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Abstract

JRERIES B (LLMs) WHERRRE iR A ity $2
r/MEF AL (SLMs, filin, < 1.5B) KHEAE S 7598
HAPRENE . — > BRERAET AR F R E
FEPE: AL SR A DR 3 DA A ) ) )2 B 5
W, BEGITUREAS NSO P, X4 SLMs
R TR GAH BN e N IR T A R
BURCC I, AR5 B T X R A THE R . ply o™ A Y
ERNIER, PP sy TE 7 s W A = i = DA
BRI & o o RSO TE, FATER T Al
AOHEZR, SELad o AR TE T VBTR3NS AY s
) (—NESC R AR SUR) , KBRS
PR . X5 SLMs Al DLLyETARMEA AL HERE,
BT F I AR, FEBHEZE N, FAT5IA T DURIT
GEATIEACN Gl B 5 ARG ), X —Fh =5,
WA (1) a2 ST WL ARG S A, (2) JE
id [ ZE IR SRR AE, PAK (3) AE M i) )l i
PSRN . ARSI AR, RIS AN B A S B
FEfYI%. scgel], DURIT 2% 45Em T SLMs filf
RIS B R R BEAT 55 ERYPERE. FR T 48 Ml pt
€77, DURIT iff2 e 1 HER A EREME, B0UE TR S
HESRARA 2 —FhNsE SLMs (17 80R I .

515

KANE SR (LLMs) (Yang et al. 2025a) 7EHEFERE /7
FHRER T BEREE (Biet al. 2025; Luo et al. 2025a;
Wen et al. 2024) . #Kif, HuIKZHBER EBETHE
FHATR K BYRTY (Guan et al. 2025; Li 2025; Shen et al.
2025) b, M/NEGEF AL (SLMs, filhn, < 1.5B) 1
PRRE HT M ARSI TR . RS HBEI AR, SLMs 7
%3 7 S RN I AE SRR . T R E R
AT e HERL R T B LR ) (Sun et al. 2020;
Xu et al. 2024) . KAWL, HTHESHEEAHR, H
SR EHEIRRE S — A B TPk

BOLdE BT EA (LLM) #EEE J7 00 55 18R e
IR 4EeE (CoT)  (Wei et al. 2022) , fii i}
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WETE R (Li 2025; Guan et al. 2025) Fl4iR
41 (Ma et al. 2025; Yang et al. 2025b) ZEHiAR. %
i, TAEATR, NEFRA (SLMs) YEDAL I 2%
FFEHR L, X B R RCR KA. AR (KD)
S RS, AN REEL (Flan, CoT) m4
FREE MR A5 MR A B LLM 654k B R ) ok k3t
SLMs, #ATM, F AR ARE 7 8] () AN DT LA E B Al
HOMEEE PPk . KD e T 2 A i R
P& (Gu et al. 2025) = 3 T LAY ] 1 7] 5B T B0
JERER AT LS (Shumailov et al. 2024) |, & 2
CoT JEE ] ReE i SLMs [HRE Sy H-PHAT~>]  (Li et al.
2025) . FUH-2EA R CEC ] REE— 25 AR ERE  (Cho
and Hariharan 2019; Chen et al. 2025) , 2% T K55
AR ZE S| SLMs H kL.

H5iRzZEm (KD) AW, sifk2%>] (RL) {HfAIEE
e H ERRMH TR, WHEAEERPZERE  (Chu
et al. 2025; Huan et al. 2025) . DeepSeek-R1 {55532
P (Shao et al. 2024) Fr—E5RiH T RL EMGTR A HE
HEAL (LLM) #EBRAE S s Jr. 981, SLM Th
I AREF Bk K BT AR B AR5 S A B U
P, HAERE A RMIEN FHUTZ L IRIER . BRIES
SR PSR S WP ERR S T RL FIRCE. RIEZ W
B RE F R AR A BB IR G (Mirzadeh et al.
2024; Liu et al. 2025a) , B 1 & W8Tk %1 5 & =X
B, AR IE PR, X R A ] B JC YA fa)
RIARTT, BOPRZNES IR . Mk, A
Re— HER B AR, SLRERAAHAE A By R m X
Z BTz . SXFRRT G H T — > R ) AR
A BEPAFIX PR A B BEAR , I AU 5 kAT
ZAR? FRATE L HE AR R R P A A
SHESESYE. WA RET P TR, &
I 2GR ) R B 2 — AR LE ) B AE AL R R 28 TR . 33X
PRI T AR T AR M 3 R A o AR AL i)
R B HACFMERETE (B 20 b ke B il 188 2R 25 1] .
I, BIE4E TIRASZSE], W T AT, e T #

JEEE B AR, AP TIRRACR . ERNRE,
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BT SIARET Chain-of-Thought (CoT) [
VAR E AT RS () 7 4 A AL 2, (R
RS ) B SR P R
fEASC, AR T HHESR, FFERES
(V) L SR 38— AN TR G . AR RN O SR A 17 7] At
25 (8], A RCH D T R RS ) R AR . FERX A
ZSIAI N, AL AT DUSE R e ) AR . FR AT o —
AN =2 AR U R H AR A RE SR (1) i
SR Ak 27 > N B SOBOHR YN 25 ) R 2 (RIS 8, ORF B AR
o RS R bR ELL . IRZEREE R TE S (2) H R
TS B8 736 # B AR 1 S LAY (SLM); (3) i@t fb
2 2] N SR AL RYAE (7] @025 () Y R E . s Al SLM
PARE R oAl Al, HEShHEBLEE SR ARG, h T8
ik DURIT WA %0, A H LLaMA  (Grattafiori
et al. 2024) F1 Qwen (Yang et al. 2025a) F | 7L
77 2MW SRS, S5 0.5B #] 1.5B, HIfi
U 1E GSMSK (Cobbe et al. 2021) FrHERREIEE -
PEATI4%, DURIT FE— &R 538 Fss o Ee 4 L, 42
FEARLE LT ReA MR P A Eda e, U5 TR
BT, R TRz ). SEGHET CoT i)
Fr¥EANE, DURIT @ J /b a) @i 2s [ i 2 24 PES A T
— R AT AR M R . PRI TR R
o FATRM-ANEMHER, K H AR S AU B
AREAL AR GE S 0], /DA ROIRAS A, BB R
FIFEARCR
o AFIAT M= FIZGHE Y —DURIT, %
BRSO Bk, s A (R S
AFAEREI Bk AL SR, B0 SLM 1y
PRAE ST
o SLIGERH, DURIT fERCARAEZ MRS L, Tt
e A R RIS B A T, S ARSI A Y P RE B
Tt B R AR5 PRI LR B T 3 = e
P, DURIT ifssm T HEBRAG SR, XA
BNTEA B A, I HAEAR IR R Rk
R EEZACRE ST

FHOR LA

it

PER AR Ot LM i AR S i i g . —
Bk R L (Yuan, Neubig, and Liu 2021; Deng
et al. 2024) , THAR T EN Y A RL DA A b #%
R (Deng et al. 2022; Zhang et al. 2022) .
PRewrite (Kong et al. 2024) i+ PPO (Schulman
et al. 2017) (o FH e B AERf A 223 K )11 %% LLM, {H
HI T 5T LLM 4 7m A2 Bm -5 805 B A . Ab-
stRaL  (Gao et al. 2025) i i ¥F 1) @il 5 A L7 5 2
FERFHEREZ AT L AN TR m HEBL ) B . 52
R TAEARIR, FATHY H AR 11 B S0 38 T H i 4t
HAEH ARG T 2N e L. i, FATE
RL A )RS (R BRI, R A 404 T AR 3
SLM H, ATt g FHEFR AR RE AT A

A ZE R

IR ZE 1R RE IR M R BB B B 5 7% B B /Ny 2 AR A
B, T AAr R B A Y . B 2R N H 25 1R 4
A B8 PE. Std-CoT  (Magister et al. 2023) ¥E
CoT R = AAAL, i NesyCD (Liao et al.

