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& T AKETAHER (large language model, LLM) 2 35 & a9 84+ 4428 F (4= Copilot), 464 2 E R AL i FF A
HE A8 LLM t9it B it E R K. A3 B M2 A4 LLM #9505 it 5. 4. REF K =
HARA A R A R A e K A4 LLM K. 4042 7&48 (knowledge distillation, KD) # K, 3k /s 54k LLM (A 4R
B AR AR S e K AS LLM (BITAEAD) 69 A oA, TS A At AR K. A 95 B8 AR IR AT 76 49 KD
AR A F Kullback-Leibler (KL) #EMR K %k, H & 5% B 2 A /ZFAEE A R £ 7 FEAHERK, (2
A AR VA 3] BOTARR 64 B A K3k, [G, 4 FI A R &) KL #UEH K (RKL) & 27 kA48 T4 A KK
895 3 B AR A, RKL A SBMESH RIRAALSF I P, 5§ KL BER X JIA L LAME; 3T — 8048, K
IFAEAY A R AR, FECFAARR F 5 MR £ R B —H & 4R E A8 (adaptive knowledge distillation, AKD) 7
ik, i 18 prompt #2AFIFALR 69 & R F, ML B E IR S AREF A FREAZ R GERSH ER B E
JLREEF R AR, ARFABDEITZMERRFALRBER R EEFZ IR, LT AKD 5%, 414
StarCoder-1B/7B (3 4 /3 )F42A) = CodeAlpaca k3%, I % T 32 LA KALA! | F 346 AL X AR R 6945 E R K
B R R E A, R R BT, 2R KARE MABLEK 85.7%, /£ HumanEval /= MBPP #4% & L, /£
F-4% T 91 F #9 prompt 7T VASR & FUTFELRL 69 KA AT F, B S 3 AR R IK 6% 69-F ¥ BAR & AKD 7 ik
Y| AL S HOT AR (StarCoder-7B) 89 -F 3945 E AR KA 17.14%, 846 3 A AR P 341K 30.6%; AKD F i
G RERL AT W 89 KD A= RKD 7 ik 694 AR K T 351K 19.9%; £ FTHE R HF RHE I, KD 4= RKD 5 5 E &
54.7 GB, T AKD 7 %4338 /m 3 GB. % T 40518 7 &, AKD 7 i T & D 4R 18]38 e 30%; 484X f 5, BP 4% KD A=
RKD 7 &9 % 248 F B K, CA7169-F ¥ HORAR A 3%, 488 AKD 77 351K 16.9%. B b, AKD 7 %38 hu b9l o A
AAE1FH. Bush, #% AKD 7 %k & F 5| Code Llama #= CodeGen 2 7| A2%! | 4842 A7 % 49 KD & RKD 7 ik t945 EH &
1K 19.2%, IEB T AKD 7 ik 69524058
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Adaptive Knowledge Distillation for Lightweight Large Code Models

SHU Shan-Fu', LIU Chao', SUN Yu-Zhong®, ZHANG Hong-Yu', GAO Cui-Yun®, ZHANG Xiao-Hong'

'(School of Big Data & Software Engineering, Chongqing University, Chongqing 401331, China)
*(Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China)
3(School of Computer Science and Technology, Harbin Institute of Technology, Shenzhen, Shenzhen 518055, China)

Abstract: Software programming assistants based on large language models (LLMs), such as Copilot, significantly enhance programmer
productivity. However, LLMs have large computing and storage requirements and are difficult to deploy locally. Building a lightweight,
small LLM can meet computing, storage, and deployment requirements, but it leads to a greater accuracy loss in code generation compared
to large LLMs. Knowledge distillation (KD) techniques allow small LLMs (student models) to approximate the output distributions of
large LLMs (teacher models) on target training datasets, thus reducing accuracy loss in code generation. Cutting-edge KD techniques in
artificial intelligence are based on the Kullback-Leibler (KL) divergence loss function, which measures and reduces accuracy loss due to
discrepancies in the output distributions between student and teacher models. However, student models struggle to learn in the near-zero
distribution regions of teacher models. Consequently, researchers have employed the reverse KL (RKL) divergence loss function to address
this issue in near-zero distribution regions. This study finds that RKL faces learning challenges in high-probability distribution regions and
complements the KL divergence loss function. For some datasets, low-quality outputs from teacher models lead to poor learning outcomes
for the student models. This study proposes an adaptive knowledge distillation (AKD) method that uses prompts to enhance teacher model
output quality and constructs an adaptive loss function to adjust learning priorities based on the distributional differences between student
and teacher models. This ensures the student model effectively learns in both primary and near-zero probability regions. Using the AKD
method, this study trains a lightweight large code model based on StarCoder-1B/7B (student/teacher models) and the CodeAlpaca dataset,
evaluating accuracy loss and code quality issues. Experimental results show that the lightweight model size is reduced by 85.7%. On the
HumanEval and MBPP data sets, prompts with clear instructions improve teacher model code generation quality, reducing the average
accuracy loss of the trained student model by 6%. The AKD-trained model’s average accuracy loss compared to the teacher model
(StarCoder-7B) is 17.14%, a 30.6% reduction over the original student model. The AKD-trained model’s accuracy loss is reduced by an
average of 19.9% compared to state-of-the-art KD and RKD methods. Regarding inference memory requirements, the KD and RKD
methods require 54.7 GB, while the AKD method only adds 3 GB. In terms of training time, the AKD method incurs a 30% increase.
However, even when the KD and RKD methods are trained for the same duration, their average performance improves by only 3%, which
is 16.9% lower than that of the AKD method. Therefore, the additional training cost of the AKD method is justified. Moreover, applying
the AKD method to the Code Llama and CodeGen model series reduces accuracy loss by an average of 19.2% compared to state-of-the-art
KD and RKD methods, demonstrating the generalizability of the AKD method.

Key words: code generation; large language model (LLM); knowledge distillation (KD)

B KiE SR (large language model, LLM) [{1% &, 41 GPT-4". OPT™A1 LLaMAP), A5 A: i AE 45 78 B 1F
TRESURIA T BFdE. 2T LLM B3R A4-4FE BT, W GitHub Copilot (https://copilot.microsoft.com/), BEf# H 3]
AT AR R R BRI 0 SR B, FER AL DB (g AR AR 1, $RTTHAR T A T R A0, SR, LLM 8% #iE 20801
W23, SRR I SZBR A% B IEI30@ A7 . F 70 38 W 7 B 05 52 PR PR o v I 0 750 20800 4 R s P 2/ T
20 12K 5, 10 42 K UL R /NS BB R 250 T 6 5 7L (B 1B (billion) /S50 LLM AT 52 2%
AR RS 40 R K ), MIRZEAE (knowledge distillation, KD) F ARBEME LN SE LLM (AR 76 H bl 5500
£ EHWARKSE LLM (FUTHEY) 4R AT, BRAGARD A BURRE B 1%, /NS4 LLM RE81L B K240 LLM
PIARRS A R e

78N T e 458, Hinton 25 N V4R KD 759, SR KL HBiRE 45 2 R 50 B o A A 5 ST 2 27 ) £ 24 ok
SAESR, 18 SRS 5] S A 5B S5 22 RN, 2B 2 5, KL B BB AT 20 RS 1 2E i
MG ZESE, 5l S AR 5] O SR AR b A AR ) SRR R A RO A 2 K. T KL B R
M EREERAMER N A ZER. BT BUTERN AR AR AR S BE X, 335 KL #E i ES
TEE AE R 51 G 2 2 B0 2 ST OB Y 1 A i 3 A U7, DR v B3 1) 8, Malinin 25 A U742 H RKL HUSE 322K B0 5L,
L2 A AR 5 S TR AR A3 A R R TR R AR R — B, R AT IR T BRAR L AR o A X 2% 5. Gu 25 AN P
RKL 503 453 2% 0 $508 FH 38 KB SRR, B ib 8UR b KL #E 47,

AR, WhAE N AR T AR AR KA I Hugging Face 1B\ U8 %% () StarCoder 7% £ FhmFLiE =, AE
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A EF 5 AT BIE R 4R R 6 AR KRR 42 B, 2433

R e AR A2 AT 4%, Meta BIBA "V0F & ) Code Llama % v T AR Fh 4 FIAF R AG T, %5 BhF Kk & B AR,
Salesforce 1B\ P % [ CodeGen 7E4: B 2«5 Fr B 5 Thi 26 B 2, 38 A T ORI B (I TT & . 25 BURIOT R
NG IR TR AR R il R, H e E YA S5, AR TF R A v 3575 BB A e ORI A 217, 4K
KA () /NS BRAS RS TE 28 vm v ERLH, (BN SHUSAR RS FE BRI T 49.5%. I B, I I E1RZE18
J5 1 i RAEAHE KA RS 8 IE.

A SO SRR R 12 0 B AR Sz o B, RKIL HURE (1 2 5 e 5 2 AR AR ) 4l 2 ST il ¢
1178 T30 AT X 35, (EL7E 32 BEME R 3 A X B2y S AN 5 KL HUE 7E MR X SR ILAT, (E7E R B A0 X ik
TUASEE. 22 1 H0E o SR Y B 2 A A8 20 1) FR N 3R X 3 T 12k 2 = . BTS20 (1 A Rl 2 2 S ) 2 A A R R i
FEUEI I R0 R

AW T —Fh B IE N AR 2% (adaptive knowledge distillation, AKD) J57%. BIAG J7 {54775 5 5 T 4] &, KL
TR TG ) AR B T 43 A AR, T RKL 77 V2 7E RS B 5 ME =R 43 A [X 3 S0 AN 2. PR, TR MG — AN E
&R, B A AR AR AN R 2 50 25 B A OB IR 27 ) e 775 AR S AR B AN BB B B R A B o A0 2 e, B
N7 YHRE 2 ST I SE 2, 38 G SR SR A A i R P 25 I AR, Sk 2 A 2R ) A B o B AN e s A A B 43 A 25 7 K I A, )
FAE 25127 WA 1) prompt B4R, $RT+ BOMRLEL (1) 48 T 88 7). 22T AKD 7772, A3 StarCoder-1B 1 StarCoder-
7B AR Jy 2 A BRI A Y 254 CodeAlpaca 33 4E (https://github.com/sahil2801 14/codealpaca), Yl 2k 4%
B AR KA 2R S B I R 2 a2 85.7%, T I HERH AL A 5.1%, ~F-HIF5 EEAN IR 17.14%.

