sim2Real ( K=3) 43.8 64.4 42.0 29.4 53.4 54.5 47.9
Sim2Real (All) 41.8 65.0 43.2 28.6 50.4 52.0 46.8

Table 4: Sim2Real #RIZILWITERE. RO EHRAEFIR . 8 K%5UH underline 7R,

Model GeneralQA Multi-HopQA Avg Avg. Search
NQ TQ HotpotQA Musique 2Wiki Bamboogle
LLaM A-3.2-3B-Instruct
Sim2Real (All) 44.0 61.6 35.2 20.8 42.8 46.4 41.8 1.9
Entropy-guided Search 45.2 62.4 34.6 18.6 40.0 46.4 41.2 1.5
LLaM A-3.1-8B-Instruct
Sim2Real-guided Search (All) 39.6  54.6 34.6 25.0 36.8 50.4 40.2 2.6
Entropy 43.2 56.2 33.4 26.8 40.8 49.6 41.7 1.5
Qwen2.5-3B-Instruct
Sim2Real (All) 378 514 274 22.4 36.4 224 33.0 3.0
Entropy-guided Search 36.4 54.4 30.4 19.6 36.8 25.6 33.9 1.8
Qwen2.5-7TB-Instruct
Sim2Real (All) 418  65.0 43.2 28.6 50.4 52.0 46.8 2.6
Entropy-guided Search 40.6 63.4 39.0 23.8 45.4 48.0 434 1.9

Table 5: LLaMA il Qwen2.5 #EARU7E ] 4 e sl TR e PRt AT B S8 R 5 S I Y
PEAE. ~PFIRRRRECR TR A O AR P R <search>  BFIYWEL, EIELE RN EA
R (WRAAERIE) o

IS, I HOSZ PR RE o ) LAt
A AN R, e 4
s (A K5 — IR R R I Al
5, WS IR B.23 ) . WATER 5
HRR T ISR . XA R R
WS R AR T 20-42 %, M
TR TR, RIRHREE T 5 5E D
BREM YIRS, WFRATESCTA, B
% Llama-3.1-8B-Instruct £ Sim2Real
(K = 3) T4, {H& 1 Sim2Real (All)
FIELF, XK Llama-3.1-8B-Instruct RYEIAFIHIMFE R, Xlgg2m T HRER
WEERI G B 5 AN MG B2 R RY 20 . X Segh Wi THRATH B A U RIESHRANA
*Hﬂélezégﬁﬁ'ﬁﬂﬂthﬁﬂﬂILHT BATAT AR R FIR, A 2 0L T MBI &
/T;‘F NI o
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GeneralQA Multi-HopQA

Algorithm Avg
NQ TQ HotpotQA Musique 2Wiki Bamboogle
LLaM A-3.2-3B-Instruct
GRPO 43.8 58.4 25.0 14.2 31.6 38.4 35.2
TTRL (w/o info) 58.6 76.4 47.2 37.2 59.4 57.6 56.1
A +14.8 +18.0 +22.2 +23.0 +27.8 +19.2 +20.9
133.8% 130.8% 1 88.8% 1162.0% 1 87.9% 150.0% 159.4%
TTRL (w/ info) 57.4 74.0 45.2 36.4 60.2 56.0 54.9
A +13.6 +15.6 +20.2 +22.2 +28.6 +17.6 +19.7
131.1% 126.7% 1 80.8% 1156.3% 1 90.5% 145.8% 156.0%
LLaM A-3.1-8 B-Instruct
GRPO 48.0 62.6 344 24.2 35.2 54.4 43.1
TTRL (w/o info) 43.0 64.0 35.6 27.2 47.0 52.0 44.8
A —5.0 +1.4 +1.2 +3.0 +11.8 —2.4 +1.7
1104%  12.2% 13.5% 112.4% 1 33.5% 1 4.4% 13.9%
TTRL (w/ info) 49.2 67.4 35.4 40.2 48.2 52.0 48.7
A +1.2 +4.8 +1.0 +16.0 +13.0 —2.4 +5.6
125% 17.7% 1 2.9% 166.1% 136.9% 1 4.4% 113.0%
Qwen-2.5-3B-Instruct
GRPO 23.6 41.0 22.4 10.4 26.0 32.8 26.0
TTRL (w/o info) 39.2 59.8 37.8 23.8 51.2 49.4 43.5
A +13.2 +18.8 +15.4 +13.4 +25.2 +16.6 +17.5
155.9% 145.9% 1 68.8% 1128.8% 1 96.9% 150.6% 167.3%
TTRL (w/ info) 31.8 58.0 33.6 22.0 49.0 48.8 40.5
A +8.2 +17.0 +11.2 +11.6 +23.0 +16.0 +14.5
134.7% 1 41.5% 150.0% 1111.5% 1 88.5% 1 48.8% 1 55.8%
Qwen-2.5-TB-Instruct
GRPO 31.4 44.4 26.0 11.8 31.0 36.8 30.2
TTRL (w/o info) 40.6 63.2 40.4 28.8 53.2 64.0 48.4
A +9.2 +18.8 +14.4 +17.0 +22.2 +27.2 +18.2
129.3% 142.3% 1 55.4% 1 1441% 1 71.6% 173.9% 1 60.3%
TTRL (w/ info) 34.6 54.8 32.6 20.2 43.0 50.4 39.3
A +3.2 +10.4 +6.6 +8.4 +12.0 +13.6 +9.1

110.2% 1 23.4% 125.4% 1+ 71.2% 138.7% 136.7% 130.1%

Table 6: ffifff TTRL #1 GRPO JI|Zki1) Llama il Qwen [J4fE. w/o info #1 w/ info 435l
FORTLAE B AA (5 B . SRME A RIR.

1.8.2 A5k fhsz >

F P CE RL B35, Bl TTRL, (Zuo et al., 2025) , FERCARIAUR A Oy TR 1%
KIGIETT, FATHAE Self-Search F )7z AbfE 1R 4747 . FATHE Llama R 51 FiFf75055
i NQ. TQ. HotpotQA . MusiQue, Bamboogle, 2WikiMultiHopQA F BrowseComp !
M ER S . ST RAER SR B.1.2 o SH T PR ATE R 200, ATHEAT T IR,
AEA A ESERREOL,  [FORAFAS R A, XX TARZE BEENL TS IR 2 022

.

TAEEH EM fj g5, HEE 6 HERLmgi R, MWL, 5 GRPO ik, i
TTRL #4724 6 Eﬁ} %tF Llama-3.2-3B-Instruct, ¥i@] f’i’“ﬁbj’,—\%%T 59% o X—H
ST TTRL FEE IR AR % b 3z ALe J7. TTRL B, AT A& ICT (5 RS
YT A B AF R0 25 58, X5 RLVR MIFJE. 2 ANWIFR &, A% A & 71 F e
i fay B il TTRL Eﬂ@&ﬁﬁl‘jﬁﬁ%ﬁlitﬁ E1E BrowseComp FHUfS kit 7E
BrowseComp FAYUERGREEHI L ILIE 13 , mAVEREFEPRIER 7 P i gh.

