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A Reasoning Path Ranking Method for Reasoning Optimization of Small-scale
Large Language Models

LI Jun', BAI Yu'’, LIU Yuting'
(1.School of Computer Science, Shenyang Aerospace University ,Shenyang, Liaoning 110136, China;
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Abstract: 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 LLLM. This paper proposes a question
reasoning framework for SLLM. By introducing a reasoning path ranking selection mechanism based on Step-
Semantic Verifier on Reasoning Paths (SSVRP) between the two stages of reasoning path generation and answering
generation, the reasoning capability of SLLLM is improved without human intervention. Experimental results show
that SSVRP effectively enhances the reasoning performance of SLLM, with average accuracy of 54.3%, 90.6%,

64.3% and 63.7% in four reasoning tasks, respectively, which are the latest SOTA results in three of the reasoning

tasks.
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SR, 3 £ 78 AR ) A 7= 0 B8 b B A AT
LLM TR & IR A . DL 4-Bit 21
LLaMA BRG], 5 80 04T LLaMA-7B #5815 /b
T 2% 6 GB VRAM 1 GPU, i %217 LLaMA-
65B ¢ 70B AL, W] & > FFE 40 GB VRAM 1y
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Bl ] 2K Y | s

- o {1 B A {1 LA
GSMS8K B2 R 7473 1319
MultiArith 2 Ry 420 180
SVAMP B2 R 700 300
CommonsenseQA | & 1H L5k i 9 741 1221

3.1.2 UIRER

A SO T U R KO B L 8 593 MR
HRREAN 9 741 A RAERL R AL, O T 8 Ok A2
o 4 B g A 1 2 R AT 3 AR [A) Y SLLM
(LLaMAZ , Baichuan2 Fl ChatGLM3) 3 % A~ [] il
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AH U B R) A D RS
3.1.3 X LA A

X AR AR A 4 AN LT LLM RSB R 9 A4S
FET SLLM py3gsmBi A, JT LLM Ay 34 i 80 0 45
A3 i Greedy Decode #1 Self-Consistency & 7 4 5l
B GPT-3 (davinci) . 43 5l f#i F§ Greedy Decode £ Self-
Consistency $2/8H58 ) GPT-3 (text-davinci-002), FF
SLLM ) £ 5 485 A 4 $5 43 3] f F Greedy Decode,
Self-Consistency #1 DIVERSE #2 7i 1# 5% 9 FlanT5-XL
(3B), ffi | Greedy Decode. Self-Consistency #l
DIVERSE #£ 75 1§ 5% () LLaMA2 (7B), ffi /| Greedy
Decode. Self-Consistency 1 DIVERSE 42 75 14 58 [9
Baichuan2(7B) ,ffi H| Greedy Decode ., Self-Consistency £/l
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BN : A question: q, Number of Reason paths generated by SLLM-1: k.
@ . The Optimal Position in the List of Reasoning Paths Pos” .

//SLLMI A 1, ) 51 f) 4 3 i 45

/T A% A B AR o BT A A A B TR — A R A R R T SCRRBLEE B A

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
4. S[]< [Q, SLLMI(Q,P.k) ]
5: q[] < Split Q by "."
6: for each reasoning path R, in S/Q do
7. R.[] < Split R; by "."
8 Score; < 0
9. for each sentence ¢, in q do
10: Scoreqﬂ -~ 0
11. vl <= Semantic_Verifier(q,)
12. for each sentence sp;”’ in R; do
13: n< 0
14, v! <= Semantic_Verifier(sp{”)
15: Score,,, <= cosine(v] vl)
16; Scoreql} -~ Scoreqp + Scoreﬁpj
17. end for
18: Score; <= Score,; + Score;
19: end for
20 Score; < Score; / n
/7 M o A A S A Y A
21 if Score; = Score” then
22 Score” < Score;
23 Pos™ <4
24 end if

25: end for

26: return Pos”
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“Let's think step by step.” —Hi A LLM 197k,
AR A LLM 3% 25 i g ) 0, DA T A5 1 fe ¢

Self-Consistency™'™ ffi il Few-Shot-CoT #£ /8
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BT SLLM.IL A BEAL R B, 76 I 2R By
Bt RAMIBIA T Z3k AW E IHLH B E num_heads
F R R 8, HAE S E O B Wk 3 s .