SeIG 45 R R, £ HumanEval Fll MBPP 83545 |, prompt AT AHE 2 ZOMAS 2 A4 CRD A s B, 2 AR 784
T R A A R, A5 00 2 AR B R PR 6% ISP 35006 BE 4512k KD R RKD J7 Y I S5 Iy 27 A A5 B e BT A
R (StarCoder-7B) 7E BUR4E b (1T S50k 4515525 R 32.40% 1 41.76%. AKD J5 3%~ EXRE R 2R N 17.14%, B
KD 1 RKD 75 kS BE 45125 20 B BRAR T 15.26% A1 24.53%, 28 AKD 768 /0 A 5ok B 15 25 07 T i 0 S5 . 0 3
P AE 7 SR J7 1D, KD Al RKD J59%: 75 5 54.7 GB, 1] AKD J732AN 8N 3 GB. 5% F I ZkA 7] 77 1, AKD J532: i i
SRR 30%; AT =, BIAE KD il RKD ik ZR E MR, EATH TS8R AR T 3%, MLk AKD J7ik
ik 16.9%. K, AKD F7 =G MM 25 A 28 A3 1. BhAh, AS0K AKD /7928 H T Code Llama fil CodeGen 71
B FRECT IV KD & RKD 771, AKD 77 RS BE 47 25 T3 FEAIK 17.34% F1 20.95%, i3 — A 1ERH T AKD J7
HIZ AR ). SR R I E R A HWOR/NS L LLM (R R T 0, VR T/MERL I E R, IE B T F1iRZE 1R
Ji L EEE.

A EZ TR F.

(1) $RH T — Pk TGS A RN R ZE T8 5% AKD, 68 FIHBUSE R 45 6, BN & BoAS B B = IR B 41, B4
G2 AR B FEAR TS A BRAT 25 Hh IR R FE B 2K

(2) ARG 72 IR BUAS R 1) prompt, 1 AR A AT 55 I, OB RLA: fi 57 8 5% AR 28 T R AT R

(3) BINF T AR AERT AKD B AT AR 2800 05 vk AL BRI A AT 50 B4, Dy R ARG A= R B 1) o
25 il SR AL SETE AR A

(4) % AKD J5 8 8 2 MRS KA A ) 45 Code Llama fil CodeGen £ 41, WAIE T 1% )7 iE M2 1L fig

ASCE 1 A PARME KARTRY Je iR 28V AR 26 AR W B, 55 2 3545 AR SOOI 70 i e SC. 28 3 148
HE AR SC I B S RLATHRZE 1 7700 L VE AR AR . 28 4 1740 S0 45 R S50 b oA, AIF B B & R AR 2R T
BPE. B S TR AR AR TAE AT R 2.

1 #HxXIE

1.1 REBKIEE

KBS MR (LLM) 78 HAR1E S A3 (NLP) U BUE 1 ¥ 2 Bk, S IR 7t LAE U2 oR T LLM 78 HARE
FERMRE . SCARA ORI S 2R G S T RS O LR B TRR AT F , S E A OR B R BT R A
STITTE B ARG AR TR | 549 3 e A CRL A 405 PATYR 1), 4 ChatGPT A1 Copilot, FAAA AV T 2 -4
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. Meta £ Aii LLaMAP DK, R AL X 76 R RO K28 5 B8 T R aif ik, i 70 4R L 3 0, 30
FARIED . FFUE LLMP120 0 R Rt X BT, AR 70 2 R % o (5 R SR ORI PRk AR, (35 ik 17 2%
AR FEFEE AR AHT AR, T AR A e H 23 B4R 7R R, I T 3 AT IR I S i AR A B T Il 2 2k iz,
1 Hugging Face [ BAITF A& () BigCode TSR3 i U146y T b T 22 o 08 25, iR A1) A ol Py ol T ek R 22
A H AR A AT 55 1 75 3K Meta i) LLaMA I R385 PR AL T 3 F B /), SCRFZ AN AT 55 ROROR AT &,
JZ N EARE S A E RS A 4TI Salesforce ) CodeGen Tl 44 P35 e 5 T A0 A2 244 AR AL B (042 A,
&G Z PRI, AR KB AE B 3 A sk i, AR RIS A D8 207 T AT 1 B3 R, Bede At
ﬂ:ﬁ&:&% [20,34*36].

BT IX 3 BRI SRR BRI e, AT AR (A CAS KB4 StarCoder”™, Code Llama!' 'l CodeGen™".
StarCoder /& —N3&F BigCode 444 M A QRD KAB L. 124570 38 et MU ) GitHub QA 3008 Tl 45, B %
FhIRFEIE B AR RLRE /7. AR TSR F 51 5 & Python AR BB, 75 Python ZWFEAT 55 L B A S sR w4, LAk,
HATINGALE D ATFRAR, TR 7T LUk — 2 ORI AL LA 2 A [RI g FE A 25 I FR 5% 1) 75 5K Code Llama 22T
LLaMA H2H4 AR AR, 7E T SRR AR LB 1 K& Python AARS, MHRKS AL BAT 55 EAT T L T TIM0AL, 3858
T RS A SR TR ) R HE S RS ) AN AR BRRE D AR B BRI AL B 2 Bl m AR IE S AT 45, LTI SR B A SR s L4
AJF. CodeGen KH] 7 K MM 50 dm 45, 1495 THEPILE 2818 5 MR 4E . 215 5 ML 345 % BIGQUERY
DA K B —1F 5 #4555 BIGPYTHON A7 I 25, REARME — FRF1 T 7] RERN 6 A o B 1) AR 7, JFiEd 7 P IR r @ 5
HEPR B ACRS A R A P R0 2E. CodeGen [T ZRAN B 1 4R 41 X db AT 7 FUR, (B S0 SR R 35—
SPERRE AN,

1.2 FHRZRIE

TESERR R, G0 R 240 LLM 3538 75 T 5 58 R BRI 28 i 15 4% o iR AR5 AR L 11 il . B B2k A B S
0] DLUE R B AR IR LR & RIBAT, R AR EUR 2 80 B B AE 7R 35 (0 AR Re 00 B n) L, BURS FE AR k. %
AT 2 B8/ K P 457 2%, Hinton 26 A VOB 7 AR 28 R

FNRZTREOR B AR /INSH LLM (AR, {58 HA 70 A R ZR 61 K 2300 LLML (UMY (a0 tH 40T
K, IE BT SR B I FAAIORS FE B AU 28R Hinton 25 A Ui 4 AR, 4R 7 — R T KL HIEE 0
TRZE IR 1, i B S AR B A 2 AR BB tH 43 A6 2 AT 22 7, 4 v S AR AR B R AL e D RRG B, ek DA B 4
R I FRARASE BURS FE AR 2R 12T 7S T ARS8 51T 2 ST I X A, 8 % ) e © % ST BIRRHE A —MES
REA BN —AMESS R, B ER IR 0N SR AR R (0 100 8. R 28 1 ) E BTS2 A A T A it iy HE o AR R,
B B A AR T G b 2 )RR I B S5 . Miirzadeh 25 N BOE ISR |, 30E— D B0AIE T E B KR RN A 2 S5 17 1
T ERZE TR T VE T AT . A AR A T B A M 4% (convolutional neural network, CNN) Fl& % 1 £8 X 4%
(residual network, ResNet) BRI N FE AR BT KL B30 5 B 80, # A0 A0 SRS, B 2 A AT 5 S A 2
TE) F SR 328 7 X, A DRSS 7R AR 2 S sk KT 3 B30 T A B 1) . Beyer 25 N R NIRTT T R ZE AR E R R
FEARJT B RLA, FEE T —PhAade HAA R0 77 ik, 4S8 S e g DU B AR SE 3 R BUBERY AR 24 (¥ 12 Be.
ZMFUAEFH ResNet-50 15 gL FEAR A, 8 Id KL HUE 2608, ATl R AR 405 31 58 /N 1 380, HOR9E T 8 ms (1t
T2, UERA T NN ZE TR 5 VA TE SRR R sl b B R HASE I B AECRG J8E 400 2 1 mI AT M A At

Malinin 25 N "R B, 2450 A 25 B KT, KL 505 23 5 8500 BBt S0 A 780 v s A 2R A [X 33090 i AN A 2
P AR A, & AR B R FE T RKL BB 02 B SR 28 VR R, i) 25 20 155 0 A B0 A 20 AR Ak 23 Y00l P H 40
A X I AR R R, 5] 2B BB 2 S G 20 AR R . Gu 25 NP H T MiniLLM HIRZEEECAR, Kbk KD
JidH I KL B H bR & #e oy RKL, 97 15 22 A2 RO E 30T 43 AT IR 2 X 3 B2 A v 9 R T 38 K8 & L.
Mirzadeh % \ "WEEF MiniLLM J7 i H 7 — i 4 240 KD HE4E DistiLLM, ZHE4ESE T RKL #R R %L, 5IA T
— I R PR B 4R R T

IR VE IR AR b {2 A AR 5 O AR Y (1 A o A AE IR B S AR RE— 2 T Kim 25 N R, 2
A AR N 2 ) OB R AR D A F5 (00 26 1 AT, T AR 07 H: 2 w0 i b oA ZE Rt s, AT 2630 S 1)

© TEBREEEEIEDT  htp/ www. jos. org. cn



B EF 5 AT BIE R 4R R 6 AR KRR 82 B, 2435

AR BT AT AN B DRI B AR sl 10 4 R — SUME RIS SCE BT, 22T 9 5148 KL 80U I RN Z2 08 7 il i A f 2 AR A
T A FL A AR5 90 3 A B OSSR A 1 ) 2 80 9 A, B TR R B 2% A AT 55 R A R B TR, Kiim 25 A P14
HT SeqKD HIMER:, K5 LN H TSN 28 E 3 (NMT) 255, 1Z0F A0 R T Fe vt HR 2808 78 10 2% T L i 3%
P, SINPIFPHT U P 5 G AR 2508 75 1, 3 — P G R R R IX PR 7 VR /M S AR A B AN TR B
51 2 1A ) KL HUE, 5 2 A AR TR i o8 o ol b A 412 S0 A R 2 1 ) 2 900 A

DA AR B 2 N TSN . EARE S A B SAE55 b, BT KL BU% . RKL B 405k 58U
RIARZE 7 12: A S SeqKD J7 i 7E FUA AT S 8 H — 52 (0 A A, A 7E | AR1E & A B AU, SeqKD 7 ik M2 2
BN T 77.8%-82.98%, BEAIK T 19.23%-21.43% MUK L4025 TEVHEAUAL B A3 b, 22T KL B I iR 2818
J7 1 U R B /N T 38.46%—81.82%, FEIK T 2.9%—4.8% FrIAE 45 J; 7638 FKIE &5 BORATUR, 6T RKL B
FEE FR R 2 A8 7 vk USRI /N T 46.1%-92%, FEIK T 4.3%—10.45% FRIAE R4 %

FUE HR BB A 8 PSR 0 A A e AR T T AR T 83 R, (2 VR I RO R EA RS A AT 55
R 5 3G E. AN [F Tl A B ARE S AR AT 55, ARIE AR BT 45 B Rk AR gt R L A TR IR S M AE S — B
1k, AR SCE pAR T RN R AR AE AR A AT 3 P e, 1A AR AT 55 AR R e P 7 5 T €.

