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Abstract

Although Large Language Models (LLM) have achieved great success in the field of
natural language processing, their training with hundreds of billions of parameters also
incurs huge computational costs. As an alternative to LLM deployment in low-resource
scenarios, Small-scale Large Language Models (SLLM) still have a significant gap in
task processing capabilities compared to LLM. Although prompting methods such as
In-Context Learning (ICL) have improved the problem-handling capabilities of SLLM
to a certain extent, manually constructed prompts often require participants to have
specific professional domain knowledge, which poses a challenge to the universal pro-
motion of LLM. To address the above issues, this paper proposes a question reasoning
framework based on SLLM. By introducing a reasoning path ranking selection mecha-
nism based on Step-Semantic Verifier on Reasoning Paths (SSVRP) between the two
stages of reasoning path generation and answering generation, the reasoning capability

* JBIS/EE Corresponding author.

PP ET SO E AR, 59290004000, KR, B, 20244725 H #28H
: Eawl
(c) 2024 HEAPELFSHIEF A LVERE

929



HEESY

of SLLM is improved without human intervention. Experimental results show that
SSVRP effectively enhances the reasoning performance of SLLM, with average accu-
racy rates of 54.3%, 90.6%, 64.3% and 63.7% in four reasoning tasks, respectively, and
achieves the latest SOTA results in three of the reasoning tasks.

Keywords: Step-Semantic Verifier on Reasoning Paths , Small-scale Large
Language Models , In-Context Learning , Reasoning Paths Ranking
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KITE F B (Large Language Models, LLM), 10penAIFJChatGPT(OpenAl, 2022)
AR Bard(Manyika and Hsiao, 2023) A& MetafJLLaMA (Touvron et al., 2023)%, fEfEH A
% (Robinson et al., 2023) - #& 5 #11%(Yang et al., 2023b) ~ B9 H7 (Simmering and Huoviala,
2023)FI AR (Lu et al., 2023)% HIRES B R AZ IS HEE T EXMATD, AT
BRI & BT A T IR R

LLMiE % B8 R R 50 DL TR I S5O, X (075 78 28 3l i 4= 7= R85
T2 TLLMT 2K & (91T 8 %R A (Barla, 2023) - LI4-Bit & {L AILLaMARE Ty 5, &
B ATLLaMA-7BIE T 2 /D Bl 6GB VRAMAIGPU, 1M 252 fFLLaMA-65BEL7T0BFR 7! |
M Z /> FHEFEI0GB VRAMAIGPU(Witt, 2024) . F£1FEAF|H T N [E S E00 5 FILLaM A #!
KT GPUB R AT KA R AR E AU -

LLaMABAIRS] | B/PVRAMER | 44 (350)
LLaMA /Llama-2 7B 6GB geo
LLaLMA1 ?/) ]glama—2 10GB 300
LLaMA3 é ]Lglama—2 20GB 2800
LLalé/é% é 174(1)%111&—2 40GB 5600

% 1. 4-BitELAILLaMABRE N CPU KT KA (K50 B AU (Witt, 2024)

ITHAR TAE(Ho et al., 2022; Magister et al., 2022)3FH, /N K E F B8 (Samll-scale
Large Language Model, SLLM)MX T8 & &R R A BB # T0H - SLLMAMAN, SLLM#
WEEHEDWZE . HARRN - ERAIZRAHEIEEE, FEEDRNERNEWE, JFHiERE
FHAORGER - XA DIER AR ERZ I BRI HRATEAR . R, EREERN
52, SLLMIZEE KT RS B Bk E SLLMAEL, [RIACFRBE ARG - Blan, K
ZHESLLM, RIEZES i, M DIFE AN SO AR 55 07 T E A LLM (Fu et al., 2024)

