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Knowledge Distillation of Large Language Models Based on Chain of Thought
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Abstract: The chain of thought (CoT) prompts enable large language models to process complex tasks
according to specific reasoning steps, allowing them to demonstrate stronger capabilities in common sense
reasoning, mathematical logic reasoning, and interpretability. However, the main drawback of the CoT
approach lies in its reliance on massive language models, which typically have billions of parameters and
face challenges in large-scale deployment. To address this issue, this paper proposes a large model
knowledge distillation method based on the CoT, aiming to fully leverage the thinking and reasoning
capabilities of large language models. Through knowledge distillation techniques, the main goal is to guide
smaller models in solving complex tasks. This study adopts a large model as the teacher model and a small
model as the student model, fine-tuning the student model by acquiring reasoning data from the teacher

model. Through a series of carefully designed methods, such as changing data generation methods,
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clustering-based sampling of question-answer examples, heuristic correction of examples, and adaptive
generation of answers, this study makes the generation process of the teacher model more efficient,
resulting in higher-quality and larger quantities of reasoning data. This enables better fine-tuning of the
student model, allowing it to acquire strong reasoning capabilities and achieve efficient knowledge
distillation. The framework of this study aims to establish an effective knowledge transfer mechanism,
allowing the deep thinking of large models to effectively guide smaller models, providing more intelligent
and efficient solutions for solving complex tasks. Through this approach, we hope to overcome the
challenges of deploying large models and promote the application and advancement of language models in
the real world.

Key words: chain of thought; logical reasoning; knowledge distillation; fine-tuning
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Coin Flip 350 150 70:30 [2]
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Table 3 The first part of experimental results on the
Date Understanding dataset %
Trk YRR GPT2 GPT2-Medium
Fine-tune-CoT 76.71 4.2 5.88
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I E 91.13% . A A, 16 % 3% £ Date Under AddSub dataset %
standing |, #E B %18 M\ 67.58% $2FF % 76.35% , RS HIMAEI GPT2 GPT2 Medium
IR R H) 78.68 %, X B2k BB AL H I, A Fine-tune-CoT 67.58 17.12 20.7
[ s ¥
IR AT R BT b e g P DORAURITIE 685 s e
BOREWER T 78.68 23.4 26.1

2% ) R A figp Dl B2 (Bt 17 S S SO FE

e A, 3 8 k7 2 AR R B (AR 5236 v B £
T GPT2H1 GPT2 -Medium M2 AR AR WS T 0 35 . # ARSI R P RES 21 1 KR #2771 , E —
R T A SO R A R
3.3 FTIEHEKR

AR SCRE R B IS 1 5 B New-Fine-tune-Co'T , 7 55 3 43 52 46 i % 5L 50 X 42 97 K 31 Single-
EQ.AddSub.MultiArith, SVAMP | Last Letter Concatenation. Coin Flip . Date Understanding . Tracking
Shuffled Objects \ANFHE 4 I, I 78 A= B B S5 B 1N T Fine-tune-CoT J5 ¥ Hh 1 2 #F M 4 3 (Di-
verse reasoning) 5 B, F LA I = 2R R A I 2R 808 . SRR A IR SR .

ZFEVEHE B ED R 7€ Fine-tune-CoT J5 i v, SR A4 —Fh BOUL I 27 SR Mg, e RAL B8R, 9 B 1)
LA R A B RS L AT S 5 2 A B AR SR A R S R R R LR AR L X T SRRl
Bl B SR SR, BRIV SR A, SR BRI D A AN ] ) #3828 2 X T IR AR FH B0 5 WS AR IR A 24 8
XF o XA T S AR AL 2R Al 0 R AR Dy 2 AR SR i Pk O 4 TR A PR R R R R A T BRI 2R
()7 B Wei %'°  Huang 55" S5 0 58 4 B R, A A3 et 26 22 A4~ Co T i i 9 % 2L 3k 47 i 2 4k A
MR B AU E SR o XM 2 A A E A AR O T 1 AR TR A HE B RE ) A DR R RRL R 2 AR . AR
T 33X 7 YR A IFAT AR b B 52 00 DL R Xof 0 o AR R G S PR AOR |, 78 A B AT 5 v i oR 15 21 58 20 19
INREIR A BFFE 2% . Fine-tune-CoT J5 v, £ # % T 445 5 MultiArith Bl SVAMP % % D=64,
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Table 5 Overall experimental results on eight datasets

T 2/ %
- o Sinel Add Multi Date Und Tracking Last Letter Co
b SR ingle ulti ate Under- Coin
ek " & ) SVAMP ) Shuffled Concatena- .
EQ Sub Arith standing . ) Flip
Objects tion
Teacher: InstructGPT 175B (GPT-3.5-turbo-instruct)
Fine-tune-CoT 175B 81.50 76.71 78.79 64.20 67.58 53.20 57.71 90.04
New-Fine-tine-
175 B 91.33 91.13  98.09 79.28 78.68 63.04 82.00 100
CoT
Student: T5-{Small, Base}
) 60 M 2.63 5.04 5.56 9.33 77.48 40.00 29.33 100
Fine-tune-cot
220 M 4.61 7.56 10.56 7.00 80.18 42.67 47.33 98.67
New-Fine-tine- 60 M 3.95 7.56 8.33 7.67 78.40 52.00 44.70 100