A A BRWE, /MEAE

TTRL :IF Browsecomp J:%’?E%ELT Models BrowseComp
BE R, BIATRABFSTIL L8 WebSailor-3B 2.0
LI SIGOEHO T Quetib It (TTRD 89
NS L EL AR wen2.5-3B-Instruct -Sim2Rea. 1.
SO, SRR ERETES e et (TTRL) 6.2
Llama 3 2-3B- Instruct (TTRL Sim2Real) B 5

L%+ WebSailor, F{1M BrowseCo

4 R EL IR | 6 EUOCAEL RO, Wb Seplog gg@@ﬁﬁgg@@ﬁp
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Model GeneralQA Multi-HopQA Avg
NQ TQ HotpotQA Musique 2W<iki Bamboogle
LLaM A-3.2-3B-Instruct
TTRL 58.6 76.4 47.2 37.2 59.4 57.6 56.1
Sim2Real  56.6 74.8 46.0 36.0 59.0 54.4 54.5
Qwen2.5-3B-Instruct
TTRL 39.2 59.8 37.8 23.8 51.2 49.4 43.5
Sim2Real 39.8 61.2 40.2 22.8 51.8 41.6 42.9

Table 8: Sim2Real ##Z7F TTRL FiyM:EERZ 1k

PrAT 20K, X5 8 K- # U
So X HE— A INaR T FATH WAL,
B SR AL S 5 B — B
G, ATPAR T gl A 2%
F4 1 AL

FflidcAe TTRL INGRAR EJEFT T Sim2Real SC8, HAER 8 /R T4 R R4F TTRL
HMILET RLVR SEEL T BAFAPERE, (HESIA 7L BEMEEL A RRAIEI FLYE ARRAR 1 LY.
BSCERE R 22 . TN RBL, JLT- B Al ] — MR R A 52, B2 BroweseComp.
P, FE— WM, MR 514 0% LLMs —RERBERIG I E . BLoh, FRATIES
| TTRL YIIZRp B S fi [ T 0E4% MBSl ARG A 5. 3
e %3, EH RLVR SOREMH DR, XA T SRR ] UM R e AT . &
30 R T EBIFTI

19 PE—iie

T PrA 628 2 0 £ SRR IR T RIS A B A df PR AR A B A J B IR B | s 2 g —
A EHARM AL SRS . KN ZR e BB AR, FANTHEAT T AEsA ) R o To AR B
BRI RS8P 10 &R TXFHE R . SCBRSE SRR, 5 EU5RCrE 25 Fh Sk v il v — B
HFRTF TRVERE . ST RS 77 BUIRBAS AT s , UIGRd e rh R AR B ARl fA
A B A VMR (Y PR BIE . RIS 1) BE 7 A AE AN [A] ) AT 55 oML 8 3 i) — EUPEdE e
RETHEME T A TR AR I 2399 [0 S A2 ) BT G AR (R R, DR MR 0 A A o
WRAMS SHEBLIIAEA LY, A TIAEHE T S5 28 T B S 50 ) A e )AL RE 7

3.2-3B Inst w/ Info Mask

3.1-8B Inst w/ Info Mask

3.2-3B Inst w/o Info Mask

3.1-8B Inst w/o Info Mask
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Figure 10: FEYN A LE BRI E T, Llama-3.2-3B-Instruct f1 Llama-3.1-8B-
Instruct EREFR I .

N TR R R AR AR R TR R G | B O RE ), FRATTBOT T Al U2l
o R EAIEFR AT A HEFEAE L f@/l\ﬁlﬁﬁzﬁ{f{:ﬁﬁﬁ*ﬁiuﬁ/ﬁjﬁﬁﬁﬁT*ﬁﬂﬁi@ﬂﬁ%%\
SRAE SR TUERS 2o FA T 3T HA To AL ZR R 2 A 31 R AT 52 o A A% X
KA. B 11 R T g gs R, RIS e pr g B i i 238 Tt 7 SR
BUFN 223 35 2 PR AR B A PEBE . 10 28 J BB 1 S5 44 10 i B A =X T 7 B — A B4 o )
SR R 2 X HE, R ERN— A KR LS, 51 PRI R AR
FIFEREIEE, DMEHEA S0 NI 2 . W XSS, BBV A= AN RIE T
WP, RAEFTR MM R ), FEERARMER M. oAb, RATMERNE A
Pl B A RE I G X RIS AR T U S AR

HotpotQA Musique 2Wiki Bamboogle
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I 3.2-3B Inst w/ Format Reward
3.2-3B Inst w/o Format Reward

3.1-8B Inst w/ Format Reward
3.1-8B Inst w/o Format Reward

62.667 .4
.6
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Figure 11: ¥EA RN ANE G R 20% w1 0K, Llama-3.2-3B-Instruct il Llama-
3.1-8B-Instruct FPERERI. FrA pBALEE 15 B 5T I 5

GeneralQA Multi-HopQA

Algorithm Avg
NQ TQ HotpotQA Musique 2Wiki Bamboogle
LLaM A-3.2-3B-Instruct
GRPO 43.8 58.4 25.0 14.2 31.6 38.4 35.2
GRPO (Freezing) 28.6 46.6 15.8 5.6 13.8 20.8 21.9
A —15.2 —11.8 —-9.2 —8.6 —17.8 —17.6 —13.3
134.7% 1 20.2% 1 36.8% 1 60.6% 1 56.3% 1 45.8% 137.8%
LLaM A-3.1-8 B-Instruct
GRPO 48.0 62.6 34.4 24.2 35.2 54.4 43.1
GRPO (Freezing) 24.4 46.6 154 7.6 17.2 23.2 22.4
A —23.6 —16.0 —19.0 —16.6 —18.0 —31.2 —20.7
1492% | 25.6% 155.2% 1 68.6% 151.1% 1 57.4% 1 48.0%
Qwen-2.5-3B-Instruct
GRPO 23.6 41.0 224 104 26.0 32.8 26.0
GRPO (Freezing) 9.8 18.4 7.4 5.0 7.5 12.8 10.2
A —13.8 —22.6 —15.0 —54 —18.5 —20.0 —15.8
1585% 1 55.1% 1 67.0% 151.9% 1 71.2% 1 61.0% 1 60.8%
Qwen-2.5-TB-Instruct
GRPO 31.4 44.4 26.0 11.8 31.0 36.8 30.2
GRPO (Freezing) 15.6 37.4 15.0 7.2 15.2 23.2 22.6
A —15.8 —7.0 —11.0 —4.6 —15.8 —13.6 —7.6
150.3% | 15.8% 1 42.3% 139.0% 1 51.0% 137.0% 125.2%

Table 9: Llama #1 Qwen2.5 ¥£{#1 i} on-policy GRPO "FHIPERE 54 HMEAH L .

TEZ HiH) LAE, BN ZeroSearch (Sun et al., 2025) , iRy LLM fER{E D52t . A1
2, FRATRF R MEAREI A AR ) B U RS, DATE EaRp s iR I E B, XA
T UNZE, EBERILTUNZGRA, Rl 5 2Rs T XA .

N T PAFE AR, FAIBFTE TP ECE: e B IE R A T, 75— Rl
R (BIRESHRN) . TEFTAIIZRdfer , R 75 SRR AL 250 o
FATEPA A RGP R R EEAT T 5K, ATEAVENIIIZRAE T, SRk 9
PR, SoRAERZ 100 WG B th B E i ARt , USRI 2 A= AN e, BEASURIT
Mo FATEMEER], A6 — MR RBE S U B OLE m, ERERE TR,

1.9.1 5t S ByE R s

TR T HAARBENEEA YR, B5F PPO. GRPO. Reinforce++. DAPO Fl
KL-Conv, FA1{#H Llama-3.2-3B-Instruct fI Llama-3.1-8B-Instruct /ERFA I ET. 5C
WEARFT SRR SE Bl . FRATFER 10 R TIRATAEES . FRATUER AR RIIGFEZ
[ B R RE 2N, Hd BT GRPO &Y (640 GRPO. DAPO %) t PPO Al
REINFORCE++ FEMH I, 7F Sun et al. (2025) 23| 7 PPO My, WFH T
FAR IR R BN GG R ERRERERR, ORI AE LT I 2R
BE RIS FEE S NA . AW, BTIRMNEEELINGEE, HILE 2RI s
SR T A BE TS S B ISR AR
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GeneralQA Multi-HopQA

Algorithm Avg
NQ TQ HotpotQA Musique 2Wiki Bamboogle
LLaM A-3.2-3B-Instruct
GRPO 43.8 58.4 25.0 14.2 31.6 38.4 35.2
DAPO 44.6  58.0 26.8 12.8 26.6 38.4 34.5
KL-Cov 41.8 58.6 24.6 12.4 28.6 38.4 34.1
REINFORCE++  42.2 55.8 25.6 12.6 32.0 30.8 33.2
PPO 35.0 55.8 21.8 11.4 29.6 30.4 30.7
LLaM A-3.1-8 B-Instruct
GRPO 48.0 62.6 34.4 24.2 35.2 54.4 43.1
DAPO 48.6 63.8 34.4 21.6 39.2 52.0 43.3
KL-Cov 44.8 63.6 32.6 22.8 37.4 52.8 42.3
REINFORCE++ 46.2 64.4 33.4 18.4 43.2 36.4 40.3
PPO 37.4 58.4 27.0 17.0 38.4 37.4 36.2

Table 10: ¥£{fi AR RL Z3¥EIZ:1}), Llama-3.2-3B-Instruct #1 Llama-3.1-8B-Instruct [1)
PERERIL . FrA ALY 45 B RS Ag =S il A T 25

Terminology Explanation Example
Full-Real Search ~ Search external real engines like RAG or Google. Search-R1 (Jin
et al., 2025b)
Semi-Real Search ~ Search external simulated engines like LLMs. ZeroSearch (Sun
et al., 2025)
Full-Sim Search Search internal engines, e.g., implicitly retrieving infor-  Self-Search

mation from embedded knowledge.