EF3C% 3] (In-Context Learning, ICL)BEA BIRZ/OAE T HI FH — R 51 %0 A t XHE 7R
i, A LLMIE A BRIRFIRTE S LLM AU E RS - BRI IR A GE 2 LR S 40A
BTG OL T 0 B R R Y . RUETCLE R RIFE AL TG 58 | SLLMAEHERE S RIAE ST, 1B
RAKMEBEFREALSZS, HRES5EB&RHEMNTIAUEHIA, X4 SLLMAY) & &
TR T P o

TN 52 70 BB 2 BB B HE R R ST, R — N R 9 L — RSN P R AP BR W REH
BILLM#R B R 45 5 - Wei(2022)5 A3& H B 4EHE (Chain-of-Thought, CoT), ifid MLLM$Z
it — SR B R, UESE T CoTHR /RGeS IR M LLMAT & J5 i i Bt F2 9% 43 — R 5 I figt 40
2R, NMZE S5 FLLMA KRB EFRE R - CoTIRTAENICLIER ) —F ERIRR T,
TEHEFRAR S5 PRI RIFARER -
©2024 FEVHEIEFTEAE
R#E (Creative Commons Attribution 4.0 International License) ¥F7] HhR
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Standard Prompting

Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of

Chain-of-Thought Prompting
Model Input \

Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

Model Output
A: The answer is 27. x

1. FRiERE -5 H R R A1 CoTHE R (Wei et al., 2022)

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

Model Output
A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6 =9. The

@swer is9. W,

FESCFRN A, S8R “Let’s think step by step. &7~ Zero-Shot-CoT /7 £ (Kojima et al.,
2022)fH ., E T A L F5hH4 ## fIManual-CoT(Wei et al., 2022) @7~ H B ACERAIPERE - SR,
XA R REAH TS O ER R0, T8 X L R B KK A L - Zhang®5 A (2022)#& H Auto-
CoTii =\, JEiT B shib 7 M i 63 & (A  J H B BE AR 1), B 78 50 IR T sh A o= 1) 1) PR
il o Wang&§ A (2023)$2 i T Self-Consistency, i 752 M EHERRS T R R — 2N E ok
REBECERYE, XM BREZTERMEIRERTSHEET BESCR . R, XFE
AL TRIAE T A EL 22 RE AL RO B B AR IS T RE VA4 - ) T RLLMOEAT BRI, AR 05T
S A [R] O HE 3R B A2 AR BRI AT TR R - Li%F A (2023)I\ 1, HERMEHERE TG — D%
HAELTCMNE, HIiE H A FHDIVERSES: iE #5 5 LLMAE A 14 P EE B 12 b & — 0 3 17 1F
iy, DIBkIE A B F LM A i T B 12

C__ 1 | SSVRr-CoT )
| |
o | o | o
| |
| |
‘ : ‘ : ‘

1 H

|

|

| \E ——> SLLM

__________

i l i I

i | BHIEERE |

1 CoT 1B 1

: I e
SLLM 5 SLfM 5 SLLIII + CoTHF |
asl; i DEm o i D Em

K 2. RTEEHE Auto-CoT £

ERARF, BAIRRELTEAN TWEEMRRRAVER T, PR/ A 5ESLLM R
PILLMAEEEES P AIERE - ARSCHIFZEDTEA AT -

(1) |HT —1THHIEZE, ZHEZES5CoTFAuto-CoTHI L, ZEPIINSLLMZ 8] 5| AEEF
A5 18 U IE 2% (Step-Semantic Verifier on Reasoning Paths, SSVRP)FJHEF R (40 &2/
7R) , SSVRPSEIR T HEHEBRAS ARSI, IS5 SLLMZEHE AL 55 1 14 RE -

(2) $3&H T —FhEE T X 22 3] BB P8 RS IR %, FTE ISR FHSLLMA:
B o FEAN A FFRIEIAR SRR LT A SR KRBT, B R A AU T S8 T T 2R 43 A
T54.3%, 90.6%, 64.3%F163.7%, FH7EEH3MHEEES PEEUS T R ISOTALE &, 1A F
T E5EFLLMAAuto-CoT /7 {EAH 4 BITERE -