2 MREEENX

ASSCRE AR A FAT: 55 H 0 R 28 0 i R RE SO R BT MRS TR A0 A 22 A R 1 2 STl T, FE /M 2
HOMAEI RIS, PEARACRS A oS FE 452k

B AE A AR AR B S () H R0 5 1R SRR (prompt), A BOGE L ACRD Fr Be s B O AGRS SE L. Bl K18
FER D, A A R R 2 5 T, SR, AR KRR - 28R e K, X SR SRR SR v, £ S B R T
P8 AT RS 45 i) L. A 7R R A R S HORBE A R RE 7 (T 52 T S DR T R AR A R

FEARE A AT 55, A 55 3715 W1 ¥ prompt REWE 51 5 SO A A pl B i i e (0 A, A Rl 1 ] I 128 B v O
AR, AR5 3R A WG prompt 2 SRR R AT AN 1 4 T, #f e VERRA, P9 2% i i T B 4 il 1)
PR, AR R GG SCATCIE A AR N 7%, 1] 1(0) U BEZE BB A 2. R, A 55 3R WA ) prompt AT ASR T
DITVREIRY PR A i B, ST R it S LR b, s A A 2 SR PR U K 2%

A SRR

I'Below is an instruction that describes a task. Write a response that appropriat

[zt S e e e e e e e e e P AR AT R | ely completes the request.
| Write a Ruby program to search for a specific item in an array of strings. | | 5

| array = ["Apple","Banana","Mango","Orange"] | | Write a Ruby program to search for a specific item in an array of strings.

|
|
R R A : ‘
| array = ["Apple","Banana","Mango","Orange"]
|
|

| Write a Ruby program to search for a specific item in an array of strings.

| array = ["Apple","Banana","Mango","Orange"] L__‘;‘__‘_ __________________________ H
print("Enter the item to search for: ") m
| tem =inppwegy ) ... . |
"Mango"

| if item in array: |
| print("Item found") |
else: :
print("Item not found") def search(array, item) :
array.each do |element| |

if element == item |

Write a Rub i the largest number from a list return element :
|

|

|

|

|

|

|

|

ile a Kuby progranm ) Jind
array =[1,2,3,4,5,6,7,8,9,10] e:d
(" The laroes or is: ".ma en
print("The largest number is: ",max(array)) retam "Not Found

Write Ruby prograr Jind
array =[1,2,3,4,5,6,7,8,9,10]
| print("The smallest number is: ",min(array)) : puts search(array, "Mango")
1 e e e e e e e e e e e e e 1

(@) BB SR SR I 2 R 7 (b) A7 B HLAR 12 B 25
BT BB A o B 1 5

smallest number from

| end
|

| array = ["Apple","Banana","Mango","Orange"]
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SR ZE TR SO R AR BRI i O AT AR, B A AR R A SRR B 4. AR A= et 45 R A R R

5 R H TR SR HIR ZE AR A5 1 B A5 25 BR P B R 5B ¢ 2 T SR B L, ol A A R A T A

7 TR L A R 5 B T 2R T 3R, A A A AR AR RS R . R R AR IR AR B T K S B A (BT )

o S/NSHUE R (SRR I ZE, 78k /NS TR R0 P [R) INF FAAR A ks 45 . LA 0 R /ML ST A 70 b5 2 1
B A= MR 43 AT B4 BR B, {2 AR AR R AE S 80D B L T AR B R AR IS AL B RE . A BRI T

min Lp(p,gs) = min E.gua [D (p (%) g0 ()] )]

Hrb, Loo(p.go) R AR BUR KA, D () REBEER, p(x) BT IR DA, g, (x) 2 E R
IR A0, 0 7 2 AR AR B K S 4L

A ST B PR Al A G e P IR R S MO (75 DL, 78 2 PR AR A Pl PO BERI i B, RV SRR 2R IR R
T FTORE 5 Ab 2 IR 3 26 VAR SO AT T 3 AU, (EUKE B 7 ) AR A Bl 55 1) A7 E — BB PR . AR D
PE AT R ESS A AR RS TR R, A i) AR 75 2 e I 2 F2 i 5 ITEE U A2 AR 5. AR T B AR1E
&, AR RN R (kb — NS B S HR) B TR B RIS AT B R, FLK, SO R 2 A AR
FEZ R L) EOKZE 7 2 S BRI R Th AR5 BRI RS BUM R e 6 1 3 58 5 2% O ARG L
FORE S 2, /NS B 22 AT TE VR A R S AR IR S R 2R (M45 I, B4, prompt (3% BOGS A QRS A i 7Y
(¥ 25 BRASCRAT HEEFE R, W X prompt ASAR LUA 4% UM AT (X BE 77, A2 A QRS A ATk A i 15 gt e ) Bk . £ B
PR, A0 SRANEE X AR 25 AT 55 R i AT D50t AR ZR IR OV 78 0 R AR Y, S B AR R B P e KR
TR

BT AR A2 AT 55 B ARR BR A, A SCHE RRZE R AR 2L R, 1 3638 2 1) prompt AR, #4938 (E 55 325 TR )
prompt DS iy MR (0 A2 Fl o . AN S Ve A R A U SR M 453 5% R B, e DR A AR TR A b S B (1 [F]
I, 2 5] BT AR A BRRE 0, A RORF B VA A B SR 1 v T B AR

3 BENEREAEEE

3.1 Prompt %EEY

FEARRDAE AT 55, SR ST I 28R AR R FE b B e T 0 B iy e 10 5 . 2% AR A B AR T B0 Y g 41t
IR 2R 43 A1 SR 2 o ARG AR i R 01, R AP R S DT ASE 20 A S 190 7 P R — 380 22 00 B 2. OIS TR i s 1 e 3 4
AL I B B IS EE, 52 24N prompt (5200, $6 4 P25 B0 FIARAR 56 9 34 3 4T (1) prompt, 5] 5 30MAR
TR ol B v o i AR, B R AR . TRV RS NS AR SO 3 AR SR 1 PR, 7R EAEREAR Y
{instruction} A S HR L 1 F8 2 W2, T {input) FIES R E IR NE, HATMAEE, MG )5 1N 52
prompt, B 2B Py 25 BT 1 RIFT Li 26 N PYIBIAR, R ILAEEIMNG A it T, 51 SR, B 2 kJE
F Chia 25 N "IBAR, 55 KRR LE A= A QR AR 7 38 S AN 06 B2 AR 55 (R BRARRE ), SN s AR n T — 2 A BR
il R 5 [R5 #EAR 3 KJR T Stanford-Alpaca FIARAR (https://github.com/tatsu-lab/stanford alpaca), A& ¥ &5 #4140 154,
R 5 VRS 2R 0% 56 BRAT 55 N5 2.

E W eI PSS

LSl K BEpR A
HEBR1 StarCoder <fim_prefix>{instruction}\n{input}<fim_suffix><fim_middle>

Please complete the following Python code without providing any additional tasks such

R 2 -
Bt Instruct-Eval as testing or explanations.\n{instruction}\n{input}

Below is an instruction that describes a task. Write a response that appropriately completes the

b3 i
B Stanford-Alpaca request.### Instruction:\n {instruction}\n### Input: {input}\n### Response:

PRI, 3 M R R U TV B A A A AR 2 ) RS 2R 1) A Fl 2 AT, TG 1 5 B ) promapt BREAR FT AR e 0T
IR () A PS5, i A AR 2 B RS HE RO 25 5. B SR R SR RS T, S BOMAR Y A () 22 BE AT LA/,
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B EF 5 AT BIE R 4R R 6 AR KRR 82 B, 2437

RS TRER 5.
3.2 KL #EK RKL #E

FNRZE TR H b2 Bt Ad RO BURE. FE TR B2 ST 0, B AR AE AR B I ORI e 7 v A T A 1
KL #0170 T %6 43 A 14 25 B30 40 AT BB, BEoR 2 p > O I, ¢ AR T 0. 1K Fhond 36 2 i & 1) Bk, A KL
SR A R A PR R R A L (B AR ZE IR R, KL B 2 S U AR B UM R e R AR X
YA B 26, 5 3R BT . Minka S AN VORI T KL BUOBERTENR, 48 1 RKL #UE H % T 90004
P, R4 JEAGR T AT p AERELE DO 0 I, ‘B2 I A A g fEIXEE X IF A 0. 3X —RpPE AT RKL BUEEAEALFE 57
A1 ) S B R i A L

ASE XA B ¢ P35 ARG logits y zeecher S8 1L BRAL ZUMBE Y [ logits, AT LS 2 B )
R0, TE SN pOily< x). BALE IREEE 31 € SR

exp (2 T)

5" el
Hor, x ZoREIAFEAR, y, RRPITERIEALE ¢ BRI EArHi, v, e {z‘ﬁj‘d‘“,z;f‘“h“ ..... z‘j_j”h“}, V RIER IR,
Yo =y, MBS T FEhIACHIRE . Z,V:l exp (zﬁj“““/T) SNBSS RILER B ¢ 5 TG 1A logits B8 UM, 8
i) T B 2= AL 20 A SN~ , 3 B TS0 1R R A% 8.

Kim 25\ "ML 58 KL HUE & S TR 90T 4% b, ASCh R M R R 519 KL 8%, & 30 R

bl POlyax) )
L:KL sqo) = — <ts 1 DA 3
P.g) ==Y  pOlyax) Og(qe(y|y<”x) ©)
e, p () FEHUTIRTLAE IR S0 A1, gy (x) R 27 AR T IR 2341, 0 22 BRI 24

RKL #E e anF:

POy x) = 2)

bi 0 Oly<i» x)
Loxt (g ==, @001y ) IOg( PO ) )

YT L (p.qo), &L f(p.qo) = p(x)log(%), X p(x) #Em o, A FHES A

p(x)

. IV IR R
m, P (x) k’g(qg (x)) - p}iﬁlolog(qg ™ )/ - Am =0 )

PRI, 24 2 A A2 i DDA BT R R 22 4 A1 I, KL 180 2% 5 B0 A AR v i 80T A2 (1 G RE o6 IX 35, 32
2B AR R

KT Lke (p,46)> 3L f(p,ge) = g5 () 10g (g5 (x) /p(x)), i p(x) BT 0 B, £ (p,ge) I 0o, RKL BUE ik
A AR B SGTE MR b (AR R X 3, B e 5t RKL SO A F amaa R o, i B 78 U AT 45 15 5
TR, i, Nguyen 28 A W7EHAHF 70 46 H RKL U SR> Y5 B bRt 7m0 A 2 1o ) 2 5, 2 e
TE BARIR 12 A AE 7). Czarnecki 25 N SWRZR T i Ak 2 >) AT ] Sk 5 s 25 A0 A 368 0 L, 345 B M0 S5 s 312
AR SRS B AR FE R, 2RI T RKL BUE R saa st R, 2 g, (0 B 0 B, g,(x)log (g, (x) /p () = 0. I,
7E RKL U, 77 2 A R RAR S 0L A5 S80S 0 93 ) = A0 56 1) ) .
3.3 BERMANRE IRk R

FEAS L RNR 2818 7 VA AR AL I ZR A I R o, 25 A AR 35 A skt 2% o0 BOTTASE R 1 i 1 M 26 401 RKL #5U% J
LT —Fh TR, B YRG0 A p AESELEIX IR 0 B, B s ¢ AEIXEEIX IR 0. X5 KL #LEE
TR L, i 38 ) 5% 43 A1 1 32 B 4 BEAT A, SR> p KT 0 B, g HAAZIK T 0. BT 7E I ZRid 72 o i
G AR AR 2 I, SRl A — PR R R TG Y A T AR BT AR (4 4 A, PR AR SCHR HE T 456 KL #U% A1 RKL
HICRE F) [ B TR 2R A 1.