Sim2Real Search  Train with Full-Sim Search but inference with external Self-Search
real engines, such as Google Search or Bing.

Table 11: AT TASCGHE R KM . AT B2 AT Z M TR A
W R ITIE

2 MXRTAE

2.1 SiEREG|ER ]

k23] (RL) B ACHIEE LLMs (DeepSeek-Al, 2025; Cui et al., 2025a; OpenAl, 2024)
HEFRRE Ty 05 K7k . 280 RL YNSRI HERRACAY A ] AR 2R o sk 45 2R 220l , Aeidad 53
BAERNE AL (BRI AE K ) R 6. B —2mR cw RN RL ok
EEET LLM fE RIS . Search-R1 (Jin et al., 2025a) F| ] RL YA PAKS:
Fan (U0 e5) FEARHSCAERNE H#EF7E 8%, [AFE, ReSearch (Chen et al., 2025) {{
FI S5 HRI ik 358 LLMs e FoRE 2 E BIWRE ). SR, XLy Z R T
SCARTRRHEER MO, AEEE AL, X EHRR R FSR, FF HABR T RIS A A& 48
RGP RS MINERS . R T X e[, Zheng et al. (2025) $&H T 45 A3 b AU
Trki8 % RL, Bl S Google fil Bing £ W 25 &5 | 4%t . R XA ¥k
TRERP RS, (HIIZ R TR APT W LA T i WA AR SRR 4k (GRPO)
(Shao et al., 2024) () RL 53k, FEEEN APT jiA. 1EH—FBA ARG A
%, ZeroSearch (Sun et al., 2025) $& 1 H] LLM {E R8RS [ EBHUL 68 G U TELIE R
WEE, KRR T EIES, [FEHRREAT e B LR PERE . 2R, 5 3| E Sl 480
LLMs YE R38R i BB G - RS2 2% . Feild, LLMs /50 H TR R
b2 3T AR F BRATS R A AL

BiERBEF AL (LLMs) M, —fhd hA ol R e T 2 m i, el
ARG T ILRARR R, [ 3R G ZRRIEE. MEl kTN LLMs /5
RGBT BRI R SRR, ARG, B R OO R R T B T
FRUCHE, BB R AR I TR 18— AN SOR o X 807 iR A (R LLMs £
TOAE TR, Sebr b7 TRl . S5 Fh, wIEgm R A, I LLMs XFR 2R 501
IUH AT, QRSO FFA A P o ORI B A I R AR . XLk T
SR AR ARG BRI, HC AN SORPRERE W PR AR S PEDERE, (7] B Sy BESE i 5 i 2
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SROETT ARG SR RIS T HURCEER T, LLMs A3 7T A 1F o AR LT
G R. N, CTAU LLAS (o0 RASRAL i IR B R
ERAT.

2.2 JEBERYZ R S SRR A RE IR

FIRRAR S 4 O AR RAE M (7] — 505 v A JR 2 A it B9 . Brown et al. (2024) %
WIEME R B R S BRI R E MK XK Yue et al. (2025) JE—HiE
S, AATIERISE AR A RO B b i IR A SRR T e, RIGERAETE A AIME 455,
APCEAEREIE B AR AR UE 55 P LR 2 UM ATIOK Y. (Li et al., 2025a) o
TR EAORAE, X7 IRIE AT DAl I S LR 45 A ORIE R . fRfd N OREE (Liu et al,
2025a; Qiu et al., 2024) FMZHALIE (Zuo et al., 2025) HRFH A FILELEARIER) 2 MHEAR L
BULL PR — SRR S AL PR BE . RUSESE B AR AT 55 i UG 1 X S a0b e, A R R AN
R BT, R RAESENS BA R A ARG B SRR

35—, fRlrAE TTS J7 R KRR T 5 AR A S ARG i — N E R H R
TR, Zhu et al. (2025) RGEHPRR T IHF ABAYSFD TTS S6mg, R T
FEATREE. FUSMBIEFZHALRITRIRCR . EAh, 1 Web AL AR AR B i
WEPEAT A, ANEREANIEI ], 24 B i %0 22 5. (TTI) (Shen et al., 2025) I, DLt
GG, B TR S U2 Sh, Yang et al. (2025¢) 5|7 —Ff GUI i
ZIA B (GTAL), FIURIF ZCRBERIVEAY, IR T EIE A A m (GUI) ZCHALSH)
B, AR R BRI AT TE . X 250K, Lifshitz et al. (2025) 321 7 20
e (MAV), ZAH LS R PR L, BT TR ACRIERE . X i by e 3t ]
SEVE AR T QB R Ge TTTS WZAELTTIA, SR T VA S U U AN A2 SRS 2 HE 58
AN RIS P AR B A M AT R 7 THT A9 o

3 &g

B2, TATWBFEERN, JESHA (LLM) VR R FEA A8 R IK S 1 55 Th BA R IF
RIS, T T B R 2R AT RR I o B SR AT AR HB ARG SE AT SR TR M, {H
AT H Y F 2> (SSRL) FEDZRI T HE R, HTHETEZ APL i
2, M TAMERY B E FLLR RS . XS R IR T S@ i H AT YRR LLM
RIRAIA BB, MRS AE ORI /N R 5 | O T A RGEE .
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Answer the given question. You must conduct reasoning inside <think> and </think>

first every time you get new information. After reasoning, if you find you lack some
knowledge, you can call a search engine by <search> query </search> , and it will
return the top searched results between and . You can
search as many times as you want. If you find no further external knowledge needed,
you can directly provide the answer inside <answer> and </answer> without detailed
illustrations. For example, <answer> Beijing </answer> . Question:

Table 12: HZ RFEHDEEH

Al2 FRIEEEARAEE R

YAy LLM PARROUE R, FATMM % 13 PiiiEd.

Given a query, you need to imitate the style of the following demos and generate five
useful documents for the query.

[EXAMPLE]

You should generate documents that can help the user find the answer. Each document
should contain about 30 words. You must directly output the English documents and

not output any other texts.

Query: query
Useful Output:

Table 13: 2y LLM $2 {5 B4 .