(3) T8 T SLLMZEMEHE X 15 A BRI 2 28 A6 A BE A RE - FA 1 & B[R] I SLLMAE T3
BEERMERFELEES, MESZRERN B, SRAMEFMHEEBEEN, TR RI
JUPMRE . XRAHEEB RN ESERN R EEEME X, RN HEEBRZHIT LT R
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Wei&s A (2022)F¢ i T —FRCoTHR/R 7%, DURBRLLMAE 3 A 5 J% (] {17 6 1) R BRE - b
IF B ECoTIR AR, F 5] FLLMRE B =m0 5 R F w8, I EE R mLLMP) %
o FufF A(2023)18 H T —FARYE BT R HEEE 10 B 4 ORI BRI /R B OIFT 7 1 - AL 2% 1R
TEEE RPN R, N R CoTIAE - 7 THIRCo TR R, — L 55 K
Nt R RS A GEHEEN B - MATRA T L FX>I(ICL), ELLMAE AR A HEE R B
AR - Self-Ask(Press et al., 2022) 8K R FLLMA RS #1164 A KAV &1,
AVFLLM BATE AN, RF X L2 1 Fame B 2R A 2] CoTHE R - iCAP(Wang et al., 2022)75]
AT =B SK BT ORI R RS, FTLOARE M B £ N3 1Ah, Least-to-
Most(Zhou et al., 2022)F&7RJTIER XA EICLIS R, & e 8 R R (A 7, &
JEHZIF X L Rl  [FIRRF BT AR BE A& BRI EAE AT R .

Chung& A (2022a) WL %% 5|, £ F 6 & 7 (8] #E 22 28 58 ) %098 Il ZRSLLM AT DL I 3% 4%
FISLLMEIPERE - STaR(Zelikman et al., 2022) 7] DL HA@ o B 348 A0 R B # 47 B 3k,
T2 B SLLMAE B 55 HIPEBE - SpecialFT(Fu et al., 2023)f# FLLM{E R ZUREER,
FIFERZZ B R HEE AE /) MLLMER#£ 2|SLLM - Orca(Mukherjee et al., 2023)% > B {FLLMHY
SRR, AFEBEERDL . 22BN EME RITES - X ERN L ER A2
BSLLMHIZHIF [AILLM%>] -

3 BHE IR

ERLLMAYTE = AR AEARE S, 1A TP SLLM - W3R, HHPSLLM-IF
EIREREE R R HEF S, RPN — DT3RS “Let’s think step by step. ”{EISLLM-I/Y
BN, I 2 UGEUESLLM-TAE B 5N R BB HE R PR A2 o RER FATE SCRS IR g a7e A B
HFERVENSLLM-TIREIA , AR R A5 SR -

,
mEEE o o] v —

e UM L emae Pl H] - D o o—
EEaEL oo o] o
IR "L dinksep bysiep” | HFHE PEm

_______________________________________

3. ST HETB 0

BRIIRIA TN — SRR TS (2 b e R R L B (R 10 7
3.1 FREERHHET AL

ST T HE PR R R BECOTHR R () — 1 S IR, X — P T SLLMAE 2
WS R 58 5 T T« TR T R % FT LA 1 SLLMAR R B s e
AR (R, M TTHRASLLMEE ST A 0K -

WTREMEEG, FH < FRRSNERER, 10Ed = (g1, gy o a] . EF, ¢, T
Al S - BRSLLM-Dh ARG AR BB 5, 8 P8 — SR T B 5 LA
SNEAEEBE, HEFIIR = [spl,splal,spl,ospl, o spli) | sl BRI
R B ST, (= 1,k o= 1, T, LA R R R AR AR
SSLLM-IVE AL IE T B R HOTEFRBS % - % /BBIZECF7 b, SLLM-TIRETS il T B 1215 e
ERE R EA R, Bell 15 I B B 1 U1 B R A 30 (2 5 R B 2
HAEFF AR (L B 2R Pos™

n  mg

Pos* = argznax Z Z sim <qp, spg-k)) /mi| (1)

p=1j=1

HAp BREsim () BIE R R T R flq 1 5B p 2% 5 BRI 38 k2% o st R 28 it 12 58 5 D R 2 T
VBRI o Z P SCRIIE A ISR A T i R AR HE A R p i AR I 4B R
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3.2 ZFPEIEUERS