ARSCHR T — Pl IS LR AR 5, G T ST EE RS 4 B B A TR KL BUE AN RKL #U% 12 ST i)

© TEBREEEEIEDT  htp/ www. jos. org. cn
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S gk, TR SRR R A T B AR DX IR T XS L4627 ST e, S 4 R ple A, 38E G =) B IE AL AR A i 22 1)
A BART S, S8 B MR AT 55 75 SRAE P AN OB 2 1) P AR, 2 2 AR A 5 ST R Py L8 A1 22 5 UK, 4
K RKL HiUEE LR, J8E G o A 58 7R T B 5 20 PR R 0TS R R UM = IX 3, =2 7001 22 5 B/, 38K KL 82
(RIBUER, i O 2 A AR 2R B AT i 2 =] J0MIASE 28 Fr) i s 207

AT Zpscher oRAT Ziescher AT A — AL AL BR IR BB 20 A1, HsE AN

chachcr

Z:eacher — = (6)
Z Z;e]acher
i=1
RV 2, 52 SCA AR R R 2N gy (Y.< x). FLE LATE:
exp (thudenl/T)

GOl ¥) = =——— @)
0 Zl‘/:l exp (Z?}Iudent/T)
fi ) Zgdent TR A AR AR AR AT B ¢ 1) logits fEL. {3 2 FRoRXT zgwdent HEAT IH— 405 (FME, Hosg LR
student
Z:mdent — Z‘t/ - (8)
Z,;lzzttu ent
XHIE RN B 3 TSR b 2K, B ISR AR ETE U 2 (T
xL g 1-B)xL ,

AKD(0,8) = Zj=1 (B> Lyxr (p ﬁIe)l:n((Xb)ﬁ) w (P, g0) ©)

Ho, x, RN b BRI RINFER, len (x,) 72 x, FEARKE.
ASCHY H bR R B A 2 AR S5 0 FIEH BN S8, R RELAKD(0,5) H/Mb, XF 6 BRItk i &
R

min AKD(6,3) (10)
o = argmﬁinAKD(Q“,ﬁk) (11)

Hr, argmin FORRBE R R AKD(6F, 84) 18 B s/ MEY 0 48, T 0 (R TEHT A an T
6 = 6 —,- V,AKD(",8°) (12)

Ho, ny NEEIER, VAKD(O B B 1R BB AKD(OF B4 X 6 ELIRER L, TR 6 6 SR IR 1A A2 2 4 2K bR 50T
{8, B LR BRI

T B B AE AL BFT B (0 80 1) M5 0L, T30 AR LIk 78 40 27 ST EUMAE AL (1 70 AT REAIE.
PRI AN 1A L, AR SCHI NIRRT, X B HEAT LI RAN G 1, B DR ECAE I ko 12 b ORFAE 5 BV B 9. ASCBETHIT IE
UBTIL/ Ul s

Reg(B) = Ay - Z’] (~log(e+|B-0.5/x2) —log(e+1—|8—0.5%x2)) 13)
H, A, RIENGSEEZE I SEL, e RHEL, BUEYY 0.000 1, B 15T 2 & 54
B XT g A LA T R A
min £,(6,8) = mﬂin(—AKD(G’,ﬁ) +Reg(B)) (14)

X BAE LA B AR BRI A 615 3] Dl KAk AKD (0,8) #5195, AR STHE AT (15)-(17) 45 HIE L 2.
BAEMIEAL TR

B = argmin Ly(¢, 5" (15)
X A RIRAL H bR AT R T, 1521 LT Al
0Ly = " opi i X ;x i — ;x 1 — B —
% = i:l,CKL—ﬁRKL+/l,eg (€+|/3i—0-5| sign(B;—0.5) + T Y sign(1-3; 0.5)) (16)
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aL,
B
Horp, gy R BN E, L) R L RFEA x, BRI KL R RKL #5128 B AL, sign () 2R 5 R 7TLAR I B {H
TEMFE AR/ KL $75%, 3% RKL #3125 B9 5 7 58T, W7 AKD (0,8) 155 BB, BAE R Lrxe (p, o) FIBLE. K g H
EHHIH BRI AKD (0,8) 1 R B IAE, 15 6 {8 RESE 3RAT B AT 2N BT

g5 b, AR E N AR VE IR AR, nSE 1 FR. B2, WIdAME BER S5 g, W E 1IE NIk SR
Areg B FIEARRELK . DN EHE £ R BE AL /Nt R AR AT I 25, R — SR I SRid FE b, S NREA x, &3
template 7775, 81 prompt BEARK BRI T TR, S AR R AUARIRI AFEAR x, A B AR g, SRR A= 0} B2
BHNEER p. B, THELANRZE TR R KL 1 RKL, R 4R B IER S5 8 AT IBERF, 15488451k total_loss. 7E
TAMEEMVILGL R G, 22T mini_batch loss 2= AR 154 6. RN, T H IENLHK reg_loss, FH T HEH
TERNSEL . THG K B SEWEIREIAE [0, 1] FIIXIE . ST 250 AR, S 2 (AL A 2 A AL

B =B =y a7

BUE 1. @R AR AR RN G5

BN WABHESE D = (x,y)y,, A 1, 0 AZH, BT 7, HIENZHB, 0 K B #1251 935108 5, Mg,
TR A, W H e, IRAIERIRE K,
Bt 2B .

L ®ItEAk €= 0.0001, IENALGREE A, = 0.5, W EIEARE k=0, HIENZHL=0.1.
2. fork=0; k<K; k++ do
3. B =random.choice(0.1, 0.6)

for mini-batch B C D do

4
5 x; = template(x;)

6 for {x;,y;} € B do

7. THE 2R ARSI R TR g, (i)
8 THE BT S AT BEER p (vilx,)
9 kl loss = Ly, (p,qo)

10. rkl_lOSS = LRKL (p, Qg)
11. total_loss = -1kl _loss+ (1 —f)-kl_loss
12. end for

13. mini_batch_loss = % ZLGB total loss

14. TH 058 9 — 0—n,-V,(mini_batch_loss)

15. reg_loss = A% (—log(e+|8—0.5/x2) —log(e + 1 -|8—-0.5]%2))
16. loss_beta = — mini_batch_loss + reg_loss

17. ¥ B 4 B — B—15- Vs (loss_beta)

18. % g BRHITE [0, 1] XTEIN: B < min(max(8,0),1)

19. end for

20. end for

21. return m,

4 KB5S
AR B AR XA A AT ST, YAt 2E T AKD TR AR KA R A pl O S8 I L BAT Se it iR 2848 5
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1, 30T AKD ikt B0 A BRI B, WBIESE T AKD A TEARRS AL BRAT 45 P B 20k & A AL,
4.1 SEIHURE

CodeAlpaca HH4E B I 248 4 BAG R LLM BEAL DA BAAS. A FH TN 25 7 K8 S #5828 text-davinei-003,
R RIHAIAE S, 5515 B BEES U0 (instruction) #i A (input) AT (output), A 40% s
SER N AR B T AR AR B AR BT . A SCM CodeAlpaca $4s 45 i HL 1000 2% HdE 7 il
AR, T BRI 2R,

Xt AR AT AR, SIS A 2R BHE S5 HumanEval™ B MBPPPO LA 2 2E #5700,

HumanEval: %Al 088 82 — A B OpenAl 3 3 A T- 9Pl K BE 5 B dnFR Ae 10 T i 48 2 8dE 4
£38 164 > Python Zig 1] &, 35 HH A 2545, W LR 1 1) @ ) ot 2 A0 22 4 14, HumanEval #4524 B T 2 Fhoos
B, 41 Code Llama'”', CodeGen"”"'fl WizardCoder™®, LAVEA A4 i fit /1. W1 2(a) Fiiw, SN E AR 5
#h53: 1) task_id, BEAMES IME—HRIR; 2) prompt, — B SCANE R, 48 5 R B AR i 5K 3) entry_point, BRELT &K,
A B ARHE B B 3 N 1 555 4) canonical_solution, FUYEAR, B ME S AR HERE IR T F; 5) test, MR, #7A JLA
DR BB ek B, T PPl RS B A i i RS,

SE3ER]

from typing import List m

| Write a python function to remove first and last occurrence of a given

| character from the string. |

|

def has_close_el bers: List[float], threshold: float) -> bool: -

" Check if in given list of numbers, are any two numbers closer to each o '
ther than 1 | )

i P! (s[i] == ch):

giventhreshod. [ b e+

>> has_close_elements([1.0, 2.0, 3.0], 0.5) k

False

>>> has_close_elements([1.0, 2.8, 3.0, 4.0, 5.0, 2.0], 0.3)

True

" for idx, elem in enumerate(numbers):
task_id for idx2, elem2 in enumerate(numbers):

HumanEval/0 i“d,x 1= idx2:
distance = abs(elem - elem2)

if distance < threshold:
return True

METADATA = { m T

‘author”: 'jt',

'dataset": 'test’

}

def check(candidate):
assert candidate([1.0, 2.0, 3.9, 4.0, 5.0, 2.2], 0.3) == True

I
o
assert candidate([1.0, 2.0, 3.9, 4.0, 5.0, 2.2], 0.05) == False : ve_Occ(hello', 'I)
assert candidate([1.0, 2.0, 5.9, 4.0, 5.0], 0.95) = True ! e Gl
assert candidate([1.0, 2.0, 5.9, 4.0, 5.0], 0.8) = False I %
assert candidate([1.0, 2.0, 3.0, 4.0, 5.0, 2.0], 0.1) == True : remove_Occ(PHP', 'P')
assert candidate([1.1, 2.2, 3.1, 4.1, 5.1], 1.0) = True L B
assert candidate([1.1,2.2,3.1,4.1,5.1,0.5)=False @ = = | =0 | tee e
(a) HumanEval 25 1/MEARE B (b) MBPP H4f 4 A L1 5 78 2 &

2 HumanEval F£4< 5 MBPP iS4 H AT 5= B

MBPP: % #4546 5 75 WAL BN Python AT A4 B BEJJ. B Google Research HIPANE 0 i il, B8 974 AN
NI VHRRT RO T R R AT 5%, HoP Il ZR4E 374 2%, IRAIESE 500 2%, MBPP ¥ S 4R A4 78 in /8 1) SCA IR,
A B FH T A 30 A5 T R A0 A P (sl 461, AN A AT 45~ 306 2 3 /NI R . G 81 2(b) BT, BN AR AT 55
BE 645 1) task_id, AMMES HIME—FRIR; 2) text, —BUCARIB A, 185 KB A L7 3K ; 3) code, MUV ME, & ME
FIFRHERR R TT 25 4) test_list, A7 A JLASIA 1 A2, T VP4l KA AL A2 iR TS; 5) test_setup_code, 34
AT R RIS 5 N 6) challenge_test_list, FH T-F— AR FU Rt 7 2 008 B BR R PE A1 3R, v fdE MBPP 4fs
R IE A R B 305 HumanEval #0055 — 80 A0 HH T 08, S & MAERIE S A S E 5 1) task_id,
FFAME S5 IIE—HFR R 2) prompt, — BOCAIE R, 485 KB AR A/ 3R, He gl X 4.
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B

HOMAR B 1 B 24 R 405 B9 IR I AR AD A Rt 28 X% StarCoder-7B+ Code Llama-Python-7B & CodeGen-
Mono-6B, SR F /M5 B 5 i v f /) IS R 9 22 4R 7Y StarCoder-1B. TinyLlama-1.1B & CodeGen-Mono-
350M.