% 3 SLLM #1 DeBERTa 9B S HiZ B

EAY FEE 27 HUE
do_sample True False
top_k 10 1
SLLM SLLM.1 SLLM.11
temperature 0.7 0
k 3 —
dropout 0.1
num_heads 8
T 0.05
DeBERTa | learning_rate 2X10°°
batch_size 16
max_sequence
256
_length

32 XBER

AN SR FHHERR R (Accuracy) /E b 56 T4 J0 % 42
HEJ 14 T 70 4 FHEAE 240 7 SRR e BRI TRUAE AT 55

A PERE PPN 45 b, SRR SR AN 4 PR .
3.3 ZWHH

A I8 A Sk
J T W UEFE T SSVRP M A7 #fk PH 6 4% 35k £ 0 A7
RV ¥ SSVRP 55 4 B B% 42 %) B AL 32 5 07 1k iE A7
FCHE . AN, O T B UE N T B AR o E O 2
R B R A B AE R AT R UE Y
SSVRP 5 3R i #i % 42 o 1708 SCRHIE R SVRP
BT .

SVRP J5#k 5 SSVRP Jrikny £ 2= X 57 F .
SVRP J5 ¥ A X} e BB AR 45 0 Bt AT R 4. ELfAOk
Ut » SLLM-T #8550 25 Sk 4 — T8 f AR B8 22 A 9 2 428
B — SRR 3 B AR 2 — N 1 22 R D IR 1 i
R, AR E 5 B RS589 BB AR I 25
SR UE A Y U SR .

WE 5 Pros iy sE e 25 R R W, 5 BE B IE R 4 2
BRI T A [ . 7F ChatGLM3 (6B) . SSVRP 7
ZAMEBAT 55 b 0 M RE S A F RE AL 5 Ik Il SVRP
75, W SSVRP B A7 &bk .

3.3.1

x4 SLLMEARHNBEEESFHERELE. CBAL: 20)

PiRs GSMSK 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 47.4
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
Flan T5-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
ChatGLLM3 (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

T RS RNRMER IR B A A R TR RR .
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3.3.2  HEPHE AR A 1Y o AR

LEEE R, 5 Greedy Decode, Self-Consistency
F1 DIVERSE J5 ik A [t . #F LLaMA2 (7B) I+, SSVRP
TEHESRAT 55 vh 19 7 2 i 232 40 0 8 1 3.504,3.3%
H10.4% .78 Baichuan2(7B) |,/ B4R E T 8.4 % ,

6.8% M1 0.5% ,7E ChatGLM3 (6B) I, 4> B4 1T
4.8%,4.3% M 0.2% ., LA, FEHE /NS HE W
FlanT5-XL(3B) I, SSVRP 7 3T 55 Hh il - 2
WaR B T 13.3%.,16.3% Ml 5.1% ., £ W
SSVRP 7% T 100 A S48 LA T 9 SLLM J& £ %L
B, S5AN[E4E 7R 84 38 5 35 (Greedy Decode il Self-
Consistency) #£ davinci Fll text-davinci-002 | ¥ k.
WEE R R SSVRP Hiag (1 SLLM BB %A %] LLM
FR) 9 B RGR

J T WF 5T SLLMLT A= il i 4 3 5% 4% 1Y
6 SLLMLIT #E 38 8 ) B 52 ), A SC#E AT T SLLMLI
A SLLMLIT (20 45 5255 . SEER 25 RNk 5 i .

S S5 S F W, Y BRI ] 0 #fE B B AR B L A
BEARY (SLLMLID 72 58 4= i B Be 1 26 31 JL-F- A [+
X0 B B I A 1 00 45 2 5 i) [ R4 B 4 SR 1Y
FEHEE, AR SR T Ea T
T SLLM [ 4 22 g

K5 FRBESEFESRENEHNEE

(AL Y0

HE TR GSMSK MultiArith SVAMP CommonsenseQA

LLaMA2.

+LLaMA2 25.9 66.1 42.0 48.7
~+ Baichuan2 26.8 68.9 43.0 57.0
+ ChatGLLM3 27.1 70.6 45.3 58.6
Baichuan? .

+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
ChatGLM3:

+LLaMA2 53.7 88.9 61.3 54.5
~+ Baichuan2 53.7 88.9 63.3 60.9
+ ChatGLLM3 54.3 90.6 64.3 63.7

H: FRIZFER SLLM.I, + 3/~ SLLM.IL,

4 g
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