2025) ZEME—ALAE J) H- L5 A SN TRANH . AR NTR 8
TR BN HE AR PR AL R 00 1 i . Vanilla-
KD (Muralidharan et al. 2024) Z& 15 Btk 2SR 4y H AR
K BOND (Sessa et al. 2024) >R f Bt T2 B AE 0 W,
B EZE18, STaR (Zelikman et al. 2024) 3 i IE 5 1Y %
ZEZEWI E AR CoT BB DATE miPERE. 5 AMERY
WA, FAIB T GE T H 28 B ATERL T Y A%
f’%ﬂiﬁ , [ BRAERF I O 2 T Y RE 2 AL B BB AT

RIS B HE PR Ak 2 >)
SRAL 2 > E IR B AE 3G 0 K A0S SR B B8 ) T2
AR ML P T8> (RLHF) (Bai
et al. 2022; Ouyang et al. 2022) FULE & —FpfrgiZ &
5 N 55 BIFRUE T ¥ S TAE, W1 DeepSeek-
R1 (Shao et al. 2024) il Kimi K1.5 (Team et al. 2025)
foR, % GRPO XFEM BT DA 48 THHEFERE 7,
R TR RS (RLVR) B RL 7. FElt
Hifi b, i T2 (Yu et al. 2025;
Team et al. 2025; Liu et al. 2025b) . $X1fi, HARIESMH
TR RN 2 PR A 25 R SRR R A R T 2R h
TP TR, FRATHR T — R s (B S, ik
S R A [ BT B — e . A SRR, A
Mg RL AR

HARTEF B NEE Z MBS AR (SLMs) $#2iT
KU PR PO T SO R A A THERR, X P D
ZRIBALGE S R BFI . R T X — R, FRA1HE
T A RF RS R B R AR S . HA L2 )
S A MRS — PP AR AL B . (IR4E BE I R ik,
EAEOR B HEARTE SN [ il S 4 A e . il R
A AEARARY [0 AR S 2 RH AT 2R, I A [l T A
AISZRNE, FEON IR AL S L TR 27 2] AL
WA . WP F P iR, PRk 2% ) eds TR
fil, HHEE TR MERE. B, % Q FRBARIE
FRERASE, % P C L oAMNARET R L
A RIEA I RTE IR . BATE B f:Q > P
YA g € O Al A HIEEIR p = f(g) € P
- P A f AR DA AR Hod, Z80h 0 1
SLM FEWE AR HER A Ace(f(q);0) , T S 42
— 2 B AL I FINT o 3K BE 2 o A5 IR S T 4 T
AE I 8512 [) P S AR AL 4514

BT AR, AOEE T A5 1R (B 1), %
HEZR M L 171 ey v 70 2 [ R 85 B AR 7 )43 A
Bl PBREAL I FOR o T RS EASA BLY T,
WATR/D RS E], HEAE SLM I Zd R e i R
ARFFRRRF . WA BLAE B2 8] vp e, e
SRR BRYRE e, BT EAE R R AT, N T
NIk AR, FRATAEZE R A T — A4,
A T BT IV A0 5 i B S8 R S 3 HE AR A 7 ) A2 kA T
PEEATREAS LA DL Il A ) F) A L35 1IR3
RESIFF I TUCS. S T i —RCR, BATHE T —
FRfai by B EERSE, IFEE AN e R, EER
Wi 5 1) 0 2 ) 4 P 0 T PR A1

ZIEPHE LM% A, B9k UCB & & \ifk 7 LLM [
55, SR T 5T Qa3 Ak [ AV i A 5 ) ) 448 32 o
UGEIR RN E LA . BRIME, M Q | P Ao
a = |P|/|Q <1 WHBIHGE 72 1E], ARt g Fi
BT oL SRR TR FATRRE
ARy IhZ T A SLM B HEFR IR A 50
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Original Natural Language Space Problem Space
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Figure 1: FATEHESE 7 Bl 7 PR 5 T BRARAN . )t
I ARIE S L e, (A RRATTRIANE; W
%gﬁ’gi‘gﬂ%&?ﬁl‘tﬂiﬁil‘ﬂﬁf}iéﬁﬂﬁﬁél‘ﬂ , TR
RUHITRER o

Jitk

FAIFE L T AU R S RARAS (DURIT),
OV AR R AR A A B A R 4 58 SLMs 1
fEBLAE S AN 2 Brys, DURIT fh =ASe 80 g4
J (1) FBICRER IS5 B as M s id RL I
%, FERSERNIRS T, G B AT L )
RSl (2) BIRAEM: Fearat i B R AR
FIHERE SLM R, (L BEAEAE BRI B AL BRAT I )
1M To it M AR ks M . (3) RL JIlZ%: SLM R it
— B RL ACACPARR i HAE R fE . X = AP IR
AT, A PR R R Y SR o B A MY SR AR A
HERRAE T . SEBERY DN ACRSAERH SR C 77 rdfit.

BUR L [l ISk 2 IR

N TR PR, A PR (R WU M
B — S RBE SR (LLM) , T H RS 1
FR WIS B AR AL P RRZS ) B IR S OB A 5 ol s o
e, AEEAD7 3 LT ol RE PG/ NRLTE AL (SLM)
BURRE . O T PR HEAR AT R TG, $R T — Rl
WL, A — QRS ST G | 5 M A%
B SAE 1) 4@ SLM X Sn FfgaE ), PAK 2)
WA I AR s RIS b s S0 T AREX— i, AT THET 5
AT RIARBMAEGE T ke Balr 4B (KNN) XFi iy M 2
MR Qs FIR 2 fillid HE I TR,
M T3 HEARZEAFAE, FATRA GRPO (Shao et al.
2024) SRETBGNTE Q; HIFIIIEFINE race XHARLEHY
SLM YW R EAT AL Mo S5 T B 1k MO E AR
LR QF WSTE Qi MAEERIRILTT SR E AR TR
(B, “%ﬁg}%%ﬁﬂ@%%iﬂ) o AT AR B AR

i = Tace + T'cheating- (1)

SR, ANEESRAb - 2] Tk e P TinitE L. i T fiifk
MZS ], 5IA TR THERE ¢ MR . H ik,
T — N n NS {T, ... T} KA
WA R {1, ... k) WORSA C , —FIFRENLRIGG L.
NGt feh, XA Q; , LIRS T,
HHEIEMA v = [Qi Ty,] —EIERE, MES M LR
WL SR Q) o Sk T E Q) 5 IHAE R A
S5, FA1HT InfoNCE (He et al. 2020) HirEX T
— PSR AL 5 2% -

exp <<z77T>)

7 exp (B2 @)

Tcheating o

»Ctemplate—sim = - log

 HA 2 RBR T QF AR, T RIS
R AEHERTIG, 24 ¢ AnTEE, @i A A q;
G-I 3 R AR ) 55 ) AR A5 i) 6 2 [7] 19
ARIZRHRMER e I VLAY B Ui . BIAT —Fh
SEAR I3 25 DA b di e~ -

2?21 exp (‘<qi’rkj>) ,

M q; BIRBEER B PARS 1R M IR T, I HAL
BB . S BREORR A LA T IR SR A T
BRI 245 -

Liotal = [ng + oy £key—sim + a2£template—sim7 (4)

Hrp Lg Fok H GRPO BRI, 1T o+ o
s AN AR SR

FEYI G s RIS M), HF e i § 2
TEBNEE] SLM e BRI, M RFEUIREHESE Do
el AL IE Dy = {Q = M(Q;) | Qi € Do} ,
SR )R BT g gk SLM A G R R,
AT SLM e~ QF € Dy ERFE N BIWARL, IFH
IR D2 = {(Qi, Q) i) | Qi € Do, y; =
R(Q;), answer(y;) = True} , Hrt g FORBALAGIILY,
answer (y;) PEAHAERRME . 220 B4R SR SLM 75 Q;
FESIEE Q ERIVHAMRAT N, NEIHX A,
AN (Qf,ys) NBINRE, 1l (Qi, yi) PAFH RS
A:xf. SLM i B i Lepr Ml KD Lxp HYZLGH0
RIATINGR:

3)

‘Ckey—sim = —log

b= exp@Et/m)
p(x ) - ZL‘QI eXp(xj/T), (5)
l
£i= 1 3 [0 = M= logpy(ah)) + AKL(pu(et) || po(eh)].
k=1
()
Sf LRIFAIKIE, o 2 g 9 kA28, po Rl pe b

il
PR A MBI T RIS A Qi F1 Q) ) softmax i
o SH0N TEHVR Z R E 1A . IS B e vres e e
PRI NFRAL M TR E .