4.2 SIELET REOERE
421 HTELRR

LLM 75 MR#E 45 5E (1 prompt AE BT A8 TE A (1) ACRS Fad B A DU F ). ity B AXAS A B O HEA 1%, HumanEval
BT Pass@k FE45, B LLM fE R AT 5 5 o0 b, W LLM A S EAERIRT & ANRRS Rl LU AT T 10, A
NZAT S R, T Pass@k FLAT 5 2, AU A A ™, AR oe S r:

ool 1)

Forh, B ORI ARG PRI n RAESS BB o 2 IERIAF AT 5530 ( Z ) R n MES LR kK MES A

s (" R B S (B M) SBH k51044 B, BB
SCR AWV FERR N Pass@].
ot BT AKD 755 (O3 AT 54 0 2, AN 6 0 501 9 S B2 A
O . R Wen 5 A VS OB B AR F KB B S 152 i S, P
FHIE 2 B
22 (RRAHUE RATIF

PEAL A PEAL P2 PR A
AssertionError AEE ARG — AR E ([ HpassiBf). return 0%
BR B4 A5 P ModelsE X 7 —AN B8, (H2 AN B AR E T
NameError B 1A A RRETYAN A FATART 9 25, T 30D N T A
(NS N MR TN T E A
AP 5y Ba AT A AR R 1) 51 B S AN Al
% B 3ok 22 6 R R B B, 5 BUA 2 86 10 H AT Syntax Error
B2l PR H A 2% 4 N R, S 3 ValueError
ValueError H =5 Fraise T A filraise A AS AR i ok 1
GG S BF S5 H B LB 1 28 AU H A IE R (118
IndexError A RV 1] 41 A 2R 5
TypeError I HIERAE PANIE 24 R R GO F R AR
AttributeError A R U 1) % G AN TETE 1) J@
TimeoutError AT ARHDBIAT i B 5 10 T R
IndentationError AN—E [ —FRAG He 1) 45 AN — B
ModuleNotFoundError BDBR TN PR AL (P AEFRAE PEAR SR
KeyError AL BV i) 7 gt AN AR B
UnboundLocalError RIRAE 1AL & TEMRAA 7T 51 = i &
RecursionError T 53 EIA BRI Z I M I 5 1 AR A
NotImplementedError A =¥ Fraise TR A iraise /X it LABR ik 1
T A B ARRY 58 HE R AR RS TERE, Be ik N BT B
AR P ARRE A S 4 A R ARE A 58 8, TovEdE N B B
T E!ﬁﬂ‘]ﬁﬂﬂﬁﬁ A iﬁﬁﬂ"]ﬁﬁ%ﬁﬁi@ﬁiﬂ!ﬂiﬁ A
A B FERE B ARG 38 3 R LA A B FERE B ARG 3 T P A L A5

422 SEIRIABIWE
AR SZIR IR E LN R : CPU 4 96 #% Intel(R) Xeon(R) Gold 6342 @ 2.80 GHz, 512 GB #JH N 7%, GPU N 1 7K
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80 GB A7 ¥] NVIDIA A800 Tensor Core, #:/E R4 V515 UOS M4 ##/E R4 V20, BHIRIIZRF 7.8 h.

ARYEMBS BN R: (1) FRAET /MR AdamW RALSRAEBIRI S5, 22 21 %58 0.00001; (2) VISR
LML IR /IR 8, 36 TE B 5E I HEIR KN A 85 (3) BHi 48 B K NI SCAR K 2 5125 (4) {3 F =T/ ib R 1
AdamW RALRARAL g1 (5) BAERIFILRETE (0.1, 0.6} Z [HAEE; (6) g EII% 2 #H 0.01; (7) TEH epoch YIIZk
FHIGET R g HIEATSHEE,; (8) pAE R MBI R K 4L (9) LoRA AHRIE S HNER 3 fis.

%3 LoRA HZHKE

HSH ZHHUE
LoRA &3 HAr 2 c_attn
LoRA Rank 8
LoRA Alphaff 32
LoRA Dropout b4 0.1

423 FEMETT

ARSCEFELLT 4 FOREREHT R

(1) KDU"™: J@id KL 8B, 5 0L i 3= 2 RS /0 A BEAT P05, 24 B0 2 5 B M MR R A Tk o A 26
I, 27 AR AR AN B T2 >0 3 8 e W % X3, 3 il R s 1) R R

(2) RKDP?: Jit RKL HIURE Fe/Mb A A A58 5 HOigi ] 2 [ HH AR 20 A AR TH AR 28 R R & B =
SRIEARFPE, B S BOMBRY LR SR IR MEEE 0 0 B, B2 AR SRR X S X 3 7 T 0.

(3) RKD+PPO (MiniLLM)®): %54 RKL Hi/3 &R 2818 A5k 4k 252 =] th ] PPO (proximal policy optimization) %
%, BRI AT K RIS HOR, SR TS AR 2 ST RUR.

(4) SeqKD'™: i F TR AL A= ) Kedfs xof 2 AL RS ALREAT R IR 2808, 27 S8 FH BOAR B XA 55 AT AL 1, SR )5
5 FH A= 1 1 N 5 48 3 22 AR AR 25,

ASCARHE Gu 2 A\ PRRFAT, YL KDy RKD. SeqKD % Gu %5 A MR H 1) MiniLLM 1 A 3L 7. Fra )7
FERESER E 5 R — 2L N T AR 7 AKD /A 380vE, BT 7713938 T CodeAlpaca i £ 3E47 1)1l
Zk. Horh, AKD 777535 T KD # RKD BN E, BN BIE R S 4 g MR BIGOLUNEE 4.2.2 1A,

4.3 SIWIT

JPHilt AKD J5EFEACRD AL BT S5 P (R, SEga 4l AUk R LUK 10 A1 .

RQ1: AKD FER TR R E M2 HIAZETE R B A2 i — A Re T I 1)/ S BRSO B B3R 48 2
W SFT JiEAR Ak 25 AR B 2 BT AT B 50, AR50 i @23 #r AKD J7¥E5 SFT JiEMRUR, ilE AKD J7VETE
ARHS A B 55 v F) b A

RQ2: AKD 7712 7 LU AT # 0 KN R 2818 7 12 S 472 e AR A, 8 32 1 7 — RBIFR IR T VE. AW A
) A R R R 2R TR T v 8 A BIARAL AR AR 45 1, FE5 AKD 7 VEECRXS L, 18HE AKD J7 AR A BT 45 L1
AR

RQ3: LoRA JiiEfe Bt — 4 AKD J7ikEMIZUR? LoRA FERLE SFT R BLEF, (HHA AKD J7ikI%L
SRR Z I, A FE R S PRI 18 LoRA J7E R T ReSHE— PRI AKD J7iE iRt o0 i Fod M R sy m.

RQ4: AKD JiikAHECT FHoth 51, BRI FERIE SLUnT2 FIIR 2818 7 VA T LI AR K BT 5 R, AT 90 Il j 4%
Bt AKD J5i2 1 5l N @ BT 5/ R, IR AKD 7 iEfEARS A2 AT 45 i s .

RQS5: Prompt X AKD F7iE I ZRBURA 4 52 mi 2 FEARRE A2 BAE 55 v, $275 7] prompt AR 13 FH A8 5 4
PRANFI R ZZ R — € s . ASHIE F 7] R5 2 Ar A R 3 s R AAR G AKD 77 VK [R5 1, W AIE 77 SR FH 1) Stanford-
Alpaca FEHR 15 2 1.

RQ6: AKD 75V 1% 21 SR W& A2 5 X I 2R 350 SR A 522 AKD 75 ¥ HBSCR AR 36 T 2 80 g 2% ST SRS Hh 1) H 3& B 2

4
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> AAUR BRI S EE B AT 5T A A BT ) SEE R 3 AN TN AKD SR I 5200, 18I 21 SRR B 1A
L.

RQ7: AKD 77 (1% 2] SR 0E 2 2] (I S 502 AR T 6 € 2402 AKD 757% B IE NARIE 240 g B JiR A&
T o B8 (S [ T AR Ak AR 7 il 43 W7 S T[] 52 40 B S A B SR I S, 5 3 0 2 S SR o B, 8 IE
AKD T %5 5% 3] SR B IR 06

RQ8: AKD 77 ¥EAE il AR i BT 2 4] 2 AR B 50 1) J 15 1E 20 ATt AKD FH IR HE T iR AE ARG A LA 55 (1 IR, 18
UE AKD J7 8885 A2 a5 S s A QRS K SR . 55 G RIS, ASHIE 72 1) R 23 BT 224 11 25 R 28 AR ARAD R A ik s
TR — 5 0 AR KT,

RQ9: AKD FiELEA RS A st 8 F 93z AH e J1anfaf? AKD 7732 LA StarCoder A AR Y L Jag. AT 7
7] J B AR 20 BT AKD J7 3R 4E HAB S JRE KA 7Y Code Llama Al CodeGen HIN FHZG S, i83FE AKD J7 ik iz 4k B

RQ10: AKD 7E HAEHRAE F 1z B 202 AKD J7vEfEA RS AE sl A BRI T R i v ge. A5
7 LS E 1118 AKD J7vE7E HAB I 283 25 Magicoder AT ELAk A1 (1) -0 %05 42 HumanEval+ L [¥)3& 5 §E /7.
4.4 LIER55H
44.1 RQI: AKD JiFe G2 % E 1?2

B AUEIEA IF] 1 25 R, A SCH AKD 7 iE ISR R 5 [ 0h 7 A i B T i A S0 5 B BY JEAT 1 0T B S
R 4 fios, A300% FH HumanEval FI MBPP 8 £ 15 9 PR B #E, 3 FEAR N Pass@1 (38 ik 22 FAE T BUTA%
TR BE 10125 B0TiR 7 2 StarCoder-7B, 22 2E RS StarCoder-1B, Horf, MR 15514 29.3% Fil 32.0%, 2
A 457 HumanEval Pass@1 1 MBPP Pass@1 433174 13.4% F1 14.0%. J5 ik 52 R 20 B E HumanEval A1
MBPP 4 5 ERREEERA T T 54.0% 1 56.0%.