FATAER 12 gy XA RMEIET 16 MEIRAYE I EELR . FRATEAER 77 ol T
BABREYBASE, HAER 14 0 15 0 16 FXFH THBMESUEHE. RELAR L HT
B R AR R ZE

Llama-3.2-3B-Instruct

Llama-3.1-8B-Instruct

Llama-3.1-70B-Instruct

K Actual Fitted Residual Rel. Error ( % ) Actual Fitted Residual Rel. Error ( % ) Actual Fitted Residual Rel. Error ( ¥
20 13.50 16.64 -3.14 23.26 25.53 28.27 -2.74 10.73 35.23 38.69 -3.45 9.80
2! 19.00 20.78 -1.78 9.35 32.20 32.87 -0.67 2.09 42.20 42.72 -0.52 1.24
22 25.88 25.24 0.64 2.49 37.97 37.54 0.43 1.12 47.77 46.69 1.07 2.24
23 31.32 29.92 1.40 4.45 42.93 42.20 0.74 1.71 52.63 50.56 2.07 3.93
24 36.36 34.74 1.62 4.44 48.63 46.78 1.86 3.82 55.83 54.30 1.54 2.75
25 41.16 39.60 1.56 3.79 53.37 51.22 2.15 4.03 59.53 57.88 1.66 2.78
26 46.28 44.41 1.87 4.04 56.73 55.47 1.26 2.22 62.13 61.28 0.85 1.37
27 50.04 49.10 0.94 1.87 59.60 59.52 0.08 0.14 64.73 64.50 0.24 0.36
28 52.96 53.62 -0.66 1.25 63.17 63.32 -0.15 0.24 67.03 67.52 -0.49 0.73
29 56.72 57.92 -1.20 2.12 65.33 66.87 -1.53 2.35 69.17 70.35 -1.18 1.71
210 59.36 61.97 -2.61 4.40 67.83 70.16 -2.33 3.43 70.50 72.98 -2.48 3.52
Table 14: W =FIgSERHAEARTE K EHSEFME. SUAE. SR R .
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Llama-3.2-1B-Instruct ~ —=— Llama-3.2-3B-Instruct ~ —— Llama-3.1-8B-Instruct ~ —— Llama-3.1-70B-Instruct
Qwen3-0.68 Qwen3-1.78 —=— Qwen3-4B —— Qwen3-88 —— Qwen3-14B —— Qwen3-32B
7 70 70
60 60 60
50 50 50
g
T F4o g40 g40
5§ g ¢
H <30 <30 <30
z
20 20 20
10 10 10
I R R R (R R U R ) 0531 37 5 7 2 2% 7 ¥ P 20 I R R R R CR R U R R}

®
S
@
S

TriviaQA
ACC(%)
WA
g 52883
\ .
ACC(%)
ok /R
5883
ACC(%)
WA
g 5883
\ )

20 20 20
10 10 10
30 31 22 B3 1 5 26 37 F P 0 05T 37 25 37 25 2 27 F ¢ 0 I S R SR R G N R GRS CRN S

HotpotQA
ACC(%)
N ow s wu
s 8 &8 2
\\\ =~
ACC(%)
N W oE U o
s & &8 & 3
\\,
ACC(%)
N W oA O o
s & &8 & 2
\ ~

=
"
R
"
"
N
N
"
N
"
"
%
"
"
"
"
8
N
"
N
"
"
N
"
N
"
"
N
™
N
N
"
"
N

Musique
ACC(%)
boN oW o
5 8 &8 &
\\\ .
ACC(%)
b oW os w
s 5 8 &8 &
\\\x
ACC(%)
boN oW s
s 85 &8 &8 &
\\\\ |

"~
N
Rv
N
N
N
N
N
N
Ny
"
"~
N
N
N
N
N
Ny
N
i
N
Ny
N
N
R
N
N
N
N
N
N
Ny
N

N ﬂ

3 3

\ .
ACC(%)

o S
385533
\\\x
ACC(%)
.
TR EE
\ |

FEIY

"~
N
bY
N
N
"
N
™
R’
Ny
N
"~
-
N
N
N
N
N
~;
R
i
N
"~
N
R
N
N
N
Ny
N;
Ny

Bamboogle
ACC(%)
w s oo N
8838838
\\ ~
ACC(%)
w s oo N o®
883838
\\r
ACC(%)
w s 0o N
£ 83838
\r

20 20 20
10 10 10
PO T TR R R R N (R RN RN U 05T 37 25 37 25 26 27 F 39 20 TSI R SR R GRS N R R CRN S
k k k
25
20 20 20
£
6 =15 <15 <15
o ¥ = g
e 1 £
3 o o o
3 < <10 <10
2
[
5 5 5
06 21 22 23 28 25 25 27 28 29 210 05T 27 35 27 25 26 27 B 38 o 05" 1 22 5 i 25 25 37 2 ¢ o0
k k k

Figure 12: XA HUE RS RAER

T

GR

23
www.xueshuxiangzi.com



Preprint.

Qwen3-8B Qwen3-14B Qwen2.5-7B-Instruct
K  Actual Fitted Residual Rel. Error (% ) Actual Fitted Residual Rel. Error ( % ) Actual Fitted Residual Rel. Error ( ¥
20 22.92 25.42 -2.50 10.90 26.28 28.69 -2.41 9.15 17.60 21.58 -3.98 22.63
2! 27.56 28.14 -0.58 2.09 30.92 31.62 -0.70 2.26 24.33 25.51 -1.18 4.83
22 31.80 30.91 0.89 2.79 35.40 34.59 0.81 2.29 30.40 29.61 0.79 2.61
23 34.84 33.73 1.11 3.20 38.96 37.57 1.39 3.56 35.40 33.81 1.59 4.50
24 37.84 36.56 1.28 3.39 41.40 40.55 0.85 2.04 40.43 38.05 2.38 5.89
25 40.40 39.39 1.01 2.50 45.16 43.51 1.65 3.65 44.43 42.28 2.16 4.85
26 42.56 42.21 0.35 0.82 46.32 46.43 -0.11 0.23 47.43 46.44 1.00 2.10
27 45.20 45.00 0.20 0.44 49.88 49.29 0.59 1.18 51.23 50.49 0.74 1.45
28 47.52 47.75 -0.23 0.48 52.04 52.09 -0.05 0.09 53.77 54.39 -0.63 1.17
29 50.04 50.44 -0.40 0.80 53.84 54.80 -0.96 1.79 56.67 58.13 -1.46 2.58
210 51.64 53.07 -1.43 2.76 56.08 57.44 -1.36 2.42 59.17 61.67 -2.50 4.23
Table 15: Qwen3-8B, Qwen3-14B F1 Qwen2.5-7B-Instruct LAY #IE{H. 52 &4HH
=
XHRZERT H o
Qwen2.5-14B-Instruct Qwen2.5-72B-Instruct Qwen3-32B
K Actual Fitted Residual Rel. Error ( % ) Actual Fitted Residual Rel. Error ( % ) Actual Fitted Residual Rel. Error ( ¥
20 28.10 30.91 -2.81 10.01 24.40 28.39 -3.99 16.34 26.96 29.16 -2.20 8.17
2! 34.97 35.05 -0.09 0.25 31.50 32.09 -0.59 1.88 31.68 32.44 -0.76 2.39
22 39.83 39.22 0.62 1.55 36.10 35.85 0.25 0.69 36.64 35.75 0.89 2.43
23 44.57  43.35 1.22 2.73 41.47 39.62 1.85 4.45 40.24 39.07 1.17 291
24 48.87  47.41 1.46 2.98 45.83 43.36 2.47 5.39 43.44 42.37 1.07 2.45
25 52.37 51.35 1.01 1.94 49.03 47.04 1.99 4.06 46.76 45.64 1.12 2.41
26 55.83 55.15 0.68 1.22 51.80 50.63 1.17 2.26 49.64 48.83 0.81 1.62
27 59.17 58.78 0.39 0.65 55.10 54.10 1.00 1.81 51.76 51.95 -0.19 0.37
28 61.80 62.22 -0.42 0.68 57.00 57.44 -0.44 0.77 54.48 54.97 -0.49 0.91
29 64.60 65.46 -0.86 1.34 58.97 60.63 -1.66 2.82 57.36 57.89 -0.53 0.92
210 66.73 68.50 -1.77 2.65 60.80 63.66 -2.86 4.70 59.48 60.69 -1.21 2.03

Table 16: Qwen?2.5-14B-Instruct, Qwen2.5-72B-Instruct #1 Qwen3-32B WLinH S PI&
fH. FRZEAAXTRZER L