FHEEARE ) 28] SLM 2 )5, iZMAE S RL 17
BE—2B YNGR, DAGETE J5 A6 1780 25 i) B R A
PR HNFEALPEE. BRI S, FAEH GRPO Hk
MIFEIR I ABIEEE Do L) SLM SHATHOR, PAZ SR
BN A RIS S . BEE R A Skt JLAREA
Z AL BE T WAE G AS 3] B £ Bl AR 1) A8 2 ) 1) fe A 45
o N TENOX AR, s (ST M FIHER A
B R AE— B AUGIA PEZ I, AT S 3 ) g 2 )
IFFEE e FHERLRE T ) B A HE Tt

FATHLE P 5256 o {UAE (Cobbe et al. 2021) %ifisk
NGRS TV, FeA1E RN (IND) Filgidh
(OOD) #'E ., Hukid, Ff16iH GSMSK-Platinum
(Vendrow et al. 2025) #t47 IND 4%, FHk 1744
RS T Bz AL, AR MAWPS (Koncel-
Kedziorski et al. 2016) . SVAMP (Patel, Bhattamishra,
and Goyal 2021) . MATH500 (Hendrycks et al. 2021)
1 GAOKAO (Zhang et al. 2024) 554, o, HT
Pz B HERERE ), AT LogiQA (Liu et al.
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( Decoupled Understanding and Reasoning via Iterative Training h

Q + ansﬁ;éry Lsrr % —_—
oln SLM
Lkp

Problem Clustering Step I : Problem Space Mapper Training
Do Codebook C L.
Dy : Original Problems { %-\_)
kNN
il Question Q: Albert is wonderlng how much
yp A i\(typen pizza he can eat in one day. He buys 2 large
pizzas and 2 small pizzas. A large pizza has 16
type 21 ) A* slices and a small pizza has 8 slices. If he eats it
Template all, how many pieces does he eat that day?
Codebook C StepII : Self — Distillation hard
A* EQI Question Q' answer 1 ¢
answer?2 ¥ fier
odataflow 77 g o—> casy Q
= + answer y
loss flow answe'rNJ
\_° >

Mapper M p, .

: Problem Space
i

Lt‘smplates:L
L Ly

®
T

l IStep III : Reinforcement Learning

Question Q": Albert buys 2 large pizzas and 2
Nsmall pizzas. Each large pizza has 16 slices and
each small pizza has 8 slices. If he eats all of
them, how many slices does he eat in one day?

Question Q
Reward

SLM% Response N

J

Figure 2: DURIT JERIHELE,
I H (3) il 2 A LRI sR b= > #-A T b

2020) FARAEX I FAT R HEREPPAL . XA AT PP
i B AR RGi b T DURIT Xf SLMs 5%
AT AR BE AR

TATRFIRAT TS UK S R LR L
AT (1) CoT 7648: 4% Std-CoT (Magister
et al. 2023) , F H2{MIF DURIT fI5 B, Feal
BRANSIANT STaR (Zelikman et al. 2024) , FE&E )RR
o, FATEEH SLM R N A4~ CoT ”Fﬂﬁ7 FAR I R 44
R e R TR0 (2) 2Rk : PRewrite
(Kong et al. 2024) , H[FIFRMH RL Kfifbin: (3)
%? RL #9757 GRPO (Shao et al. 2024) ; (4) 418
7818 F-ATR T Vanilla-KD (Muralidharan et al. 2024)
, IXFEFEBUN LM [W7E L TR RIS R i 431
FEFRATBE T, WIS AUE NN . 52w TR
(Sheng, Li, and Zeng 2025) —%, &ﬂj%ﬂq LETE
1’5@%}%}?@%1‘30 E%%Qf‘ﬂﬁﬁéélﬂ{ BTFER % B.3
[ ¢ 2l

A T 3L DURIT 3z 4L gE 1, AT T A [FH
B LAY, 4 d e 5 R 2 I I R A 3 1) ) AR
A 40 Qwen2.5-0.5B-Instruct (Yang et al. 2025a) #I
Llama3.2-1B-Instruct (Grattafiori et al. 2024) . %}F
Mg iR, AT Qwen R H A Qwen2.5-3B-
Instruct, ¥ Llama £ 7 {§i[f] Llama3.2-3B-Instruct,
AR ORZEAA I — B . AU A S 32 AN Fasif, A
BA IR R BN an = le—3 | LIHAYHIKR R
K oay =le=2 . Yo =128 PEIzfT 148,
AUR I G754, PR I iz17 3 . Frf SLimiyfe
2 4~ 40GB W1EH) A100 GPU _ftfr. SEFEr, %
TR AAMH vLLM (Kwon et al. 2023) il i) 57 25 i
o BRI A SEELAN T AT PATERR 5% B.3 77 HhdkE| . FRAT]
HAE Qwen2.5-1.5B-Instruct ALY F3FAL T FATHY ¥4
TESERFURGIILM SR EL 272 fIF .

z% 1 f~, DURIT #£ IND F1 OOD Fift B35k
THrA L. BENE, BEMHE GSMSK %4
Y%k, DURIT WAETE A Eih 4 b Rrgid it i 2ok
e T, HE—WIEMR, B Qwen2.5-0.5B-Instruct
F1 Llama3.2-1B-Instruct 40 B2 BL T Aol RL 48 07
R 2.06 % Fl 2.35 % BFIMERRETE. HEW
52, DURIT FEARHHE SN KA T CoT MBI

Zd BT KNN BRE)S,

DURIT (1) st s 4 ), (2) 5 HF 0 SLM,

OUF SO T IR SRR T . A, BRI B [ B
PRAE 1ok . @ NI B ERAIR. [HAETENE,
DURIT £ % i 55 401 58 55 BUM A B 4 DeepSeek-R1 [
KW TTE. BN ESEEERBNERiZTT, DURIT
T%ﬁﬁl\lﬁ’] APT s ARIEERE A4, $RAE T 2 i

FPERTE A RCR . a5 —kaE R UI%E, DURIT 1
HEHERE Sy k25 ha . BPEZRZ2 0 il GSMBK %idik
BAE Qwen2.5-0.5B-Instruct _FHE T 0.36 % -2k
WR$ETF, ¥ Llama3.2-1B-Instruct _FEUE T 0.69 %
BOFETE . R R B S A 758 AR & 8 51 o
Kt (N JE2E4s 77 ), iX &M DURIT 745
T A R I A R 7 B A e/ T PR AR U A R0 17 e
J7 T A R

FEPUR S| @‘Ln RGeS S R ) N TR E R (14 7
Y 1) A5 (] o, DURIT %3 )80 AT o X
il R0 T T 2 R F ISR AL A, TR B T
KEEER, MR THEFR S, 0 TR —Ud
%, B Qwen2.5-0.5B-Instruct fil LLaMA3.2-1B-
Instruct 7F GSM-Symbolic £ (Mirzadeh et al. 2024)
FHEATIEAL . TR B EESECE S 100 NSRBI
U EETZE, FHATEN (Gao et al. 2025; Liu et al.
2025a) R H I UER SR AR T R BEAE Sl ST &= .
CERMAGAEFA 2 . DURIT FEFTA & LT
)7 S/ TR AR IR, X SRR A Rl
%ﬁ??ﬁﬂ‘]%@‘ﬁo AR B 25 A E P 5% B 77