R4 R, BUTER R AF ISR VE(E HumanEval 5 MBPP #di & EPEREXS LE (%)

o ik HumanEval MBPP
Pass@]1 KR Pass@]1 KRR
StarCoder-7B B 29.3 — 32.0 N
Sy il 13.4 54.0 14.0 56.0
SFT 14.0 522 202 36.9
Stagod 2N SFT LoRA 16.4 44.0 25.8 19.4
AKD 20.7 29.3 30.4 5.0

A St R AR B HEAT SET (supervised fine-tuning)™, 388 B 870 FH w5 57 2 1) WA B B0 4R THIE B 1k g
SFT % je |k 777%, SFT HiRAe LAY ERE € A 55 W B £ b S8 A 2 8 DLIK BIAE 5538 Wi 1.

S TS G SFT ARAS R [ Gu 25 A CURIBH 7, AR SCAd F FLARES 3078 JLAOE 4 1500 7 J7 VA I IE R 1, 14 )
F TR KB AT S, o % ) 308 1B-4, SCRBI KK LE 512, #t&E KN A 8, Rt T# % Rit, 1E
CodeAlpaca Z#E A2 10 4~ epoch. FRALRIHER #1522 0, JoVkIEMAAE A CRY,

Ty —3BIRAFE SFT Jr ik A 2, ASCR 14k SFT L3S 4. LG 1) SFT 22 ) %N 1E-5, SCAR AR K
KZ 1024, #LE KR/ 8, VIZREIM 18 52, FEfe 2240 30, 5 4 DHHTHEZ Rit. 2T UL LS HOE, SFT IIZRILSL
T 18 %, (il 3 Fronili s % ) B B R REA . i — P TR A S it & N AL, RIR1F T bT
(RIHER 26, T B8 S2 BB IR 5 78 SR T 45 7 T PR . SEIRBCR MK 4 BR, S5 SFT #EF R AR B, X /N3
B HER R IR A A B 4%.

it — AR IS AL AR A SRS RE 5 G R T SFT R RE, A< 3018 LoRAPYR AR BEAT A, B S H0k
B 4.2.2 753 3 fiow, 25 RRH SFT ZORA e F, Wik 1 Frde o 77 16 0048 S F se I e ff k. S8, )
H LoRA F T, FARFHIR IR A IR, BRI AR R

ST SFT 77110 Jm BR 4 T2 2 2 AR A B VE R 1K) 75 3R, A SR AR 2808 77 ISR Y, Jf B2 th AKD 77
5, B ZOM R [ HRIE R B T 2R AR AR R B 4 45 R EOR, AKD J7 AR R (G HERR R TEE 20.7% 1
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2444 BRAFFIR 2026 5% 37 A% 6 B

30.4%, Fi§ FEH 2K 73 59 FEAIR 24.7% A1 51.0%. SE6 45 R W], AKD J7 i m] LR QR FFREY S 00BN I, 2 2% B
RS LR

—— n=1E—4
——=y=1E-5
______ n=5E-5

PiRAE

012345678 91011121314151617 18 19 20 21
gl
B3 505 )R E R SFT IIZRA0 S AR A A ith 22 12

25 LATR, B SFT Sl NS HUIRE R AR A E, SEOREEN MR AR IR AA IR, B R %L MRS,
AKD HiEERSHMA RIS FROR/NSE R, B H A B3 T S 2 S H0R %, stit B E RTINS 5
R 11.9% HIHER R, AR SRR FEA AN 17.2%. BRIk, AKD J5 22 W E 1.

442 RQ2: AKD J5ik =27 L AT I AR 2840 ik F g2

NEGAE AKD J5iETEAAE AR BRAT 55 H A 201, AR SCK 5 2 idh 1 R 2848 5 V2l A7 5 b s sy, 45 SR
%5 Fis. JRGA S AR ZE HumanEval HE 4 FHY Pass@1 HEWRIZ N 13.4%, K B4R N 54.2%; £ MBPP ¥ &
&, HERZN 14.0%, R RN 56.3%.

5 AKD J7ik 5 A ARZEE 715 4E HumanEval 5 MBPP 5484 1 I REXTLE (%)

o ; HumanEval MBPP
&= ik Pass@]1 K EER R Pass@]1 KRR
StarCoder-7B HOTiAE A 293 - 32.0 —
2R 13.4 54.2 14.0 56.3
MiniLLM 15.8 46.0 18.8 413
RKD 16.4 44.0 19.4 39.4
. KD 17.1 417 24.6 23.1
SeqKD 183 37.0 26.2 18.0
AKD 20.7 29.3 30.4 5.0

SKF RKD 775, B (ks BE G TR FF, 76 HumanEval F1 MBPP ¥R 4 | IR FERIR 0 0 FREE 44.0% F1
39.4%. KD J7ikift— i3 T RLIE R, RS BEA 2R 43 A 41.7% FH 23.1%. SRT, 454 7 RKD I PPO R [
MiniLLM J5 ¥ 3 R BUE T 2R, HoAS FE 451 25 8 HumanEval A1 MBPP $035 5 _E 23 N 46.0% F1 41.3%, RILA
B R A RKD 5 KD. X RIS AE AT 45, 5N PPO J A4 K 3 it RE 3R Tt

5 KD il RKD J7 £ LL, SeqKD 75 ¥ & FE LR A v SR B A4 (1), 7 HumanEval A1 MBPP 4 45 I [5G 40t
KAy BIBFARZE 37% A 18%. IX 2 A SeqKD 77 ¥4 I 25 $0 38 ¥ B BOMAS R A= B, 78 DI R 10040 HAME 3R 43 A 2
T EEMEE, R KL B AT DA 250 5 B 2 A A58 2 5] BOM AL (¥ P 5. 1 KD 5k RKD J7 VR I 2RI MIAALE#a %
258 [X 7 2 X1 4341, 5 M A A (1 2 S AR

HEZ T, AKD 7588 B 242w Rk 68, 78 HumanEval 3B B Pass@1 MERIZARTHE 20.7%, K E 5
KBER 29.3%, BIRER) SeqKD LMK T 7.7% HIFE FEH 2. 76 MBPP H4R4E I, AKD 77 ¥k B 534 3
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B EF 5 AT BIE R 4R R 6 AR KRR 82 B, 2445

30.4%, FEFEBRRDUA 5.0%, B SeqKD AR T 13% WIS EERAR, JLTIAS] T 5 UM AL A 24 fI7K T

IR SIS 45 R I AKD 7 VETEARRE AR B AT 55 AR T AR AT VR N iR 280 A R I BE AR I RCR,, BeiE
T AKD FIETEARIS A AT % I B AR .

443 RQ3: LoRA Jjikfeft— 4 m AKD JivIRR?

IIER A AT LUE T LoRA #27+ AKD AikHIMERE, AR LoRA ks AT 2878, o AKD & —1
TR ) ) S RSB B A KL BUE A RKL B 22 SR e 005 1%, R BLAE AR Sz it i, ARl T
AKD [20R, FIF %) KD & RKD AT 7 8250, DLATHI /A 52, SeiG R B S5 M 3 iR E,
B A RN 6 B,

# 6 HT LoRA W8S %1iR 248 7 VA 7E HumanEval 5 MBPP 4 I {1 GEXT EE (%)

o F HumanEval MBPP
Pass@]1 KR Pass@]1 KRR

StarCoder-7B HmRR Y 29.3 — 32 —
AR 13.4 54 14 56.3
RKD 16.4 44.0 19.4 39.4
RKD LoRA 15.9 45.7 224 30.0
StarCoder-1B KD 17.1 41.7 24.6 23.1
KD LoRA 17.1 41.7 22.8 28.8

AKD 20.7 29.3 304 5.0
AKD LoRA i 41.7 23.6 26.3

I RKD LoRA 215/ LoRA FAR#AT RKD, KD LoRA #2715 LoRA H R #4T KD, AKD LoRA &
6 H LoRA £ RHAT AKD.

HSEER 25 45 41, KD J7VA7E HumanEval Fl MBPP (455 F RS BE 4525 73 3l R 41.7% F1 23.1%, 254 LoRA
J5% (KD_LoRA) J&, fE MBPP #i4E - AS AR 2542 =i & 28.8%. ZEfbli, RKD 7% 7E 5] A\ LoRA J& (RKD_
LoRA), MEREWA B B H2TF, AKD J7VELESI N LoRA J& (AKD_LoRA), M AEH BB 3 T B&. X 7] RE 2 P A2 AR 28
PRI I i, BOAS Y S8 o FL A IR o A D S AR AR R T B 25 8, SR LoRA Ak T AN M S 8%
AR B S R TRy, R .

25 FATR, a6 45 R R LoRA ik iyt — b4 AKD A ikIRCR.

4.4.4 RQ4: AKD J7EARBCT HAth 7532, BiRVE FE I L anfer 2

SEG R, ASCRLE T AKD 77955 KD A RKD 75 AE v S8R &7 AT ZRBs 1) F R . iHF MiniLLM
Ti S HEAT SFT, SR )5 TR HEAT HIIR 7818, SeqKD 772 75 Sk ZBUTE AU AR I CodeAlpaca i 145 224k A= plen L
B, PR St B AT R0 TR AR AR, IX AN 5 R T FE N BE IR 2 SR [R) K T At U v, BRI AR SR R LG
MiniLLM J SeqKD.

W% 7 FizR, KD 5 RKD J5:7E % IR FERI IR [0 BT, ¥ FE 54737 MB BA7, YIZERT IR 23 51 2082 s
12055 s.

R 7 AKD Jjik S HARRRZEE T AR BRI AL I 2RI 8] L R bl

LE e GPU 5 H] (MB) YN (s)
KD 54737 2082
RKD 54737 2055

AKD 57809 (16%) 2698 (130%)

AKD 7775405 KD 5 RKD, 5 H 57809 MB 247, {30 3 GB K EAF T4, UIZkI (R4 2698 s, I LR [H]
AN 30%. 8 0 (19 %5 P58 RE AN ) 2 5 AKD 7328 I 2 78 o 75 22 [A) i 31 KL A RKL 2k s, 36 Hidf
H s NAE B R BT, BARXHAINTHEIFE S8 T BAAMIINZRE H K, B AKD J5ikfens B 5 R IK
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2446 HAFFIR 2026 F5F 37 A% 6 &

AE RS RR T OIS R PR B 45K
B, A0 KD K RKD J5 &I SRR I K32 5 30%, RIYIZE &5 H ] 5 AKD 756 —2 WA
SEYGRCR, t1EE 8 AR, BIiiZh KD A RKD J7 v A0 R TR AN B89, U398 5 AKD J5iRAELE 16.9% FIZRE.