A2 ZEHIRTSR

A.2.1 Qwen3 B ILEEHEHITR

FTAFEFAE 17 PRIR T Qwen3d YEA /LB N —ADROTF5E. Jo A REE, £
BUAETF IR I AL 2 hRic dE T HE R

A2.2 RIS E AR ZE BT

FAFESR 18 HRIR T Z 8 FIEE T SURTAY B R BT 5T

B HFEMR

B.1 #R

FATAER 19 PO 7T EIRER I8, E3R 20 H8IH T HT RAG 484, ARAE
% 21 A TSR R BRI 162

&g%ﬁg? B.1 AT AL o B ROR TR M8 2. S TR PRAG I — ok, FRATRHIR

R R (RAG)  FRATEEA T HESR B.1 Ao pg it ] . JATE T Jina RIS R
N TR — 2, BATRHEEBLEY 0.0,

R1 - FAIEEHMR B Al 84 FATIIZRRZ 5 A0, GRS, 4
TR A FEMYNGRAE B, FRNTE RIS . FRATERER IR iR A S IRt RN A
256, “£>JFNy le-6, FAIMM KL ik ZECH 0.001. FAIETF GRPO I ATAIRII,
PR, AR5 AR, AP, FATEARZ = 0.0,
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Question: Who is the mother of the director of film Polish-Russian War (Film)?
Golden Answer: Malgorzata Braunek
Extracted Answer: Elzbieta Munk

Thinking Process (With Thinking):

<think> Okay, let’s see. The question is asking for the mother of the director of the
film “Polish-Russian War.” First, I need to figure out who directed that film. But wait,
I don’t remember any film specifically called “Polish-Russian War.” Maybe it’s known
by a different title in English? Sometimes movies have different names in different
countries.

Alternatively, maybe it’s a historical film about the Polish-Russian conflicts. Let me
think. There are several conflicts between Poland and Russia, like the Polish-Soviet War
in the early 20th century. Could the film be about that? Maybe the user is referring
to a film like “The Battle of Somosierra,” but that’s a different conflict. Hmm.

Wait, perhaps the user is referring to a Polish film. Maybe the director is someone well-
known. Let me try to search for the film “Polish-Russian War” to find the director. If
I can find the director, then I can look up their mother.

So, first step: search for “Polish-Russian War film director.” Let’s see what comes up.
If there’s a film by that name, I can get the director’s name. If not, maybe there’s
confusion with the title. Alternatively, maybe it’s a documentary or a less-known film.

So first, I need to search for “Polish-Russian War film director” to get the correct
director’s name. </think>
<search> Polish-Russian War film director < /search>

1. “Bitwa Warszawska” (1975) directed by Andrzej Munk - focuses on
the Polish-Soviet War. 2. “The First Echelon” (1968) directed by Georgy Yungvald-
Khilkevich - Soviet film about Polish-Soviet War. 3. “The War” (2015) directed by
Andrzej Munk - Polish film about the Polish-Soviet War.
<search> Andrzej Munk mother < /search>

1. Andrzej Munk’s mother was Elzbieta Munk, a Jewish woman from
Warsaw who perished in the Holocaust.
<search> Georgy Yungvald-Khilkevich mother < /search>

1. Limited information found; focus on his career in Soviet cinema.

<answer> Elzbieta Munk < /answer>

Thinking Process (Without Thinking):
To answer the question, I first need to identify the director of the film Polish-Russian
War and then determine who their mother is. Let me start by finding out who directed
the film.
<search> Who directed the film Polish-Russian War? < /search>

1. The film “Polish-Russian War” (also known as “Polsko-Rosyjska
Wojna”) was directed by Andrzej Wajda. 2. Andrzej Wajda was a renowned Polish
film director, screenwriter, and actor, known for his contributions to Polish cinema.

Now that I know the director is Andrzej Wajda, I can proceed to find out who his
mother was.
<search> Who was the mother of Andrzej Wajda? < /scarch>

1. Andrzej Wajda’s mother was Jadwiga Wajda (née Bujak). 2. Jad-
wiga Wajda was a Polish teacher and a significant influence in Andrzej Wajda’s early
life.
<answer> Jadwiga Wajda </answer>

Table 17: Qwen3-32B FREHIHFTE: A REFMICEE .
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Question: Were Scott Derrickson and Ed Wood of the same nationality?

Golden Answer: yes

Extracted Answer: No, Scott Derrickson and Ed Wood are not of the same nationality,
with Derrickson being Canadian and Wood being American.

Thinking Process (Multi):
<think> 1T need to consider the nationality of Scott Derrickson and Ed Wood to
determine if they are of the same nationality. Scott Derrickson is known for directing
movies like “Doctor Strange” and “The Exorcism of Emily Rose”. Ed Wood is known
for directing cult classic films like “Plan 9 from Outer Space”. To find their nationalities,
I'll need to look into their birthplaces. </think>
<search> Scott Derrickson nationality < /search>

Doc 1: Scott Derrickson is a Canadian film director, screenwriter,
and producer known for directing Marvel’s Doctor Strange, released in 2016. Doc
2: Born in 1966, Derrickson grew up in Ontario, Canada, before pursuing a career
in filmmaking. His background in animation and visual effects influenced his work.
Doc 3: Derrickson’s work often explores the intersection of faith and science. He co-
created the TV series Eureka and wrote the screenplay for The Exorcism of Emily Rose.
Doc 4: As a director, Derrickson’s films often combine supernatural and psychological
elements. His work has been praised for its unique visual style and atmospheric tension.
Doc 5: Derrickson’s production company, Film Science, has produced several films and
TV series. He continues to explore the boundaries of storytelling through his work.

<think> Now that I know Scott Derrickson is Canadian, I'll look into Ed Wood’s
nationality. </think>
<search> Ed Wood nationality < /search>

Doc 1: Ed Wood is an American filmmaker known for his low-budget
horror and sci-fi films, including the cult classic Plan 9 from Outer Space. Doc 2: As a
pioneer in the low-budget film industry, Wood’s work often featured unique and bizarre
storylines, captivating a niche audience. Doc 3: Born in Poughkeepsie, New York, Ed
Wood began making films as a teenager and developed a passion for storytelling and
filmmaking. Doc 4: Wood’s most famous film, Plan 9 from Outer Space, is often cited
as one of the worst films ever made, but also as a cult classic. Doc 5: Ed Wood’s life
and career have been the subject of numerous documentaries and books, exploring his
legacy as a filmmaker and outsider artist.
<answer> No, Scott Derrickson and Ed Wood are not of the same nationality, with
Derrickson being Canadian and Wood being American. </answer>

Thinking Process (Reflection):
<think> T need to determine the nationality of Scott Derrickson and Ed Wood to
compare them. </think>
<search> Scott Derrickson nationality < /scarch>

Scott Derrickson is an American film director, screenwriter, and cine-
matographer. He was born in the United States.
<search> Ed Wood nationality < /scarch>

Ed Wood was an American film director, screenwriter, and actor. He
was born in the United States.
<answer> Yes, Scott Derrickson and Ed Wood are of the same nationality. They are
both American. </answer>
wait, wait, wait
<search> nationality American < /scarch>

Americans are people born or citizens of the United States.

<search> nationality same < /search>

The terms “same” and “nationality” typically refer to identical or
similar ethnic or cultural identity.
<answer> Yes, Scott Derrickson and Ed Wood are of the same nationality. They are
both American. </answer>

Table 18: LA HIEE RFEEA ZHIVFFT .
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Answer the given question. Provide the answer inside <answer> and </answer>
without any additional information. For example, <answer> Beijing </answer> .

Table 19: ELEHEFHE S

You are a knowledgeable assistant that utilizes the provided documents to answer the
user’ s question accurately.

Question: question

Documents: documents

Guidelines:

- Analyze the provided documents to extract relevant information. Synthesize the
information to formulate a coherent and accurate answer.

- Ensure that your response directly addresses the user’s question using the information
from the documents.

Table 20: RAG 1354

T RAOEAMSE ALL P BKES. RAMEAS R1 MR RE. K0 2.
L LLM 2 Simulation_ LLM_ google_ 14B . JF4GER{EE 0.0, Z5R B{EZ 0.5,

H-RL AV S R AR R BCE FENRI, FATEEH o5 ok &%, (1] Wikipedia
RN . FEMRIT, FefIEE Google R UEAT—Sehk AL .