DEF o

AT A EEA G EdESEXT DURIT g, 38
AT T8 —RaEAL, T GSM8K. MATH Flid &
I i) DeepScaleR, 45H—kIET GSMSK ByiENZ 5.
WE 7?2 i, BYNEEEA R T 55 — Rk AT H 2L
Pomd, 5 REEAH R T R . X — I
1" DURIT FEfERRR SHERTT LS, (ERRES A
?ﬁ%ﬂﬂ%ﬁ%l‘é’]ﬁ%ﬂ? i ﬁﬂ?%ﬁ%ﬁ‘ﬁ%ﬁﬁ%
AT U G5 s 2 e 3 1 S A4 P B O 1 s ABE 204 1) 4 2 g
BAREM A RA W% B.2

AT VAL AL ALE AT gs xF DURIT PRy 52
ma, FATEHER SLM [ E N Qwen2.5-0.5B-Instruct,
T FH 2% LT 2 BT — %k DURIT 87, FL{K
mE, ®IM1ZRT Qwen2.5—3B/1.5B/0.5B—Instru0t il
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Methods In-Domain Out-of-Domain Average
gsm8k-platinum | MAWPS SVAMP MATH500 GAOKAO LogiQA
# Qwen2.5-0.5B-Instruct based
Base (Yang et al. 2025a) 45.74 54.23 54.67 27.80 18.55 14.44 35.91
CoT-Dis (Magister et al. 2023) 44.67 55.77 58.33 18.80 12.90 30.41 36.81
STaR (Zelikman et al. 2024) 51.86 57.88 61.67 29.60 18.55 23.50 40.51
GRPO (Shao et al. 2024) 51.03 58.08 61.00 27.40 21.77 22.73 40.34
PRewrite (Kong et al. 2024) 47.23 56.73 57.00 29.80 19.35 23.96 39.01
Vanilla-KD (Muralidharan et al. 2024) 49.30 57.69 61.67 30.4 23.39 20.74 40.53
DURIT (ours, iter=1) 53.68 60.19 62.67 31.00 23.39 24.58 42.59
DURIT (ours, iter=2) 53.10 60.38 63.00 32.80 22.58 25.81 42.95
# Llama3.2-1B-Instruct based
Base (Grattafiori et al. 2024) 30.52 5.77 20.67 22.60 12.10 1.54 15.53
CoT-Dis (Magister et al. 2023) 48.06 56.92 57.67 24.60 12.90 21.81 36.99
STaR (Zelikman et al. 2024) 36.31 52.50 54.33 20.00 16.94 8.45 31.42
GRPO (Shao et al. 2024) 48.39 59.23 57.67 26.40 16.13 4.45 35.38
PRewrite (Kong et al. 2024) 35.81 41.34 46.00 18.80 12.10 3.53 26.26
Vanilla-KD (Muralidharan et al. 2024) 42.35 64.23 62.67 22.40 16.13 7.99 35.96
DURIT (ours, iter=1) 50.37 59.62  64.33 26.00 14.52 21.20 | 39.34
DURIT (ours, iter=2) 52.36 62.31 66.00 27.60 12.10 19.82 40.03

Table 1: Qwen2.5-0.5B-Instruct il Llama3.2-1B-Instruct FEHLAE 7SR Fe R 32 o ORISR 7 R g (%) «
BIFAN underline 73 51| R e AERIR AL R «

Method ‘ Qwen-0.5B \ Llama-1B AR 7R R P g

| Orig  Symb A% | Orig Symb A% j‘]TﬂMﬁ@%%‘%&%ﬂ?ﬁlfﬁ‘ DURIT PERERI I, FRATT
Base 160 416 06 210 160 237 =R T EMARKERAL (LR B3 77 ), fl
CoT-Dis | 470 406 137 | 51.0 383 249 /H Qwen2.5-3B-Instruct fE4BIHE, Qwen2.5-0.5B-
STaR 51.0 410 -197 | 330 271 -17.8  Instruct fESHEM SLM. SRR EAEA R A PE R T T
GRPO 50.0 429 -14.3 | 440 358 -18.6 — ALY, T 77 R, PEREFE N [RI$R R 2 18]

WA AR S IR BR R AL Y P AN TE A B 2R A A 45

Ho BRI, BTA BISER A RERA R T RSN TERE, R

DURIT fEMUt s s i i 2 5 bR A .
FATHEH Qwen2.5-0.5B-Instruct BEALHEATIHREBT T,

PRewrite 48.0 42.0  -12.0 | 39.0 219  -43.8
Vanilla-KD | 51.0 42.2  -17.2 | 42.0 334 -20.5
DURIT 48.0 42.6  -11.3 | 44.0 40.8 -7.2

Table 2: £ Qwen2.5-0.5B-Instruct £ Llama3.2-1B-
Instruct PR B ¥ER R . DURIT PARIRIEA LT
k. Orig: JifRII4E; Symb: gsm-symbolic; A% :
M Orig #| Symb WAHXTERE T . fE2H 455 H kA
underline FRE—ME " FiELEE.

Llama3.2-3B-Instruct,, DA TPAR AR YRR 1A B 5 X6
DURIT 540, % Qwen2.5-0.5B-Instruct FHX1# 55
HFs S ERBERE 71, FATH Qwen2.5-3B-Instruct 2E K1)
200 B RO AT RS Bl DA AT 0 5%
TR G5RERTER 77 b, ok | [ — B8 KR n i) 2%
R T HAD SR el 2, I HLRE & B sy
K/NFIEIN, PERE A WA UGS . AT, AR
BARPEREZE AR/, X ] DURIT X RG24 1%
BHEHASBEM., B H%E Qwen2.5-0.5B-Instruct X
FEE2 R W28, DURIT W REFE AU &1 A
BURG I 0 SEEL R A RE

PAVEAL DURIT H&ANHAFF TRk KT8 1, 3847
i1t i} PRewrite ( w/o tem ) i R $F Ak Fa X
MR R 52, [ IR RE DURIT 255 11 iP5
I Gt BEAAR . X288 11, FRATE A 2B A
AR SFT $i2k (w/osd ) AL ER sft Fi2k (
w/o sft ) kg SFT (R Bip:. X 200K 1L, FA0F
JiEER GRPO YIZRIRCR ((w/o grpo ). WM 3 Jir
N, THRALA PR SR RE T . w/o tem fiY
T s [m) i br i, SECRUAE EE, DA
PIERERF . w/o sd X P RESZ MR /S, (H 25 H|
55 THANZARRE Ty, RIE T 28 A AR AT
SREEEE T TAE R . w/o sft A REXAR A [ A (1 4fE 51
BL = A ack BERREER , (i) Ao 2 R Bk S5 e 2t v 14 i AL
SN IER IR, W] AR B REUE— 2 T . )
w/o grpo UEAREARHERGTE, UESE TTE H 2818 5 iR ke
B LB

AT AL G B AAE SLM RO, AT
T Qwen2.5-0.5B-Instruct 7 GSM8K-Platinum |/
ARE F o, M R IR S A H 8 i PRewrite Fl
DURIT A= WA . AT k Sr 4 g5k
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Variant |GSM| MW SV MT GK LQ | Avg.