NgEsEESEE 0 e

! /51: Robin's hair was 16 inches long. He

. 1 /',
. . ) i spy: Robin's hair ! rs A
cut_cffll inches. Then it again grew by ! was 16 inches long. ' — IEfI E
12 inches. . ! ! i v / /
I W R B
! H [ I\ !
g i i
H 1 1l i

s,: James writes a 3-page letter to 2
different friends twice a week. How
many pages does he write a year? :
s,: First, Robin cut off 11 inches of his D ! sp;: James writes a |
hair, so the remaining length was 16 -
11 =5 inches. Then his ...... ! different

s,,: Hamburgers are usually found in : spy: A new program :
fast food restaurants, but not in the i had 60 downloads
mouth or the carcass of a ...... Lin.

IR (| =

mEmewmHEREE 0

i /Q: Claire makes a 3 egg omelet every
morning for breakfast. How many
dozens of eggs will she eat in 4 weeks?
'l 'Ry Claire will eat 28 * 1=28 |
1 omelets during this period. Each omel- |
! et requires 3 eggs, ......

iicoi‘{,v,')]/nq 0.3

=)

by the number of dozen (12), it :
' s 84 /12 ="7. So, after 4 weeks, |
!| i Claire will have caten 7 ..... !

[iic;;%'f sv,i)}/m;c 0.5

pel el

- -
BRI RN R Pos i
Pos” = argmzuiizn: i sim(qp, SP}H )/mk ]E
! |

p=1j=1

4. ZBE CRRAIERR HIZRAN A T S EE TR B A PR A e i AR

!| | Ryt ... Since there are 60 eggs ina |
1 dozen, she will eat 84 / 60 = 1.4 dozens |

N KRR sim (), FARH T —"MF P18 LIRSS (SSVRP) , SSVRPHF (] & H )4
— (5 BANEEHE R B2 P AR — DM D BRI T RS, (E B BIPRAEE L = A - L uh FOR
Al lg I 5Ep e RIS G BRI R, of 7R Fik I I AR A0 58 1 T D SRR S J5 RO RoR 17
&, Bl Ao Z AR A I AR R AE S R B sim () O ST H

N T EE B E TR P RAE FHE, EAEALLMAA TFEER T, #
FISLLM A3 A T GRZ 2 18 LIRSS FIER SR - H T IRIEEFE SRR 2, ATRAZER
7977 A 2 AR BISLLM A I 25 o] 2566 A ()8 — 1 [R] @ AE A 22 SR B B 12 -« 7B FER B
BREVERGIRES, B T VIR NIER " [Question] + Let’s think step by step.” o

BT A IERS P 2B ESimCSE(Gao et al., 2021)F JC I B AN L2z STHESR , F-46F [n] &
REBA— R, HFAVIGETESE - ﬁiﬂ‘ﬂ%ﬁiﬂ[?ﬁiﬁﬁ%%ﬁ%/ﬂ?%é\{spj}zzl, *
ﬂﬂdropoutﬂﬁ%ﬁﬁsp; = spﬂ/lfﬁﬂiﬁﬁjiﬁﬁq—ﬁ%ﬁ o FFE— A F IR E S dropout#:17E, 15
) FHIN D AFRR R A ELAES, ANEAFESARRE RG] -

Vi = fo(spj, 2), (2)