B.1.1  HABEIRSH

PPO ATk 5 AR, WERMEEMLATHEE, SRR BN, FA Tt

IR GR . FRATIERE RIS AT AR s R RN 256, 23] 300 1e-6, FRAHH

%L Tﬁé’i?;;&j\i 0.001. PHBHLALRE: ) %08 le-5. FRATIE HARHE GAE fE RIS MhTTER, 7
y=10FH A=1.0,

REINFORCE++  FfTIIZRE 5 R, WSLAR (T RIHIME, A0 $hu 5K Rl %
WO, FROIREEEIEVIZE . T 1Hbe 2 SURAF R AL A1 VIZRHLI /NN 256, 225N 1e-6.
M KL 4% 2 40k 0.001,

DAPO  FATN%G&Z 5 AW, WERWEEUTAT S, 3E N BRI gAEE, Fel]
AR . AR BRI R S . YRR/ 256, 2£2) 350K 1e-6. AT
KL $i. oV EN 0.2, SoiiEb3h 0.28, FRATRIEMER ML )EL .

KL-PpJiZe  BAm2lgs 5 I, AR ST, RN K ENIZRE, &
IR SR . BATEFRR I IR S o INGRALRINR 256, 2] 5 1e-6. FATA
A KL k. AV 0.2 /9 k Forte.

B.1.2  HfE]RATIRE 12 5

AR KL R K BERCE 1024, s Kma K BEBCE S 3076, HLRK/INE 8, X THA4MZ
N, FATEITF 32 . JRIFIRERE R 0.6, FATEH Se-7 M A 62 G LT,
MIEBTIERS SRR KL $i5. AT 80 ANEM, FHHerkpeI st 1k .

B2 I
B21 BUEHKMKILE

Answer the given question. Provide the answer inside <answer> and </answer> .
For example, <answer> Beijing < /answer> . Let’s search step by step. You can break
the question into pieces and answer one by one.

Table 21: R1 £%i)ll338HH
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Model GeneralQA Multi-HopQA Avg
NQ TQ HotpotQA Musique 2Wiki Bamboogle
Qwen2.5-3B-Instruct
Search-R1-base 40.6 60.0 29.2 11.2 32.0 12.5 30.9
Search-R1-inst 35.8 55.8 33.2 7.6 26.0 12.5 28.5
ZeroSearch-base 43.0 61.6 33.8 13.0 34.6 13.9 33.3
ZeroSearch-inst 41.4 57.4 27.4 30.0 9.8 11.1 29.5
Self-Search-Base 26.2 38.0 21.8 8.4 30.2 24.0 24.8
Self-Search-Instruct  23.6 41.0 22.4 10.4 26.0 32.8 26.0
Qwen2.5-TB-Instruct
Search-R1-Base 43.4 61.4 31.2 18.2 35.2 27.8 36.2
Search-R1-Instruct  42.4 63.4 32.8 174 33.2 26.4 35.9
ZeroSearch-Base 42.4 66.4 32.0 34.0 18.0 33.3 37.7
ZeroSearch-Instruct  43.6 65.2 34.6 18.4 35.2 27.8 37.5
Self-Search-Base 28.8 44.2 25.0 114 30.4 35.2 29.0
Self-Search-Instruct  31.4 44.4 26.0 11.8 31.0 36.8 30.2
Table 22: Qwen2.5 FEAE— ) HMZ BRI EAL 55 ERYRIL.
Model GeneralQA Multi-HopQA Avg
NQ TQ HotpotQA Musique 2Wiki Bamboogle
Qwen2.5
Qwen2.5-3B-Instruct  23.6 41.0 224 10.4 26.0 32.8 26.0
Qwen2.5-7B-Instruct  31.4 44.4 26.0 11.8 31.0 36.8 30.2
Qwen3
Qwen3-4B 22.0 37.4 21.8 7.6 24.2 34.4 24.7
Qwen3-8B 27.0 45.2 27.0 10.8 31.8 36.0 29.6

Table 23: Qwen2.5 1 Qwen3 FLAYE R AL E A2 Bk ) AT 55 R

M TR BT S5, Qwen I Pl e

F Llama BGRAYEGMEAR, JATHH T4 E 0.030
MR [ R 25 SR A ), K — 2
R AL AT ERIA B E R IZE Qwen,
T NGt Ak, SRS AR IC BRI -
KIEERIIAER 22 . BARNITIANEF] S
Llama A RN, il 0 Ze ol Fl 4 45
B BEE Ty, (B4 PEREAHAHIR T Llama % 0.005
g1, B Qwen VESHEFLAABIASIRE S AT oo
Llama., ﬁﬁﬁ}ﬂ%fﬁ}g{f%ﬂg%%*ﬁ%ﬁ, It 0 500 1000 1500 2000 2500 3000 3500 4000
WECEEACRSAE B, TEIXEEAES5 T, Qwen E2 Training Step

B B A B R A e 15 H I oo ©
B.2.2 i AT S AR ) L ffy TTRL f£HE.

LRMs 7EH#E AT 45 QA AR RS A= 1 1 26 3R

W, SR, R/ TAEGZEI%: LRMs PAGE N HAth4iidnt. b 7 4m 7 g, AT —
AR A HEPEAR Y 2 [B] ) RL PERE. FRATIHH Qwen2.5 Al Qwen3 #EAT7IHER . SLEGE5 A AN
2% 23 s, FATAI Qwen3 PEREEF LT Qwen2.5, [HMZE 2, Qwen3 ¥ EAWALT
Qwen2.5, XL IEL, H L 8 RS AR BCEEE U R HEH AL v] BEXE AR AA TS
B HAD D . RATAEED, NG SR PR ZENIE SRR T, SEHEREGE T,
TENZ B B 2 0, 2RI, XMW ATEEIH A TR kg U5, X5 Qwen3 25
F 4G T ELJH A% A 7 I

HAERE 14 R A TE BIER I RGBS, SCREAREN, (FRMM 2
TRIBR AT NG 3. IXRWI(E SR AL s A R AT o 2 AR R AR, PTRE R it
BUAES AT 55 P HERERE 7 -

FF GRPO, FRATLK/NEE N 5, U Jin et al. (2025b) Fis. FEiX—ilsr, A1
RSN SN ANERERI . FATINGR 5 A, FEAE A PR REYC a1, 3
FEIIE > s A A . AT _ B 2 EOA R E . FAE Qwen2.5-3B-Instruct H
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GeneralQA Multi-HopQA

M odel Avg
NQ TQ HotpotQA Musique 2Wiki Bamboogle
LLaM A-3.2-3B-Instruct
Group Size = 5 43.8 58.4 25.0 14.2 31.6 38.4 35.2
Group Size = 10 44.0 57.8 27.0 12.0 31.4 40.8 35.5
Qwen2.5-3B-Instruct
Group Size =5  23.6  41.0 22.4 104 26.0 32.8 26.0
Group Size = 10 26.2  37.8 22.6 8.4 27.0 24.8 24.5

Table 24: LLaMA F1 Qwen2.5 BRI [ 4 AR/ N IPERE

Llama-3.2-3B-Instruct FyEFTSC8. AR 14 R TZkih &, FHER 24 PR T
G AT RIAE TR AR/ GRI BA W] FERPERE (R Sod B H R

5.4
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& »
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PR TR, TEENENTS B PR R F LI SR, 245 SRR AIH e
FNTHIBAEX I AT S5 DRI BRI ), 3R] Self-Search FE5E PRt i T4l
ZURRA WM T AR F B THERE, B A 58 U H IR R OL T -

B.2.3 Sim2Real #Z1MNZ5EHE
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Model GeneralQA Multi-HopQA Avg
NQ TQ HotpotQA Musique 2Wiki Bamboogle
LLaM A-3.2-3B-Instruct
Replace First 44.4 63.4 34.8 17.2 37.8 42.4 40.0
Replace Last  41.0 59.6 24.8 12.8 32.2 39.2 34.9
LLaM A-3.1-8B-Instruct
Replace First 39.4  55.8 34.0 26.8 39.8 53.6 41.6
Replace Last 474  62.2 344 22.2 39.0 49.6 42.5
Qwen2.5-3B-Instruct
Replace First 33.8  49.6 28.2 12.0 33.6 28.0 30.9
Replace Last  23.2 37.0 22.8 7.4 29.2 35.5 25.9
Qwen?2.5-TB-Instruct
Replace First 35.8  56.6 34.0 17.0 34.8 40.8 36.5
Replace Last  28.2 45.2 25.4 114 30.2 28.8 28.2