DURIT |53.68|60.19 62.67 31.00 23.39 24.58|42.59
w/o tem |53.02(59.04 60.00 31.40 20.97 23.04|41.25
w/osd [53.52]60.58 58.33 30.80 21.77 24.88|41.65
w/osft [51.20(57.31 61.67 28.60 19.35 22.73|40.14
w/o grpo |49.30 | 57.69 61.67 30.40 23.39 20.74|40.53

Table 3: % Qwen2.5-0.5B-Instruct £ 75~k i $ i 4E
LR . FATIAE T GSMSK (K GSM) |
MAWPS (MW). SVAMP (SV). MATH500 (MT).
GAOKAO (GK) #1 LogiQA (LQ) _my#EmiR (%),
Fir A AR RERZ 1ot Bk DURIT AR5

PCA: Last Hidden Layer Avg

Original
- Mapped

PCA: Last Hidden Layer Avg

Figure 3: Figure 4:
(a) PRewrite a5/ (b) DURIT F84040#r

Figure 5: I Qwen2.5-0.5B-Instruct Xt A [i] J5 Y517 e i
Frit T PCA "L

ALK LEFORAY TR B, WK 4 TSR, Bk,
AT LT (PCA) o e FEUBCIR S B 2
AR TR A, AT 5 R, SRR PRewrite B
ST AR, DURIT MU S AAE A %5 18] AL
TIRE AR XKW DURIT BRA BT
TUARBCNAH RN 528 57, A ROBIEAR 1 I s 1) 14 24
FE. A, BRI AT A B R AR, AR
HOEA R

TEX I TAE AR, FRATHR T — A1 ] 170 A s i) A S5
HEZE, #%Eﬁ[ﬁ%ﬁtﬂj:iﬁM%T*/\Eﬁi%fﬁE DURIT,
DURIT fy = A KB IR (1) J8ad 1957 > Fl fak
Bt G TN GRE RS RIS A% (2) KFBRSTRE N1k
| SLM rhty B IRZR I, LA (3) FEG0 I A [ A2 ) Y
it SLM RyHEPLAE /7. i@ id S8 RSt as Al SLM,
DURIT 28] 7 BT AE ) A FHEPERO 2 AL B . S RiE
B, DURIT SRAH0 TRORAYELL, Toit @i A it 2
ﬁ;ﬁgﬁﬁ&%, P WE I, [ R A R

Bot
LR T PEEZRAAREES (UH%S
62441617) FIILHOR R K Pk 5 B AL VTS ks e B35
HOL R SRR -

>y
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Birae Ac B 1 AUEW

Theorem 1. i& Q A A REZ P A RESL, #iLA
TReGRE s, ik A xR rtEkmp L. E5—
te{l,....,T} P, SLM WE—/NFMA s, € Q , ik
F—AHEa € A, FRFEE r(se,ar) o Bakilid
P AE B P Rk sy LB R (UCB) &
BT AL, %23 T % Ees % B EmIRE £

Rr =0 (VIQ-TA[- T-InT),
L || R AR,

Proof. FATREFAHAET FM © € Q W h— ks
WPIRES s, FERFREIEm Y4 SCHEIEZSR) A FER—
Bre{l,...,T}H, REUWE RS s € Q, ¥
—ABfEa € A BN e = r(se,a0) € [0,1]
, OB p(se, ar) o 4 p*(s) = maxaea pu(s,a) 4
RS s BRMUINER . BOsisE SO 55 1 4 ek
S-BVER R 2 A(s, a) = ™ (s) — u(s, a) FRTE
IR s FEME a ARSI ZER . & Nr(s,a) FonTetk
& s TIEFEEhE o BREL, HFIZE T . W EmERk
Sy Hpa*(s) = argmaxaea p(s, a) o 5 2 2 XFEAS
RESR A BE s € @, 2 Ts = > ,ca Nr(s,a)
FRMRES s MBS, M TARAS s 1, ARG
ANRRUERI 2 R 2 e HUI B, B | A| VB . i UCB &
W, RS s It iR R %124 (Auer, Cesa-Bianchi, and
Fischer 2002; Bubeck, Cesa-Bianchi et al. 2012) : fF
T <T, BAE InT, <InT , FI: 55 3 25 XA
ARA . st r A RS s e fi: S CL > 02—
/I\ljl%éﬁy ﬁﬁﬂa‘X{l‘ﬂ:}%ﬁ s € Q 9 Rs S Cl V |A| 'Ts IHT
B W 55 4 25 W HAVE-RERL2EASE . AT IR
HIF Y seo Vs, BAVMEHAMVE-HILZEAEX: BT
Yoseols =T , XEfiifbRy: 2 5 0 AR, AR
Ry WMFRisAr, AVEE]: B, Sastdgi ek O

Kfok B: B ¥

FATEESR 77 PR GE TUNGATTEAL B4 B AR .
GSMB8K (Cobbe et al. 2021) $¥E4E M1 £ E= A9 2k
£, GSMSK-1 | GSMSK-3 f81 24 DURIT [0
R e T4, T GSMSK-4 414 1 DeepSeek-
R1 (Shao et al. 2024) A1y CoT ~fl. GSMSK-5 %
GSMS8K-7 X} T[] B AL ALk STaR AR i) CoT
Bt e HABERAE SR T & 77 R TTA
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Fita B.2: ZEICIZRSe gt Bl 4

AN GRS g bl B B SE gl iR A R . FESE Rk
R, FATEEH Tk H GSMSK iy 5t % 7,473
MHEAFR B MATH £l 1 58 8 7,500 A HEA
(Hendrycks et al. 2021) . %I+ DeepScaleR (Luo et al.
2025b) , A THEHIMERIKE, AT S AREE 0.7 2E
BAEASEBI) 8 AN, FHH A vLLM (Kwon et al.
2023) fEfES. ARG, FATETE T R AR e
FEA, BAKMIE, @RS RAF e B P35 R R
1.0 3 0.0 BFEA. TERIRMFEA Y, RATHEYLIESRE T
7,500 MEAGEATINGR, ARG ORI =~ S5 1
PR/ SE .

Fi A SEue ¥ VeRL HEZRSCBE, I Python
3.10 #l PyTorch 2.6, FA1fdi il DeepSeek-R1-0528 7
GSMBK il g8 b A CoT JEFHLE, X el
HEPIT (Liao et al. 2025) WHE/RT[S:, FHAKE 6 FF
TNe SRGTEFRATTHY CoT-Dis 15 H 78 15X Lo 130 DA B¢
SLM illl%k. T STaR, FA1i515 5 DURIT AH[E X
B, GEEA SLM SREE 8 MR IR RPEHIE
il CoT #3. *FT Vanilla-KD (Muralidharan et al.
2024) , AR H DURIT fYBLFEIRLYE R HITH 7%
RN . Fra 7m0 EIIgs 5 A, 5 DURIT 4
BRI —30. AR AFHIRK RSN 2536, 2E) %
M le—5 , KL ik 2% 0.001, itk 40 X
GRPO (Shao et al. 2024) , AT EWREAE 8 4~
B, R RN E R 16, 225] 55k 1le—6 , RN
KEEN 1024, FilZE 3 . XFT PRewrite (Kong
et al. 2024) , FAEEH GRPO L THoR AL, a0
et A i DURIT BLGHBIRUE R RS . BRI
LMW, 5 DURIT 2288 T —2(. X} T PRewrite, FA/]
WAL 20 NMERARR (GFE R IR PRewrite $7R)
SEFTHR BN, I IEFER B FER— T, &5 DURIT
WISy 2 B P ) B A — X (W 7 JiR ). X DURIT,
FTATLRAMFE IR (WE 7)), FREBESE wEh
X Qwen2.5-0.5B-Instruct 24 (Yang et al. 2025a) Ay
0.2, X}7F Llama3.2-1B-Instruct ##! (Grattafiori et al.
2024) 4 0.05, T Qwen2.5-1.5B-Instruct %, FoA]
7€ DURIT g H 281024 20 8 Bl 1e-6, JFRF X X
4 0.01. S TP DURIT %HERAMbI S, &
M1 AMPAS TSRt wE 8 f1 9 Pk,
JTA HABIN B S BT AN LA F], PABRER AP L
B, FERRPLRTRCEY 1o TR AdamW
g AT, & 51 =09, B2 =0.95 , FIFLE
FEWCH 0.01,
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Generate CoTs

You are an expert assistant teacher specializing in math problems. For each task, first provide a detailed step-by-step reasoning process and
then give the final answer enclosed in \\box{}.

Question: {QUESTION}.

Answer: Let's think step by step and output the final answer within \\boxed{}.

Figure 6: [l T355 DeepSeek-R1-0528 4= Ji§, CoT HEFLHBHIFER -

Prompt Design for the Problem Space Mapper M

You are a professional exam editor. Your task is to rephrase exam questions to make them clearer and easier to understand without changing

their meaning. Focus only on improving clarity, conciseness, and consistency in phrasing. Do not solve the question, do not explain it, and do

not suggest or imply any answers. You may simplify wording and remove unnecessary background information, but you must retain all details,
conditions, and context necessary to solve the problem. Output only the rewritten question as a single clear paragraph.