Hr 2 & dropout FIBENLIER (BAikp=0.1) , Tl T AFTRAR AT A LI IAR BHes gafd as 1 1K 15
FAARERHRAY, v o TEXTLAES, FATHFH Ax H A% > 30 5% 45 SimCSEAHH:

ecosine(v;,vg’)/ﬂ-
ti = —log Zl ecosine(vg,fu}’)/T’ (3)
7=1

Hrr RS, cosine(v, v")%éﬁ?ﬁﬁ@fﬁm o BN BRRE R TR E S

t&7 DeBERTa-base(He et al., 2021)E7H0A, FAI ARG FRE5S By A\ G) T T 95, &
2 Rl P A — 5% E BRI E B AR T R — D HEE P PRI AR TR =S (B P B R -

B = E T R R, %%912%—2@&49% KR, PE, 2024725 H%28H.
: Eawl
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B 1 R AR

Input: A question: q, Number of Reason paths generated by SLLM-I: k.
Output: The Optimal Position in the List of Reasoning Paths Pos*.

1: Initial the prompt: P < "Let’s think step by step.”

2: Initial the Optimal position: Pos* «+ 0

3: Initial the Optimal value: Score* < -1

1. S[] « [Q,SLLM-1(Q, P, k)] //SLLM-T5R 7] @ P B 1
5: q[] « Split Q by ”.”
6:
7
8

9

for each reasoning path R; in S/Q do
R;[] + Split R; by 7.V

Score; < 0

for each sentence ¢, in q do
10: Scoreg, < 0
11: vy + Semantic_Verifier(qp)

J /B R BR A T P TR AP GRS Hoh — ) [R]RE JR HE SRR BT

12: for each sentence spg-z) in R; do
13: n < 0 )
14: v] Semantic,Verifier(spy))
15: Scoregy, — cosine(vh, v])
16: Scoreg, < Scoreg, + Scoregp,
17: end for
18: Score; < Scoreq, + Score;

19: end for
20:  Score; < Score;/n
/R H R R R A

21:  if Score; > Score* then

22: Score* < Score;
23: Pos* + 1

24:  end if

25: end for

26: return Pos*

4 5
4.1 SERPE
4.1.1 BHRSEHR
ARTLEERR AN A IT B SR NS LLMAE SR EEANF IR AE A 55 LRI - HA, GS-
MS8K(Cobbe et al., 2021) ~ MultiArith(Roy and Roth, 2015) A % SVAMP (Patel et al., 2021)3/>

B8 B = B R ORITAESLLMBR# R B 4 0 2 2 B AR R I AIEE /), CommonsenseQA (Talmor et al.,
2019) 95 £ A R PE A SLLM AR R R A RE ST « SRUS BRI EAE B R 2PT7R -

4.1.2  JIGEE

IR TCAF FH I R EUE 4R 60 25 8593 1 B R TEHE [A] AN O 7411 FARFERE I« hy T W AR A A
B2 RN, BATA A3 AR FISLLM (LLaMA?2 - Baichuan2f1ChatGLM3) H&H
(Al RO HERR IR 1Z . BN SLLMAE RS M EHESTE . UL, FRAEA77257 1R HEEE [ @ ) 4
HH A2 I8 T6691 H IR R [A] @ R fE H R A2 « SR FBRAT <7 BB IR 12 A) IR A 1 T
W I AL SR A i R ST A R T D PR AR A R IR T A P IR S .
4.1.3 XFHER

K H AR T SR B4 B TLLMAY 8 58 4% 24 F19 2 FSLLMA) 3R A o 5 TLLMAY 3
5 A A B FE 4> B 5 F Greedy DecodefISelf-Consistency & 7~ # 58 [IGPT-3(davinci) ~ 5 Al {8

PP ET SO E AR, 59290004000, KR, B, 20244725 H #28H
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RS RIBRR  YIGEIEHE BRI
GSMSK 2 N FH 7473 1319
MultiArith 2 N R 420 180
SVAMP = N 700 300
CommonsenseQA 5 1R B 9741 1221