Table 25 (/] FU: 1055 S S BRI — 0% SR Bk 4 (5 BT, LLaMA 1
Qwen2.5 HRIAGHEEE

Model SimpleQA
LLaM A-3.2-3B-Instruct
SSRL 4.5
Sim2Real 45.5
Entropy-guided Search 43.0
LLaM A-3.1-8 B-Instruct
SSRL 7.0
Sim2Real 35.0
Entropy-guided Search 30.0
Qwen2.5-3B-Instruct
SSRL 2.7
Sim2Real 51.0
Entropy-guided Search 45.0
Qwen?2.5-TB-Instruct
SSRL 4.0
Sim2Real 51.0
Entropy-guided Search 48.5

Table 26: LLaMA F1 Qwen2.5 #FIYE SimpleQA {£45 FIFEI.

C IS
A rh, AR T T HIW I P2 2 AT G 1 R AT F A AR o
Listing 1: Format Reward Code.

def format reward(response: str) -> float:

response = response.strip ()

# Check if any tag content contains disallowed tags

allowed__tags = {’think’, ’search’, ’information’, ’answer’, ’/think’,
’/search’, ’/information’, ’/answer’}

all _tags = re.findall (r’<([">]+)>’, response)
for tag in all_tags:
if tag not in allowed_tags:
return 0.0

# Must start with <think> and end with </answer>
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Question: Who got the first nobel prize in physics?
Answer: Wilhelm Conrad Rontgen
Thinking Process:
<think> The question is asking who received the first Nobel Prize in Physics. I need to
find out who that is. </think>
<search> first Nobel Prize in Physics < /search>

1. The first Nobel Prize in Physics was awarded in 1901 to Wilhelm Conrad
Rontgen for his discovery of X-rays. 2. The first Nobel Prize in Physics was awarded in
1901 to Wilhelm Conrad Rontgen. 3. The first Nobel Prize in Physics was awarded in 1901
to Wilhelm Conrad Réntgen for his discovery of X-rays.
<think> The first Nobel Prize in Physics was awarded in 1901 to Wilhelm Conrad Réntgen
for his discovery of X-rays. </think>
<answer> Wilhelm Conrad Réntgen </answer>

Question: If both Dictyosperma and Huernia are described as a genus
Answer: Yes
Thinking Process:
<think> The question is asking if both Dictyosperma and Huernia are described as a genus.
< /think>
<search> Dictyosperma genus < /search>
1. Dictyosperma is a genus of plants in the asparagus family, Asparagaceae.
2. Dictyosperma is indeed a genus of plants.
<think> Now we need to check if Huernia is also a genus. </think>
<search> Huernia genus < /search>
1. Huernia is a genus of succulent plants in the family Apocynaceae. 2.
Huernia is indeed a genus of plants.
<think> Both Dictyosperma and Huernia are described as a genus. </think>
<answer> Yes </answer>

Question: Who plays the mouse in Alice in Wonderland

Answer: Barbara Windsor

Thinking Process:

<think> The question is asking who plays the mouse in Alice in Wonderland. I need to
find out who plays the mouse in the 2010 film adaptation of Alice in Wonderland. </think>

<search> who plays the mouse in alice in wonderland < /search>

1. According to Wikipedia, the mouse in the 2010 film Alice in Wonderland
is played by Barbara Windsor. 2. According to IMDb, the mouse in the 2010 film Alice in
Wonderland is played by Barbara Windsor. 3. According to Wikipedia, the mouse in the
2010 film Alice in Wonderland is played by Barbara Windsor.
<think> The mouse in the 2010 film Alice in Wonderland is played by Barbara Windsor.
However, I need to verify if this information is correct. </think>
<search> alice in wonderland mouse < /search>

1. According to IMDb, the mouse in the 2010 film Alice in Wonderland is
played by Barbara Windsor. 2. According to Wikipedia, the mouse in the 2010 film Alice in
Wonderland is played by Barbara Windsor. 3. According to IMDb, the mouse in the 2010
film Alice in Wonderland is played by Barbara Windsor.
<think> The mouse in the 2010 film Alice in Wonderland is played by Barbara Windsor.
< /think>
<answer> Barbara Windsor </answer>

Table 27: Self-Search -Llama-3.2-3B-Instruct #F—#% 1) & 122 Bk 17 & _F i Z 05557 .
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Question: When was the last time Philadelphia won the Super Bowl?

Golden Answers: Super Bowl LII, 2017

Extracted Answer: 2017

Solution Process:

<think> First, we need to identify the last Super Bowl win for the Philadelphia team.
< /think>

<search> last time philadelphia won the superbowl < /search>

- The Philadelphia Eagles last won the Super Bowl in 2017, defeating the New England
Patriots in Super Bowl LII.

- The Philadelphia Eagles won Super Bowl LII 41-33.

- The last time the Philadelphia Eagles won the Super Bowl was in 2017.

<think> Based on the information, the last time the Philadelphia Fagles won the Super
Bowl was in 2017. </think>
<search> year philadelphia eagles last won superbowl < /search>

- The Philadelphia Eagles last won the Super Bowl in 2017.

- The 2017 Super Bowl was Super Bowl LII, which the Eagles won.

- The Philadelphia Eagles have not won a Super Bowl since 1980, but their last win was in
2017.

<think> Confirming the last Super Bowl win for the Philadelphia Eagles is indeed in 2017.
< /think>
<search> last superbowl win philadelphia team < /search>

- The Philadelphia Eagles last won the Super Bowl in 2017.
- The last time the Philadelphia 76ers won an NBA championship was in 1983.
- The last time the Philadelphia Flyers won the Stanley Cup was in 1975.

<think> Based on all the information, the last time the Philadelphia Eagles won the Super
Bowl was in 2017. </think>
<answer> 2017 </answer>

Question: Who is older, Aryeh Ben-Eliezer or Jason Pociask

Answer: Aryeh Ben-Eliezer

Thinking Process:

<think> First, we need to determine the birth years of both individuals to compare their
ages. </think>

<search> Who is older, Aryeh Ben-Eliezer or Jason Pociask < /search>

- Aryeh Ben-Eliezer was born on 15 October 1937.
- Jason Pociask was born on 19 July 1971.

<think> Now we know the birth years of both individuals. Aryeh Ben-Eliezer was born in
1937, while Jason Pociask was born in 1971. Clearly, Aryeh Ben-Eliezer is older. </think>

<search> Birth year of Aryeh Ben-Eliezer < /search>

- Aryeh Ben-Eliezer was born on 15 October 1937.

<think> Confirming the birth year of Aryeh Ben-Eliezer, we can now definitively state
that he is older than Jason Pociask. </think>

<answer> Aryeh Ben-Eliezer </answer>

Table 28: Self-Search -Qwen2.5-7B-Instruct 7E— % b £ 51 £ Wk i) £5 v (1) 2 B 55
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Question: Who was president of the United States in the year that Citibank was founded?
Answer: James Madison
Ground Truth: james madison
Thinking Process:
<think> First, we need to determine the year Citibank was founded to identify the president
at that time. </think>
<search> Year Citibank was founded < /secarch>

- Citibank was founded in 1812 as City Bank of New York, and later became
First National City Bank of New York.
<think> Now that we know Citibank was founded in 1812, we need to find out who was
the president of the United States in 1812. </think>
<search> Who was president in 1812 United States < /search>

- James Madison (March 16, 1751 [O.S. March 5, 1750] —June 28, 1836)
was an American statesman, diplomat, and Founding Father who served as the fourth.