CoT 220 M 5.26 10.10  12.20 8.67 79.30 59.60 60.00 100
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gk
eI
ik S8t Single  Add  Mulii Date Under L ocking  LastLetter o
' ) SVAMP ) Shuffled Concatena- .
EQ Sub Arith standing ) : Flip
Objects tion
Fine-tune-CoT 60 M 5.26 7.56 81.08 59.11 46.67 100
(diverse) 220 M 5.26 10.10 82.88 65.33 60.67 100
New-Fine-tine- 60 M 5.92 10.10 78.40 69.80 46.70 100
CoT(diverse) 220 M 5.92 13.40 82.90 75.10 62.70 100
Student: Flan-T5-{Small, Base}
. 60 M 6.58 5.88 8.33 5.67 80.18 36.00 35.33 100
Fine-tune-CoT
220 M 4.61 9.24 12.22 6.00 83.78 48.89 50.00 100
New-Fine-tine- 60M 7.89 9.24 16.10 8.67 76.60 61.80 46.70 100
CoT 220 M 8.55 11.80 19.40 14.00 79.30 66.70 65.30 100
Fine-tune-CoT 60M 7.24 10.92 84.68 62.22 46.00 100
(diverse) 220 M 9.21 10.92 84.68 67.11 56.67 100
New-Fine-tine- 60 M 7.24 10.90 78.40 71.10 50.00 100
CoT(diverse) 220 M 10.50 11.80 81.10 72.90 70.00 100
Student: GPT-2{Small, Medium}
. 124 M 4.61 4.22 10.00 5.67 17.12 38.67 4.67 88.0
Fine-tune-CoT .
350 M 3.29 5.88 7.22 7.33 20.70 35.56 10.67 80.0
New-Fine-tine- 124 M 6.58 8.40 11.10 10.70 23.40 56.00 16.00 92.0
CoT 355 M 7.24 10.10 17.80 9.00 26.10 66.20 14.00 88.0
Fine-tune-CoT 124 M 7.24 9.24 21.62 57.33 10.67 86.7
(diverse) 355 M 5.92 9.24 20.72 56.00 20.00 93.3
New-Fine-tine- 124 M 7.89 10.10 21.60 72.00 17.30 92.0
CoT(diverse) 355M 8.95 14.30 25.20 72.90 28.00 93.3

VE < B R 2 A SO I Fine-tune-Co'T J7 3% 1 B8 A7 35 1Al 8 30+ o 6 5 6 55 6, 76 3 1L L AR SO B Fine-tune-Co 77 ¥
I 2 2 g e

R SEERAEM AR ST AR IR B 1 SO R A p s e i 5 e o 1 2 A MR A HE R RE )
X ANGE AR IEA NARAT (9, 1 B AR 2 [ IR AR e — T AT B BIF T 1), AT 1 AR SOy ik A 2t
4

S H 8] 5 R R TT @

JEAE S A Sy R RRY IR AR 0 A EEOR TR, AR I 2 HOR LA 52 OCTE . SR, T IR AR BE Y R R
FERY R ZE IR B 8 A A WP L o X — IR AR AR S R TE T A5 3 A o B e AR ) HAEh A
ACH N SR R BIBERIIR AT o SR, A SCR B 8 200038 1 3 — WL, e W 1 Bl 2 A 65 /N i) A 7Y
BB o TR ZE R A O R AR G B AR T . X — R IR B T TR TR B AL g
KRR, AR AT B T 05 o A SCRY R Jy F AR 5 B0 AL Y 5 e 0 3 SR AL T T A A
TRJT 5, R Ak A AR R R R N T R R ST T E %

H3% 7 a] B BT AR AE VR 22 1), PRt AR SC R B3 oK R mT BRI 5 18 O Il DA ik — 20 i LA %) T4 o

(1) 2 0 B A ) e 45 . AE AT AR S i OpenALK T H AN TS #FH T AHEE T —14
gpt-3.5-turbo-instruct B &Y, 2y T Fl Fine-tune-CoT J5 ¥ #EAT X L , 4 3¢ H BB HE#E3X S BEAY (2 oK ok T4
A DA 49 At B0 P R A 1 AR, D — 2 e AR A A SR 1 T
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(2) Az BB B4R Th o A 52 06 30 i — AR 9 S0 DR R 4R i 17 0 Ui A A A ol K Al Y 5 R AR (EAR
SRAFAEA I, HE v fie WY X0 98 ) 00 A8 2 0 A 22 A A A JSCIRE, 280U A A %ok 7 [] — A I 2 A B 221> 28 38 9 A
PR S SR I X 2 A AT Y I i, B R A BRSO 10 i B AR 2 (ELJR X T 2 A R ) I 2 4 T
I VAT I8 B DL AR X RO — D E T T 1

(3) 2 AR ekt o AR SRR — D7) A A0 2 A X 2 7 3 A7 ey, = 2 i T 0 A T A il
0 Hh 9 HACH R AR AT g = A A T 4 B 2 B B I R R LR e B e 2 A R AR By ) 4 B g
T —MMEREFE W7 XA TARR 25T .

5 ZRIE

RSO AR T — Rk T R AR B 0 R R R 2R 0 O vk N AR A SR A L 30 S gt A A A
BECHE B9 T5 3k A AN BUE RS TR TS T, SE B T PERE Y R IR 4R T . DL Fine-tune-CoT A4k, R
ok AR A A RSO 1 7 3, AR R ) B4R e 32 R R SRR 1 A N A R A R R R e T
SO TR 2R R AR 9 o AR, DT A 288 o 1 o R R R A SR A A RLRE ) o 7 2 Bdle 4 R AT
S HRES T ARG B ROR XA MR ] T AR D7 YR SOR 9 38 3k TR IR IE ] 3 S R R R A Ok 5
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