2. LREERERIEE R

FGreedy DecodeflISelf-Consistency$& 7~ 3 58 'GP T-3(text-davinci-002) « 2 T SLLM S 58 %
B A 5 43 7l {8 F Greedy Decode ~ Self-Consistency FIDIVERSE#& 7= # 58 ) FlanT5-XL(3B),
% FHGreedy Decode ~ Self-Consistency f#IDIVERSE#& 7~ 3 38 I LLaMA2(7B), {# HGreedy De-
code~ Self-ConsistencyfIDIVERSE#E 7~ 3 58 ) Baichuan2(7B), 1 i Greedy Decode ~ Self-Co-
nsistency FIDIVERSEF& /R I HIChat GLM3(6B) » ixX L& M BRA! 20 ARk 4 F -

e LLM

GPT-3(Brown et al., 2020)#1 5175012124, ZOpen AT A HIFFFRABIESHE . ©
LUR i BE M B 2 BT A7 B ORIE S AL BAESS - AT, FA15 T Li%e A (2023) Rk & B M
N a$E5) 2 davincifcode-davinci-002F SEES 45 R -

¢ SLLM

FlanT5-XL(3B)(Chung et al., 2022b)&T5EA ) —F, XLARAFFlanTHHE BH 3012
MSHE -

LLaMA2(7B)(Touvron et al., 2023)&— ML TG MAEKNARESHEA, BH702
ZE. ©R&Metall & FJLLaM A2 B/ NRUAS o

Baichuan2(7B)(Yang et al., 2023a)7&— "M & 70[ZHZEHI AR L8 5 HIE ST,
72 A I REHF & B Baichuan2 /MRS «

ChatGLM3(6B)(Zeng et al., 2022):& — MR ERITIRIINGFRIERT, BE601CHS
. EREChatGLM3FIHR/MRA, ChatGLM3JE HEIUNGRINOE RE S HRA, BT EETADT
RHTRILE SR RS .«

o SRIRIGHRTT I

Greedy Decode(Kojima et al., 2022)5& —FF [R5 ¥ IRTRIR “Let’s think step by step.”—
FLH ALLMP 7 o XA BRI LLMIZ S i, {5 H 8 2

Self-Consistency (Wang et al., 2023){# F Few-Shot-CoTH& 7~ 4 il 25 /> 3 B 72 RGN 7 #Y
EBR, WRRFEMRRRENERENREER

DIVERSE(Li et al., 2023)& it 5 P i de b i 7%, FIHESRLLMAVIERRGE T) - 7%
T2 LLM (code-davinci-002) 4 B AHERR B& 12 AR R B2 R I ZRIGUE2S -
4.1.4 BESHIE

FESLLM-T4 A M3 O R 120, HEIESLLM-TAE R IR B 2R, I R
T SLLM-THIBEFL KA « FESLLM-IIE & [AlEiR , #8EESLLM- T4 R — By A 2, it

LR B R B T SLLM-TTRIBENL R RS o FEIIERB B, TRATTSIA T 25 BIEE IVLE], &
Enum_headsMEE NS, HTEBSEZBEWRIR .

4.2 SRR

ISR FVERR R (Accuracy ) VE 2 T HEFE B2 HEFF 14 1) AL P RE ZE 72 B R R B AN R 2
ESF R M Tabs, LIeLE RUFRAI R .
4.3 SERSHT
4.3.1 ZFBE B IUESE R

H T RUFE T SSVRPHATHEF 2R B A RUE, FFSSVRP S B AR O BEHLIE S 77 1253
ITHEE - BeAh, N T RIEF RIS B N2 NMEFS RV EN, KR DB TE
FERISSVRP 5 2R A HEH B 1718 S UERISVRP /T HE#H 1T HL 8% -