<think> James Madison was the president in 1812, the year Citibank was founded.
< /think>
<search> James Madison presidency year 1812 < /search>

- Although he was accused of weakness in dealing with France and England,
Madison won the presidency in 1808 by publishing his vigorous diplomatic dispatches. -
American statesman, diplomat, and Founding Father who served as the fourth president
of the United States from 1809 to 1817. - Fourth President 1809-1817. Fast Fact: James
Madison, “Father of the Constitution,” led the inconclusive War of 1812.
<think> James Madison was the president from 1809 to 1817, and he was the president
during the year Citibank was founded in 1812. </think>
<search> Who was president in 1812 United States < /search>

- James Madison was the fourth president of the United States, serving
from 1809 to 1817.
<think> Based on the information, James Madison was the president of the United States
in 1812 when Citibank was founded. </think>
<answer> James Madison </answer>

Question: What physical force is used by the machine that extracts honey from honeycombs?
Answer: centrifugal force
Thinking Process:
<think> First, we need to identify the machine used for extracting honey and the physical
force it uses. </think>
<search> machine used to extract honey from honeycombs physical force < /search>

- A honey extractor extracts the honey from the honey comb without
destroying the comb. Extractors work by centrifugal force. A drum or container holds a
frame. - A honey extractor is a device used to extract honey from the comb by spinning it
at high speed. The centrifugal force causes the honey to be flung out of. - Honey extractors
are simple mechanical devices that extract honey from honeycombs. They use centrifugal
force in a drum or container with frame.
<think> Based on the information, the machine used to extract honey from honeycombs
uses centrifugal force. </think>
<search> physical force used in honey extractor < /search>

- A honey extractor is a piece of equipment used by beekeepers in the
extraction of honey from honeycombs. A honey extractor works by using centrifugal force.
- Extractors work by centrifugal force. A drum or container holds a frame basket which
spins, flinging the honey out. With this method the wax comb stays intact. - Drum. The
drum is the central component that holds the frames. It spins to create centrifugal force,
which helps remove honey from the comb.
<think> It is clear that the physical force used in a honey extractor is centrifugal force.
< /think>
<search> centrifugal force in honey extractor < /search>

- Extractors work by centrifugal force. A drum or container holds a frame
basket which spins, flinging the honey out. With this method the wax comb stays intact.
- A honey extractor uses centrifugal force to extract honey from the honey comb without
destroying the comb.
<answer> centrifugal force </answer>
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Question: A professional football player completed a transfer to a new club in the 2010s,
in exchange for another player. This player later described his time at the new club
negatively, and seven articles were written about him by Football Insider in the years
2016 and 2017. He was released from his contract by a club founded in the 1920s more
than 3 years after this transfer. He entered a new coaching role in 2020 at a football
club in a different country known for their attacking style. The player for which he was
exchanged ended his career at a football club representing a town that has a castle. How
many league goals did the first player score for the club that he left in this transfer?
Golden Answer: 76
Extracted Answer: 76
Thinking Process:
<think> T need to find the professional football player who completed the transfer in
the 2010s. I will search for the player’s name. < /think>
<search> Professional football player transferred in 2010s < /search>

The player is Daniel Sturridge, who transferred from Manchester City
to Liverpool in 2013. He was released by Liverpool in 2019. He entered a new coaching
role in 2020 at Middlesbrough. He ended his career at Middlesbrough, a football club
representing a town with a castle. According to his career statistics, Daniel Sturridge
scored 76 league goals for Manchester City.
<think> Since I found the player’s name, I can now find the number of league goals
he scored for the club that he left. </think>
<answer> 76 </answer>

Question: A professional football player completed a transfer to a new club in the 2010s,
in exchange for another player. This player later described his time at the new club
negatively, and seven articles were written about him by Football Insider in the years
2016 and 2017. He was released from his contract by a club founded in the 1920s more
than 3 years after this transfer. He entered a new coaching role in 2020 at a football
club in a different country known for their attacking style. The player for which he was
exchanged ended his career at a football club representing a town that has a castle. How
many league goals did the first player score for the club that he left in this transfer?
Golden Answer: 76
Extracted Answer: 105
Thinking Process:
<think> T need to find the professional football player who completed the transfer in
the 2010s. I will search for the player’s name. < /think>
<search> Professional football player transferred in 2010s < /search>

Heading into the 2010s, Cristiano Ronaldo’s €94 million move from
Manchester United to Real Madrid was the world record transfer. This list of the top
10 best college football transfers dating back to 2010 to come into creation from best
to worst, beginning from one to ten.
<think> Since I found the player, I can now find the club he was released from and
the coaching role he entered. I can also find the club he ended his career at. I will
search for the number of league goals he scored for the club that he left. </think>
<answer> 105 </answer>

Table 30: ¥ BrowseComp i TTRL Y%k Llama-3.2-3B-Instruct EFIHF57 .
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if not (response.startswith(’<think>’) and response.endswith(’</
answer>")):

return 0.0

# Extract all tags in order

tags = re.findall (r’ <(/?(7:think|search|information|answer))>",
response)

# Check if any tag content is empty
tag_contents = {

“think ’: re.findall (r '<think >(.*7)</think>’, response, re.DOTALL)

)
"search’: re.findall(r’<search >(.*7)</search>’, response, re.
DOTALL) ,
“information’: re.findall (r’<information >(.*?)</information>",
response , re.DOTALL),
"answer ': re. findall (r’<answer >(.*7)</answer>’, response, re.
DOTALL)

if len(tags) < 4:
return 0.0
# Return 0 if any tag has empty content
for tag_type, contents in tag_contents.items():
for content in contents:
if not content.strip():
return 0.0
if tag_type = ’search’ and len(content.split(’\n’)) != 1:
return 0.0

if tag_type = ’search’ and ’your query’ in content.lower():
return 0.0

if tag_type = ’think’ and ’your thoughts’ in content.lower ()
return 0.0

if tag_type = ’answer’ and ’your answer’ in content.lower ():
return 0.0

if tag_type = ’information’ and ’your information’ in

content .lower () :
return 0.0

# Check structure
if tags[0] != ’“think’ or tags[l] != ’/think :
return 0.0

if tags[-2] != ’answer’ or tags[-1] != ’/answer :
return 0.0
# Check search-information pairing in the middle
middle_tags = tags[2:-2] # Exclude initial think and final answer

i=0
while i < len(middle_tags):
if middle_tags[i] = ’search’:
# Must be followed by /search, information, /information
if (i + 3 >= len(middle tags) or
middle_tags[i + 1] != ’/search’ or
middle_tags[i + 2] != ’information’ or
middle_tags[i 4+ 3] != ’/information’):
return 0.0
i4+=4
else:
i4+=1

think_num = response.count( ’'<think>")
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search_num = response.count( '<search>")
information num = response.count( ’'<information>")
if search num != information num:

return 0.0

max_turn = 2
score = 1.0 / max_turn * think num
ratio = 1.0

upper__bound = 8
if think num != search num + 1:
ratio = min(think_ num, search _num + 1) / max(think num,
search_num + 1)

return min(score, 1.0) * ratio if think_num <= upper_bound else 0.0

36
www.xueshuxiangzi.com



	自我搜索的推理时间扩展 
	任务表述 
	提示设计 
	实验设置 
	性能评估 
	进一步分析 
	更多的推理总是更好吗？ 
	多数投票与通过率@k 

	训练方法 
	实验设置 
	性能评估 
	从仿真到现实的泛化 
	测试时强化学习 

	进一步讨论 
	与强化学习算法的兼容性 


	相关工作 
	结合搜索引擎的强化学习 
	推理时刻的大型语言模型和智能体的扩展 

	结论 
	自搜索的推理时刻缩放 
	提示 
	重复采样说明 
	为大语言模型提供信息的指示 

	案例研究 
	Qwen3有无思考的案例研究 
	多轮和反射重复采样的案例研究 


	自搜索强化学习 
	提示 
	其他算法实现 
	时间旅行恢复逻辑 

	消融研究 
	模型家族比较 
	通用模型与推理模型的比较 
	Sim2Real搜索的附加结果 

	案例研究 

	格式奖励代码 