Figure 7: [ AR 2 M HIFRIR o

Design Variant of Prompt 2 for the Problem Space Mapper M

Rewrite the following questions by rephrasing them without altering their original meaning. Preserve all details relevant to solving the problem,
including any conditions, constraints, or contextual information. Use consistent language for questions with the same meaning. Output only the
rewritten questions.

Figure 8: =S AW s M BITRENESRR 2.

Design Variant of Prompt 3 for the Problem Space Mapper M

You are a professional exam question editor. Your task is to rewrite exam questions to improve clarity, conciseness, and consistency, without
altering their original meaning. Preserve all essential information, conditions, and context needed to solve the question, but remove any
redundant or overly complex wording. Do not solve, explain, or provide hints for the question. Only output the revised version as a single clear
and well-structured paragraph.

Figure 9: [MIEAS MWL G M ORIERZ PSR 3.
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Methods In-Domain Out-of-Domain Average
gsm8k-platinum | MAWPS SVAMP MATH500 GAOKAO LogiQA

# Qwen2.5-1.5B-Instruct based

Base (Yang et al. 2025a) 72.46 57.88 73.00 46.40 25.00 40.86 52.60
CoT-Dis (Magister et al. 2023) 71.63 59.42 85.67 42.40 20.97 37.48 52.93
STaR (Zelikman et al. 2024) 76.34 63.27 80.67 49.40 26.61 42.24 56.42
GRPO (Shao et al. 2024) 76.43 63.85 83.67 50.20 28.23 39.32 56.95
PRewrite (Kong et al. 2024) 70.55 54.42 80.00 45.60 20.16 31.03 50.29
Vanilla-KD (Muralidharan et al. 2024) 76.18 62.69 82.00 51.80 24.19 36.56 55.57
DURIT (ours, iter=1) 76.34 63.46 81.67 53.60 32.26 40.40 57.96
DURIT (ours, iter=2) 76.01 62.88 84.00 52.20 30.65 42.40 58.02

Table 5: 77 IR AERLHE 3P4, GSMSK BCHEHE I %) Qwen2.5-1.5B-Instruct BIAAGHERE (%) o MAHA
underline 4§12 d FERIV HEH .

Method \ Qwen-1.5B
‘ Orig  Symb A% Average Accuracy vs. Distillation Parameter A
Base 67.00 63.82 -4.75
CoT-Dis 71.00 68.24 -3.89 425
STaR 79.00 67.10 -15.06 S
GRPO 65.00 66.50 +42.31 §42'0
PRewrite 70.00 63.82 -8.83 3 15
Vanilla-KD | 73.00 68.34 -6.38 g
DURIT 64.00 66.68 +4.19 §41.0
)
>
Table 6: 3T 1F GSMSK %4t F I %) Qwen2.5- < e
1.5B-Instruct, XJ/A[E kR . DURIT fifi Bk 40.0
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In-Domain Out-of-Domain

Methods gsmSk-platinum  LogiQA | SVAMP MATH500 GAOKAO MAWPS | *verase
# Qwen2.5-1.5B-Instruct based

Base (Yang et al. 2025a) 72.46 40.86 73.00 46.40 25.00 57.88 52.60
CoT-Dis (Magister et al. 2023) 69.73 30.26 74.33 33.20 21.77 55.58 47.48
STaR (Zelikman et al. 2024) 74.44 43.93 | 84.00 49.40 25.00 62.69 56.58
GRPO (Shao et al. 2024) 75.85 43.63 83.67 50.20 26.61 62.69 57.11
PRewrite (Kong et al. 2024) 70.14 31.64 79.00 46.60 23.39 55.38 51.03
Vanilla-KD (Muralidharan et al. 2024) 75.93 39.01 82.00 51.60 27.42 63.65 56.60
DURIT (ours, iter=1) 76.84 43.47 | 84.00 50.60 27.42 62.88 57.54
DURIT (ours, iter=2) 75.43 45.16 85.00 53.00 26.61 61.15 57.73

Table 7: fENEANRIERREHFEMIAF, XHE GSM8K + LogiQA IRAHHESE EIIZH Qwen2.5-1.5B-Instruct

REERE (%) SEATIEAL. IR underline 73 5 R /R AERIR AL R

Method \ Qwen-1.5B

| Orig  Symb A%
Base 67.00 63.82 -4.75
CoT-Dis 70.00 55.20 -21.14
STaR 73.00 66.70 -8.63
GRPO 70.00 66.04 -5.66

PRewrite 68.00 63.60 -6.47
Vanilla-KD | 76.00 68.42 -9.97
DURIT 64.00 65.42 +2.22
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Instance-Level Comparison of Qwen2.5-0.5B-Instruct’s Answers Before and After Problem Mapping

Original Problem:
A concert ticket costs $40. Mr. Benson bought 12 tickets and received a 5% discount for every ticket bought that exceeds 10. How much did Mr.
Benson pay in all? Let's think step by step and Only output the final choice within \boxed{}.

Model’ response:

To determine how much Mr. Benson paid in total for the concert tickets, we need to follow these steps:
1. Calculate the number of tickets he bought that qualify for the discount.

2. Determine the cost per ticket after the discount.

3. Calculate the total cost for all the tickets.

First, let's find out how many tickets Mr. Benson bought that qualify for the discount. Since each ticket is priced at $40 and he bought 12 tickets,
but only 10 exceed the discount threshold (which is 12 - 10 = 2), he qualifies for a 5% discount on the first 10 tickets.
The cost for the first 10 tickets is:

\[ 10 \times 40 = 400 \text{ dollars}\]

Since he qualifies for a 5% discount on the first 10 tickets, the discount amount is:

\[ 400 \times 0.05 = 20 \text{ dollars} \]

So, the cost for the first 10 tickets is reduced by $20, leaving him with:

\[ 400 - 20 = 380 \text{ dollars} \]

Next, we calculate the cost for the remaining 2 tickets. The cost for each of these tickets is:

\[ 40 \times 0.95 = 38 \text{ dollars} \]

Therefore, the total cost for all 12 tickets is:

\[ 380 + 38 =418 \text{ dollars} \]

Thus, the total amount Mr. Benson paid is:

\i

\boxed{418}

\]

Mapped Problem:
A concert ticket costs $40. Mr. Benson bought 12 tickets and received a 5% discount on each ticket beyond the 10th ticket. How much did Mr.
Benson pay in total? Let's think step by step and Only output the final choice within \boxed{}.

Model’s Response:

To determine how much Mr. Benson paid for the concert tickets, we need to follow these steps:
1. Calculate the cost of the first 10 tickets.

2. Determine the number of additional tickets (beyond the first 10) that receive the discount.
3. Calculate the discounted price for the additional tickets.

4. Add the cost of the first 10 tickets to the discounted price of the additional tickets.

Let's start with the first step:

The cost of the first 10 tickets is:

\[ 10 \times \$40 =\$400 \]

Next, we calculate the number of additional tickets (beyond the first 10) that receive the discount. Since there are 12 tickets in total and 10 of
them are already included in the initial purchase, the number of additional tickets is:
\[12-10=2\]

Each of these additional tickets receives a 5% discount, so the discount per ticket is:

\[ 5\% \times \$40 = 0.05 \times \$40 = \$2 \]

Therefore, the cost of each additional ticket after the discount is:

\[\$40 - \$2 =\$38\]

So, the total cost for the additional 2 tickets is:

\[ 2 \times \$38 =\$76\]

Finally, we add the cost of the first 10 tickets to the discounted price of the additional tickets:
\[\$400 +\$76 =\$476 \]

Thus, the total amount Mr. Benson paid is:

\[ \boxed{476} \]

Figure 13: X A 0002 [ WS EAT Ui P A LU, Qwen2.5-0.5B-Instruct FYJuI R, 21 (% 5 H 2 on A IR AR AR,
S0 FORIERRRIHMERL, (O AR KK
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Instance-Level Comparison of Llama 3.2-1B-Instruct’s Answers Before and After Problem Mapping

Original Problem:

Grandma Jones baked 5 apple pies for the fireman's luncheon. She cut each pie into 8 pieces and set the five pies out on the buffet table for the
guests to serve themselves. At the end of the evening, after the guests had taken and eaten their pieces of pie, there were 14 pieces of pie
remaining. How many pieces were taken by the guests? Let's think step by step and output the final answer within \boxed{}.