# 8 HFIZRES A~ AKD J7idk 5 HAh R Z& 187 1/ HumanEval 5 MBPP 445 L AITEREXT LE (%)

wom i HumanEval MBPP
Pass@]1 i BEA R Pass@]1 KR
StarCoder-7B HUMEEH 29.3 — 32.0 -
KD 18.3 (1 1.23) 37.0 24.2 (1 0.2) 24.0
StarCoder-1B RKD 14.0 (4 3.07) 52.0 24.6 (15.2) 23.0
AKD 20.7 29.3 304 5.0

25 BT, C T HEEL B AR 7 R 150, KD Al RKD /AR E 54.7 GB, 1 AKD J7E{38 N 3 GB. Tl ZRHT [A]
J7 1, AKD 75 ¥ i i VI SRS (A1 39 00 30%; AHE T &, BIE KD #1 RKD 773l 2r 2 A R, EA1F RO
Tt 3%, L AKD J7¥1% 16.9%. [Rlitk, AKD J5 %38 Iin i)l 2l A 2B 151,
4.4.5 RQS: Prompt %t AKD J5 i (I GR35 RAT A4 52

AT AN R] prompt X UM B 1) A= B BT (14 5 e [ 50T ASE 2R 134) A ol o X 2 AR A BN R B8R R s e, AR S
M CodeAlpaca $ 3 £ HF BEAHLRAEE 200 MEAR, R AN [F [ prompt FEAR 45 4 S35 10 9 25 V5 N BUM LR SN,
o N A TR HA 1017 5K S S50 ME S AP 250, 49 B 45 Stk 9 .

RO ANF prompt AR T HUTHR R FUY S R K gE o dr

R B SE SRR BRI I Rl NN/ €A
AR 1 StarCoder 24 11
AR 2 Instruct-Eval 7 0
HihR3 Stanford-Alpaca 171 189

fi FASEAR 3 B, S0 0TASS TR IO T o 3R] O A O MR, LT ME R B AR AR IO 171, BB R TR 1 A0
BEAR 2; PR B i OREA B0 189, thimBHINR | RIVEIAR 2, 72 RN 3 (BI04 o 45 b . 23R T,

Heds, AR SOR 854 A AR prompt X 2% A2 SR EAT R 2808, SRI0 45 Bk 10 Fow, A6 FHAR AR 1 At
R 2 UIZRA 2= AR TE HumanEval 44 LR IL—3L, Pass@1 HERIZIIN 20.1%, KRN 31.0%. /£ MBPP
Bl b, BRI Pass@] AERZN 27.6%, K5I 14%; B 2 (TR RIRAK, A 27.2%, KRN 15.0%.

# 10 ANIA] prompt AN EITR AT RCR BRI (%)

jom S HumanEval MBPP
Pass@] il FEAR S Pass@] AR S
StarCoder-7B HOmA Y 29.3 =" 32.0 -
2R AR 13.4 54.0 14.0 56.0
AR 1 20.1 31.0 27.6 14.0
StarCoder-1B itR2 20.1 310 272 15.0
AR 3 20.7 29.0 30.4 5.0

R 3 £ A 2 AR R E HumanEval 83545 E 1Y Pass@1 MERRZ N 20.7%, K FEEHHN 29.0%, Bkt 1 A1
MR 2 IS 2T, 72 MBPP £ 4 L RIVEAR, Pass@1 1EMZIEF] 30.4%, # RN 5.0%.

25 LRI, Sk SR B IR H 7 TR R 2 52 T BT AS 2R [ A 10T, B T 5 T 2 AR BB IR AR R TR SR B
1, R Stanford-Alpaca fEAREEAT AR 2RI AR A
4.4.6 RQ6: AKD J5 V)5 > Sl 2 XTI ZRAUCRA 722

AT AKD J5iH g XA PR RE A2, AR SC T T 3 Bl BB 5 o SRS I T R T Ml I AT, s ae gh
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B EF 5 AT BIE R 4R R 6 AR KRR 82 B, 2447

0% 11 Js, M1 DCR A B8 RN RHRZE W U5 3%, B B2 T 5 2 S48, (HREAT MO, /£ HumanEval Al
MBPP 44k b HIHERG 3703309 18.9% Al 25.2%, SAHALR IR 2 A BERURS 2 Firfie I, (B iR P

F 11 pAESHIHIER BT AKD J7E AR RE 152 (%)

pom i HumanEval MBPP
Pass@] IIEEEN Pass@] ITEEEN
StarCoder-7B HUMAETY 29.3 — 32 —
AT 13.4 54.2 14.0 56.3
M1 18.9 35.4 252 213
StarCoder-1B M2 19.5 33.4 2738 13.1
M3 20.7 29.3 30.4 5.0

M2 7E M1 £fili b5 ANSFE R U E v g B2 S B A5, A (15)-(17) Frid, ZRmE 5| N BE5 5 g {EI
B RAAE TR 1) 77 AR AL, 1% 5K WS 7E HumanEval ¥ HERRIE T+ & 19.5%, 7E MBPP Lk 27.8%, % M1 ##
Tt 2.6%, VLA SRR R HCR B TR R 14 e

M3 7E M2 il b, ZEF MG IRTTEE g E R F R, DR S HIR R, B R AN R
SeUG 45 IR R, M3 7F HumanEval L yERISRF 2 20.7%, N 3 FSems si i i, /£ MBPP ik B 30.4%, K B 161 4% 4
% 5.0%. % M2, M3 {£ HumanEval A1 MBPP 545 b (045 B 18— B K T 4.1% 1 8.1%.

L5 L FTIR, X T AKD ik, SHp 5 I HHE I HIE N 2 L SRR B S A E B AR L, Bt
AKD J5 ik AT A Rk 7 A 3 .
447 RQT7: AKD J7 k%5 3] 5E0E 2 S S HUR BT B 250

ISR E IS R 2 ) g B RS S S BRI S8, A SOl — B RGT T [E E g E XA MR AR R, B g
BB 2 R E E, BRHETEAR R KL A RKL #EAEH G R AR R I, 50E AKD JriE MR .

A SCESRIG IR Fe g O EME, FELL 0.2 J9-RAE RUTESUR AR Rt AT, SRt 45 Rk 12 fos.

12 [EE BIENIET AKD J7iEk AR BE IS0 (%)

o 8 i HumanEval MBPP
Pass@] R R Pass@] T EB R

StarCoder-7B HImA T 29.3 - 36.2 -
AT 13.4 54.2 14.0 56.3

0 (KD) 17.1 41.7 24.6 23.1
0.2 18.9 35.4 8.2 74.4
0.4 17.1 41.7 18.6 41.9

StarCoder-1B 0.6 18.9 354 16.6 48.1
0.8 18.3 375 11.8 63.1

1 (RKD) 16.4 44.0 19.4 39.4

AKD 20.7 29.3 30.4 5.0

Seab g LW, [ K 6 [ XE LSl AL I BE. 24 8= 0 (I KD J59%) i, B8 7F HumanEval f1 MBPP _E )
TR A 17.1% F1 24.6%; T 8= 1 (XA RKD J777%) B, 1EHIE 5 S 16.4% 1 19.4%. BE%E g A 0 B & 1, R
BRFEMES. KD KM IR0, RKD W B T- @55 SR XM a1, —#F &H I, HE e g ML
FHemL, BR T 1 Re.

L2 N, AKD Jiikilisd HiE R 2] B, BRI T 2UR. £ HumanEval H, K EH B 2 29.3%, LLE & g=
0.6 (R 731K 6.1%; 7 MBPP 1, $5EE 2N 5.0%, % KD J7iEA 18.1%. AKD it 5)251H% KD 5 RKD #E, 7
PR X AR KD & HAE B2, 7EMRAR 3R X 3 {5 B RKD #2006 FI{E B, AT R4 R B R I

SbAh, AKD 3 iR T I 5 g (FJRIBRPE. 40 MBPP H1, 24 8 fk[H) KD (0.2) B RKD (0.8) I, 14 Gy B & T B, 1i ]
] 5 AL R S DU AN [F) B0 A 1, T AKD REAR A £50Hs 23 A RV TR B SR W, 8 R0k S PERE . B4R, AKD [
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2448 HAFFIR 2026 F5F 37 A% 6 &

A B E AL A B _E S IS B R B, BRniE 1 b B AT 21

Zx BT, [ 24 B RefR AR A ROR, (RO A a1 AKD J53%. AKD JrE M 280 B & R 2 S A
VAL B AR FIEUR T e fEgh R, I T AKD J7v: i AN R
4.4.8 RQ8: AKD J7 Az sA RS 5 5 i e ?

ASCAE HumanEval A1 MBPP $Ha 88 R4l 1 4% ANR 2848 7 VA I ARRD Az 5 i, PP ASFRAE R FH Wen 25 AP
HR 20 SEACRDAE ST R 2B, TR0 R 3 A ST N AT N L VPAl, X 45 A — BURE AR T B R 18 i 42 4518 8 4r
A H LA 1R 25 A0 “TimeoutError”“IndentationError” 4% A 7E A SCHT IR ) F01R 2800 7 v vp B, TR AN 5o L3k 4T
R, SR A RANK 13 k.