PP ET SO E AR, 59290004000, KR, B, 20244725 H #28H
: Eawl
(c) 2024 HEAPELFSHIEF A LVERE 935



HEESY

k] BSH BUE
do_sample — True = False
SLIM top_k E 10 E 1
temperature 2 0.7 3 0
k 3 n -
dropout 0.1
num_heads 8
DeBERTa T 005
learning_rate 2e-5
batch_size 16
max_sequence_length 256
# 3. SLLMADeBERTaH#SER S
Method GSMS8K MultiArith SVAMP CommonsenseQA Average
GPT-3 (davinci, 175B):
Greedy Decode 8.7 31.4 21.2 48.2 27.4
Self-Consistency 18.9 68.6 44.6 57.4 474
GPT-3 (text-davinci-002, 175B):
Greedy Decode 37.1 70.7 60.0 65.5 58.3
Self-Consistency 58.2 88.4 78.2 72.9 74.4
FlanT5-XL (3B):
Greedy Decode 5.4 10.0 8.7 77.8 25.5
Self-Consistency 2.9 6.1 7.3 81.9 24.6
DIVERSE (LLM) 6.4 14.4 11.3 79.3 27.9
SSVRP (SLLM) 6.2 16.7 14.0 80.6 29.4
LLaMA2 (7B):
Greedy Decode 24.5 68.3 39.7 43.7 44.1
Self-Consistency 22.9 68.9 41.3 43.8 44.2
DIVERSE (LLM) 22.8 69.7 44.3 45.6 45.5
SSVRP (SLLM) 25.9 66.1 42.0 48.7 45.7
Baichuan2 (7B):
Greedy Decode 30.9 74.4 48.7 55.4 52.4
Self-Consistency 29.0 79.4 47.3 57.4 53.3
DIVERSE (LLM) 34.1 80.6 54.7 58.5 56.9
SSVRP (SLLM) 33.5 82.6 53.7 59.1 57.2
ChatGLMS3 (6B)
Greedy Decode 52.9 86.7 59.3 60.8 64.9
Self-Consistency 45.8 93.9 60.0 61.4 65.3
DIVERSE (LLM) 52.7 94.6 62.3 62.7 68.1
SSVRP (SLLM) 54.3 90.6 64.3 63.7 68.2
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mmm ChatGLM3 SVRP
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5. 7EChatGLM3_I AOHEFR B2 55 7 7 VA RO Hus

B). b, SSVRP7E 3 AL 55 1 #Y~F 9 E i K 2 5l & 5 13.5%. 3.3%#M0.4%, fEBaichuan2(7-
B).L, SAHEE T8.4%, 6.8%M0.5%, fEChatGLM3(6B).Lt., 7HIHEE T74.8%, 4.3%7H10.2
%o BAN, FEH /NS EE FFlanT5-XL(3B) &, SSVRPTE #i # AT 55 FH 1) 7 24 ME T 3 4 71l 4%
= 113.3%, 16.3%F15.1% - FBASSVRPJT LN T10012 Z 4 LL T FISLLMAZH R - 54 R
P& 7R ¥ 58 77 1% (Greedy DecodeffISelf-Consistency ) fEdavincifltext-davinci-002_1 [ b5 45 5R %
B, SSVRP458ASLLMBENS AR LLMFHEHRE -
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Combination GSMS8K MultiArith SVAMP CommonsenseQA

LLaMA2:

+LLaMA2 25.9 66.1 42.0 48.7
+Baichuan2 26.8 68.9 43.0 57.0
+ChatGLM3 27.1 70.6 45.3 58.6
Baichuan2:

+LLaMA2 32.7 76.1 44.0 46.7
+Baichuan2 33.5 82.6 53.7 59.1
+ChatGLM3 34.4 83.9 53.7 59.5
ChatGLMS3:

+LLaMA2 53.7 88.9 61.3 54.5
+Baichuan2 53.7 88.9 63.3 60.9
+ChatGLM3 54.3 90.6 64.3 63.7
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