Model’ response:

## Step 1: Determine the total number of pies initially set out

Grandma Jones set 5 pies out on the buffet table.

## Step 2: Calculate the number of pieces taken by the guests

Since each pie was cut into 8 pieces, we need to find out how many pieces were taken by the guests. To do this, we need to divide the total
number of pies by the number of pieces per pie.

## Step 3: Perform the division

To find the number of pieces taken by the guests, we divide the total number of pies (5) by the number of pieces per pie (8).
5+8=0.625

## Step 4: Round down to the nearest whole number

Since we can't have a fraction of a pie, we need to round down to the nearest whole number.

0.625 rounded down is 0.

The final answer is: $\boxed{0}$

Mapped Problem:

Grandma Jones baked 5 apple pies, cutting each into 8 pieces, and placed them on the buffet table for guests to serve themselves. After the
guests finished, 14 pieces of pie remained. How many pieces of pie did the guests take in total? Let's think step by step and output the final
answer within \boxed{}.

Model’s Response:

## Step 1: Calculate the total number of pie pieces initially

Grandma Jones baked 5 apple pies, and each pie was cut into 8 pieces. To find the total number of pieces, we multiply the number of pies by the
number of pieces per pie: 5 * 8 = 40.

## Step 2: Calculate the number of pieces taken by the guests

After the guests finished, 14 pieces of pie remained. To find the number of pieces taken by the guests, we subtract the number of remaining
pieces from the total number of pieces initially: 40 - 14 = 26.

The final answer is: $\boxed{26}$

Figure 14: 761 U5 MU 2 B A1 J5, Llama 3.2-1B-Instruct )@ [ A% ORB, 2060 & R iR
AERE, B 200 SRR IEBRAHERE, HREEH IO ARl R ER .
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Instance-Level Comparison of Qwen2.5-0.5B-Instruct on the GSM8K-platinum Dataset

Problem:

Melanie is a door-to-door saleswoman. She sold a third of her vacuum cleaners at the green house, 2 more to the red house, and half of what
was left at the orange house. If Melanie has 5 vacuum cleaners left, how many did she start with? Let's think step by step and Only output the
final choice within \boxed{}.

Base Model’ response:
To determine how many vacuum cleaners Melanie started with, we need to work backwards from the information given about the remaining
vacuum cleaners.
1. **Identify the number of vacuum cleaners left after the first sale:**
Melanie had 5 vacuum cleaners left after selling some at the green house.
2. **Determine how many vacuum cleaners were sold at the green house:**
Melanie sold a third of her vacuum cleaners at the green house. Therefore, the number of vacuum cleaners sold at the green house is:
\[\frac{5}3} = 1 \text{ (since } 5 \div 3 = 1.67\Idots)\]
This means that \(5 - 1 = 4\) vacuum cleaners were sold at the green house.
3. **Calculate the number of vacuum cleaners left after the second sale:**
Melanie then sold 2 more vacuum cleaners to the red house. So, the number of vacuum cleaners left after this sale is:
\[4-2=2\]
4. **Determine how many vacuum cleaners were sold at the red house:**
Melanie sold half of the remaining vacuum cleaners at the orange house. The number of vacuum cleaners sold at the orange house is:
\[\Mfrac{242} = 1\]
This means that \(2 - 1 = 1\) vacuum cleaner was sold at the orange house.
5. **Calculate the total number of vacuum cleaners sold:**
Adding up all the vacuum cleaners sold, we get:
\[4+2+1=7\]
Therefore, Melanie started with \(\boxed{7}\) vacuum cleaners.

DURIT Model’s Response:
To determine how many vacuum cleaners Melanie started with, we need to work backwards through the transactions and account for the
remaining vacuum cleaners.
1. Let's denote the total number of vacuum cleaners Melanie started with as \( x \).
2. Melanie sold a third of her vacuum cleaners at the green house:
\[\text{Vacuum cleaners sold at the green house} = \frac{x{3}\]
After selling at the green house, Melanie has:
\[x - \frac{x}{3} = \frac{2x}{3}\]
3. Melanie sold 2 more vacuum cleaners at the red house:
\[\text{Vacuum cleaners sold at the red house} = \frac{2x}{3} - 2\]
After selling at the red house, Melanie has:
\[\frac{2x}{3} - 2 - \frac{2x}{3} = -2\]
This is incorrect, so let's re-evaluate the problem. The correct approach is to consider the remaining vacuum cleaners after the first two sales.
4. Melanie sold half of the remaining vacuum cleaners at the orange house:
\[\text{Vacuum cleaners sold at the orange house} = \frac{1}{2} \left( \frac{2x}{3} - 2 \right) = \frac{x}{3} - 1\]
After selling at the orange house, Melanie has:
\[\left( \frac{2x}{3} - 2 \right) - \left( \frac{x}{3} - 1 \right) = \frac{2x}{3} - 2 - \frac{x}{3} + 1 = \frac{x}{3} - 1\]
According to the problem, Melanie has 5 vacuum cleaners left:
\[\Mfrac{x}{3}- 1 =5\]
Solving for \( x \): \[\frac{x}{3} = 6 \implies x = 18\]
Therefore, Melanie started with \(\boxed{18}\) vacuum cleaners.

Figure 15: %} GSM8K-platinum #E4E 1 Qwen?2.5-0.5B-Instruct #4730 FI1% L, S H LRI FN DRUIT %
FIMRIR , 2100 FOREGIRIER, 280 Fon IEmfHL.,
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Instance-Level Comparison of Qwen2.5-0.5B-Instruct on the GAOKAO Dataset

Problem:
Given the hyperbola $\\Gamma: xA2 - \\frac{y"2}{b/2} = 1$ ($b>0%) with left and right vertices $A_1, A_2$. If the eccentricity $e=2$, find the
value of $b$. Let's think step by step and Only output the final choice within \boxed{}.

Base Model’ response:
To determine the value of \( b \) for the given hyperbola \(\Gamma: xA2 - \frac{y"2}{b/2} = 1\) with an eccentricity \( e = 2 \), we need to follow
these steps:
1. **Identify the coordinates of the vertices:**

The vertices of the hyperbola \( xA2 - \frac{y"2}{b"2} = 1 \) are located at \((\pm ¢, O)\). Here, \( c = ae \), where \( a\) is the distance from the
center to each vertex along the x-axis.
2. **Calculate \( a \):**

Given that the eccentricity \( e = 2\), we have: \[e = \sqrt{\frac{a’2}{c}} = 2\]

Squaring both sides, we get: \[\left( \sqrt{\frac{a*2}{c}} \right)*2 = 4 \implies \frac{a"2}{c} = 4 \implies a*2 = 4c\]
3. **Determine the relationship between \(a\) and \( b \):**

Since \( a2 = 4c\), we can express \( ¢ \) in terms of \(a \): \[c = \frac{a"2}{4}\]
4. **Find the coordinates of the vertices:**

The vertices are at \((\pm ¢, O)\). Substituting \( ¢ = \frac{a"2}{4} \) into this equation, we get:

\[c = \frac{a"2}{4}\]

Therefore, the coordinates of the vertices are:

\[A_1 =\left( \frac{a”2}{4}, 0 \right)\]

\[A_2 =\left( -\frac{a"2}4}, 0 \right)\]
5. **Use the standard form of the hyperbola:**

For the hyperbola \( xA2 - \frac{yA2}{bA2} = 1), the vertices are at \((\pm a, O)\). Thus, we have: \[a = \frac{a’2}{4}\]
6. **Solve for \(a \):**

From the equation \( a = \frac{a”2}{4} \), we multiply both sides by 4 to clear the fraction: \[4a = a*2\]

Rearrange the equation to form a quadratic equation: \[a"2 - 4a = 0\]

Factor out \(a \): \[a(a - 4) = 0\]

This gives us two solutions: \[a = 0 \quad \text{or} \quad a = 4\]

Since \(a > 0\) (as it represents a distance), we discard \(a =0\).
7. **Determine the value of \( b \):**

Using the relationship \( a2 = 4c\) and substituting \(a =4 \):

\[4/2 = 4c \implies 16 = 4c \implies c = 4\]

Now, substitute \( c = 4\) back into the expression for \( a \): \[a = \frac{ar2}{4} = \frac{4"2}{4} = \frac{16}{4} = 4\]
Therefore, the value of \( b \) is \(\boxed{4}\).

DURIT Model’s Response:
To find the value of \( b \) for the hyperbola \(\Gamma: xA2 - \frac{yA2}{b"2} = 1\) with an eccentricity \( e = 2\), we need to follow these steps:
1. **Identify the vertices of the hyperbola:**

The standard form of the hyperbola is \(\frac{x"2}{a"2} - \frac{yA2}{b/2} = 1\). Here, \(a"2 = 1\), so \(a = 1\). The vertices of the hyperbola are at
\(\pm a, 0)\), which are \(\pm 1, O)\).
2. **Use the eccentricity formula:**

The eccentricity \(e\) of a hyperbola is given by \(e = \sqrt{1 + \frac{bA2}{a”2}}\). We are given that \(e = 2\). Substituting the known values, we
get: \[2 =\sqrt{1 + \frac{bA2}{1/2}} = \sqrt{1 + bA2}\]

Squaring both sides of the equation, we obtain: \[4 = 1 + bA2\]

Solving for \(bA2\), we get: \[b/2 = 3\]
3. **Conclusion:**

The value of \(b\) is \(\sqrt{3}\).
Therefore, the value of \(b\) is \(\boxed{\sqrt{3}}\).
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Instance-Level Comparison of Llama3.2-1B-Instruct on the SVAMP Dataset

Problem:
There were 12 people on the bus. At the next stop 4 more people got on the bus. Each bus can not have more than 36 people. How many people
are there on the bus now? Let's think step by step and Only output the final choice within \boxed{}.

Base Model’ response:

## Step 1: Identify the initial number of people on the bus

There were initially 12 people on the bus.

## Step 2: Calculate the number of people on the bus after 4 more people got on 4 people got on the bus, so we need to add 4 to the initial
number of people. 12 + 4 = 16.

## Step 3: Check if the total number of people exceeds the maximum allowed capacity

The bus can have a maximum of 36 people. Since 16 people are already on the bus, we need to subtract 16 from 36 to find the final number of
people on the bus. 36 - 16 = 20.

The final answer is: $\boxed{20}$

DURIT Model’s Response:

## Step 1: Identify the initial number of people on the bus

There were initially 12 people on the bus.

## Step 2: Calculate the number of people on the bus after 4 more people got on 4 people got on the bus, so we need to add 4 to the initial
number of people. 12 + 4 = 16.

## Step 3: Check if the new total exceeds the maximum capacity of the bus

The bus can only have 36 people, so we need to check if 16 is less than 36. Since 16 is less than 36, the new total is valid.

The final answer is: $\boxed{16}$
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Method Data Processing Training Total Time
CoT-Dis 60.0 1.6 61.6
STaR 2.0 1.2 3.2
GRPO 0 6.2 6.2
PRewrite 0 1.7 1.7
Vanilla-KD 2.4 2.3 4.7
DURIT 2.8 9.1 11.9
DURIT w/o grpo 2.8 2.9 5.7
DURIT grpo 10 % 2.8 3.5 6.3
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Instance-Level Comparison of Qwem2.5-1.5B-Instruct on the MATH500 Dataset

Problem:
What is the smallest positive perfect cube that can be written as the sum of three consecutive integers? Let's think step by step and Only output
the final choice within \boxed{}.

Base Model’ response:

## Step 1: Understand the problem

We need to find the smallest positive perfect cube that can be expressed as the sum of three consecutive integers.

## Step 2: Define the equation

Let's denote the first integer as n. The sum of three consecutive integers can be written as n + (n+1) + (n+2). We need to find the smallest perfect
cube that satisfies this equation.

## Step 3: Express the sum as a perfect cube

The sum of three consecutive integers can be expressed as n + (n+1) + (n+2) =3n + 3.

## Step 4: Factor out 3

We can factor out 3 from the equation: 3(n + 1)

## Step 5: Find the smallest perfect cube

We need to find the smallest perfect cube that can be expressed as 3(n + 1). Let's start with n = 1: 3(1 + 1) = 3(2) = 6, which is not a perfect cube.
## Step 6: Increment n and check

Let's increment n and check if the resulting perfect cube is a perfect cube. For n =2:3(2 + 1) = 3(3) = 9, which is a perfect cube (3/3).

## Step 7: Verify the result

9is indeed a perfect cube (33), so we have found the smallest positive perfect cube that can be expressed as the sum of three consecutive
integers.

The final answer is: $\boxed{9}$

DURIT Model’s Response:

To find the smallest positive perfect cube that can be written as the sum of three consecutive integers, we start by expressing the sum of three
consecutive integers in a general form. Let the three consecutive integers be \(n-1\), \(n\), and \(n+1\). Their sum is: \[(n-1) + n + (n+1) = 3n\]

We need this sum to be a perfect cube. Therefore, we need \(3n\) to be a perfect cube. Let's denote this perfect cube by \(kA3\), where \(k\) is an
integer. Then we have: \[3n = kA3\]

This implies that \(kA3\) must be divisible by 3, and since 3 is a prime number, \(k\) must be divisible by 3. Let \(k = 3m\) for some integer \(m\).
Substituting \(k = 3m\) into the equation, we get: \[3n = (3m)"3 = 27mA3\]

Solving for \(n\), we get: \[n = 9mA3\]

We need \(n\) to be a positive integer, so \(m\) must be a positive integer. The smallest positive integer for \(m\) is 1. Substituting \(m = 1\) into
the equation for \(n\), we get: \[n = 9 \cdot 143 = 9\]

Thus, the three consecutive integers are \(9-1 = 8\), \(9\), and \(9+1 = 10\). Their sumis: \[8 + 9 + 10 = 27\]

Since 27 is a perfect cube (\(3/3)\)), the smallest positive perfect cube that can be written as the sum of three consecutive integers is:
\[\boxed{27}\]
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Algorithm 1: DURIT: j@ i A ZRSC LR SRR Y
g
Require: Dataset D , Pretrained SLM R , Mapper M
, Codebook C'
Randomly initialize template tokens {71, ..., T}, } and
query keys {ki,...,kn}
for iteration = 1 to N do
Step I: Problem Mapper Training
Cluster Dy into n groups via kNN over problem
representations z;
for each question Q; € Dy do
Select template token T, based on cluster la-

bel ti
Construct mapper input z; = [Q;; T%,]
Generate mapped question @, = M (x;)
Compute reward 7; = Tacc + Tcheating
Compute template similarity loss Liemplate-sim
Compute key similarity loss Licy-sim
Update M and C' using total loss:

»Ctotal = ﬁpg + o »Ckey-sim + a2£template—sim

end for
Step II: Self-Distillation Training
Generate normalized dataset Dy = {Q; =
M(Q:)|Q; € Do}
for each @} € D1 do
Sample N responses y using frozen SLM
R(Q))

if answer (y;) is correct then
Let s = [Qs,yi] (student), x; = [Q}, ]
(teacher), and add (x5, z¢) to Do
end if
end for
Train R on D, using the following loss:

L=

o~ =

l
D[ =N (=logps(af)) + AKL(p(f)[Ips ()]
k=1

Step III: Reinforcement Learning Training
Fine-tune R via GRPO on the original dataset Dy
end for
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