R 13 FFIRZEJT%AE HumanEval [ MBPP #4546 b 28 pRACHS D ot I 45 2R

PEAL A PR ,?;E KD RKD SegKD MiniLLM f;ég AKD
AssertionError MR G — AN R B, i FpassiBf). return 0% 235 25 29 27 153 108 29
NameError Model%XTf/l\Eniﬂt, HEAAERMPSRAEE 31 7 12 21 35 40 11
RS BATAT N 2, S B0R DN  A 96 &' 1 1 2 28 13 1
A ARG R 1 515 BUE S AT 1 2 1 0 1 1 5
SyntaxError 2 1B KA R B R, SR80 HH A 5 4 0 1 0 6 8§ 0
ValueEror &iﬂwﬁfiiﬁﬁ)\%ﬁ& 4 1 0 0 1 0 0 1
BF 3R AU ) L P SIS BAE AN TE i P L 23 2 2 2 5 2
IndexError i i v A 2R 5 3012 11 12 4 0 7
TypeError KA 24X S8 FH A 15 23 27 38 24 17 36
AttributeError Vi )% G AN TE B @ 1 0o 2 0 2 0 1
UnboundLocalError TEMRAE T 51 F Jo i A i 2 1 1 0 0 0 1
RecursionError BRI 2 3 U 2k A 0 6 6 14 3 4 10
NotImplementedError TR 4,5 raise LAY i foH M 0 0 0 0 0 1 0
s A A 58 2 343 584 571 547 406 467 560
BT A R ARAD A e 2 321 80 93 117 258 197 104
T - iﬁiﬂ’]ﬂﬁ%ﬁﬁﬁ 92 151 124 161 120 208 186
Az B 5 2 (ARG 8 A R T L A8 (%) 26.8 259 21.7 294 206 445 332

MIEfPE VP Al A2 B BARRY IR I3 R, AKD J7VEAERR T 186 AN IEMRARND, BIaa AR 1] 92 N
BERTT, FF HBOEZIMRIAL 208 4, R AKD J7E7ERE R 30 | AR (g AXAD A i e

R ERI R 0A0 b, SF TR Gl @ — A2 R 8L, f ] pass 5] return 0 257, AKD J5iEAUA 29 MR, B
B AR 2 AR 1) 235 N FNEUTBLRL Y 153 A KilEk/>. R8I AKD J5ik7E 51 SR AE il = SRS 75 T A A B
SARFY, B TR AL A AR AR

X “Model & X7 —ANBR%L, 1H2 A BRI 4 5K 2 X MR, AKD FiEERRECH 114, v T KD
(¥] 7 ANF0 RKD J73: 1 12 /N2 [8], S AR T B4R 2 AR LAY I 31 A R BUTHLAL 1) 40 4, Hi iR BRI Z T KD J5i. H
T AKD 773272 %) KD # RKD 775/ Bl R 25 &, X —45 54556 T, HeH KD fl RKD WIHRFE. tbah, Frf ZE
TRTTIEAR LG S 6 2 AR AR, (R L SR A 5 A I 2 R 5, 0 B e VR 2 10 e 1 B A Y 4 O iR B 44 R FH 77 T )
i e

TERETURAE AT AT N 2%, S8 N O S8R B, AKD Y 14y, 5RIRIFH KD, RKD AT, KT R
AR 26 AN UERH T AKD J7VEERR IR 58 BRI T I8 47 M7 T 0 A Rk, RE4R A2 ARG I i 2.

HAFE BB, fE—L G 2R a1 I, AKD 755 BIES R ECE B g in. 40, BB ASd 24 2 B0 587 A
EAE T S 808 TypeError, AKD BIERECH 36 AN, mi T2 AR BRI 15 /. 7E BRI “BR Ak 2 0@ 2 1 46 1B 26111 5
3 ) RecursionError b, JRUGZ ARG HELML 4R, T HAD KR 28087 ML T 3-14 MR, AKD kA
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£ 5 AT BIE R 4R R 6 AR KRR 82 B, 2449

10 MEER. X EHRE R W, SR AR VE SR THE R QBT M, (R HERBEAY X 38 )3 S S R R R I 2R

e BV PG A R B RR T, AKD FIERECH 74, & TR E AR 3 A4S, KT KD 7R
12 A1 RKD 5951 11 AN, Z8lta A e HAab 28R 7 ik A IR (R B, SR AR 213 51 S AR A S4B g v,

e SE BRIP4 b, 2R AR MR RO R R A i ACRS AT 321 A1 197 AR, AKD J7E R 104 A A RGE
BRI, AKD J7 vk M F 0 1t 2 33.2%, AKD J5 i H.

ZRA UL B, AKD J5VEARECT Hofth 7 ik, g4 v 1 ARRS AR R IR 26, I R A i ot & B i AR TS, 5204
PR R BOMRE AR b, AKD ZE i fO AR 78 58 B 1k b SR B 4, I 3o 3R 5 S50 i R 28 g 22 B 3 )N
449 RQ9: AKD F7EAEAFARID A B2 | 1z A e Sy anf]?

NUAIE AKD J7ikHZ AL RE F1, A CHE Code Llama Al CodeGen-Mono R _EHEAT T3 & 5286 LAYEAS AKD J7
TRAEA F R FUARANAT 5% IR R I, 3t — 2D\ FEAE 2 PR AR o 1) 2 1 50 S

SEBGR 5 /MBS (Code Llama-1.1B+ CodeGen-Mono-350M) | K #%% (Code Llama-7B. CodeGen-Mono-
6.1B), 7£ HumanEval fl MBPP [¥] Pass@]1 1155+ R A1 AKD F7iERIRI, L3645 RNk 14 FoR.

%% 14 AKD J5i£4E Code Llama & CodeGen _Ef972Z AL 5256 (%)

Hom S HumanEval MBPP
Pass@]1 K EER R Pass@]1 KRR

Code Llama-7B HOmAE A 22.6 - 414 —
2 AR 5.5 75.7 2.8 93.2
MiniLLM 7.3 67.6 5.8 86.0
RKD 9.7 57.0 5.4 87.0
Code Llama-1.1B KD 103 543 54 87.0
SeqKD 73 67.6 8.0 80.7
AKD 11.0 51.2 11.2 72.9

CodeGen-Mono-6.1B HUmAE A 24.0 - 32.5 -
2R 12.11 495 14.6 55.1
MiniLLM 12.8 46.7 9.0 723
RKD 12.1 49.6 11.8 63.7
CodeGgpNgno-3 500 KD 13.4 442 12.6 61.2
SeqKD 11.6 51.7 12.0 63.1
AKD 18.3 23.8 21.0 35.3

7E Code Llama #{ZY |, AKD £ HumanEval {55 H FHECH AR AR Z8 108 7 00 FE R PRI T 3.1%-16.4%,
1£ MBPP {145 1 F4K T 7.8%14.1%. 7£ CodeGen-Mono #% i1, AKD 4L 34 T N 23, HumanEval {45 /4% B it
RFEARME LI 20.4%-27.9%, MBPP 1145 1 3% 25.9%-37.0%, FEHLH Ul 19758 2 M AT 4538 R 1.

S5 R HA, AE LU T, AKD REEE A &t PRAR S AR ARG FE B2k, B RIS B2 (LRR /). I 28
TR 7510 B REAE A5 /ST RSB (R B 30 43 PR e, (HTE KRR 22 B 2 (R R AR 2 R AH L2, AKD 3885 3R v 18 8 i
WAEIEHLHI, S SR T /MERLIE Z AR SR 5 TSR350 T M RE R L.
4.4.10 RQI10: AKD J7VA7E HiAth Hicds & b iz Ak ae 7y ey 2

Mt AKD e AR & E T2 4GRS J1, ARSCEIN T S 4 i R 4 Magicoder-OSS-Instruct™ i
AT 5288, 5% 3 BB E KPS #E 4E HumanEval+CO% B 34T MR, %308 & A8 T 8 45 HumanEval ZE 4
DR F), A KT 80 £, BEME 7o /4R SRS ThaE b 1A B s 17 0.

AT VAl AKD 73 2 A0 73, ARS8 DAZE Bk SR B i 1Y) StarCoder 1 3L B8R, 3 17 DeepSeek-Coder””,
Xof b AKD 5 R AE A [F] R FRAR A 1 5 2R

CVA BS503R B, MiniLLM J& SeqKD 77 V2 78 ¥ (19 B I S I 2Rt )38 oK - At 7 vk, AR S8 o oA 7 LB %
CodeAlpaca $#E4E - ISZI645 BUNFK 15 Fis, Magicoder-OSS-Instruct $r¥E4E b HSZIG45 RN 16 A,

MF 15 HSLEG 45 B LLS A1, AKD J757E StarCoder Fl DeepSeek-Coder 34 8 3 PR T RS E I 2. X T
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StarCoder R 4%, AKD J7VATE HumanEval(+) 2R 4 K0k 510 20 B AE BRI 54.2% (50.2%) FEAKZE 29.3%
(26.6%), £ MBPP 54 IR IR 56.3% MK ZE 5.0%. HAl /7 ¥%E7E HumanEval(+) Al MBPP #E4E F ks
FEIRAE 41.7%—44.0% (39.9%—42.5%) M 23.1%—39.4%. AKD J5354E 3 Fhiffiti Fedn 45 b 85 Hodth ik 5 90 2 [ A%
T 13.6% (14.6%) F1 26.3% Ik FE 151 2%

# 15 CodeAlpaca Fifi4E AR 77754} StarCoder £ DeepSeek-Coder 4 HEFTEZ M (%)

T N HumanEval(+) MBPP
B ik Pass@] KRR Pass@1 KRR
StarCoder-7B HUTABETY 29.3(23.3) — () 32.0 -
AR 13.4 (11.6) 54.2(50.2) 14.0 56.3
RKD 16.4 (14.0) 44.0 (39.9) 19.4 39.4
StarCoder-1.1B KD 17.1 (13.4) 41.7 (42.5) 24.6 23.1
AKD 20.7 (17.1) 29.3 (26.6) 30.4 5.0
DeepSeek-Coder-6.7B A A 47.6 (40.9) (7)) 57.6 —
S Ay it 29.9 (26.2) 37.2 (35.9) 42.4 26.4
RKD 32.9(26.2) 30.9 (35.9) 43.6 243
DeepSeck-Coder-1.3B KD 31.1(262) 347 (35.9) 412 28.5
AKD 34.1 (27.4) 28.4 (33.0) 44.2 23.3

# 16 Magicoder-OSS-Instruct Z(#fi45E F AR /7¥2:%t StarCoder 1 DeepSeek-Coder 1 GEHI M (%)

pom i HumanEval(+) MBPP
Pass@] I IEEES Pass@! I EEES

StarCoder-7B ELQliiy: Bt 29.3(23.3) —(7) 32.0 -
Egary: bt 13.4 (11.6) 54.2(50.2) 14.0 56.3
RKD 18.3 (12.8) 37.5 (45.1) 24.8 2.5
StarCoder-1.18 KD 18.9 (12.2) 35.4 (47.6) 25.0 219
AKD 19.5 (13.4) 33.4 (42.5) 28.8 10.0

DeepSeek-Coder-6.7B HOTABERY 47.6 (40.9) — () 57.6 -3
AR 29.9 (26.2) 37.2(35.9) 42.4 26.4
RKD 33.5(29.9) 29.6 (26.9) 46.8 18.8
DeepSeck§oder-1.38 KD 34.8 (32.3) 26.9 (21.0) 47.8 17.0
AKD 36.6 (32.3) 23.1 (21.0) 48.6 15.6

% T DeepSeck-Coder R 7R, AKD 7715 7F HumanEval(+) 354 b kS B 17 25 22 AR AL () 37.2%
(35.9%) PEILE 28.4% (33.0%), 7£ MBPP ¥ 4E RS BRI N 26.4% FEAKE 23.3%. H AR F772:#E HumanEval(+)
I MBPP % #5482 b (K4S FE 1 2 MIAE 31.1%-32.9% (34.7%-35.9%) Fl 24.3%28.5%. AKD Jj R4 3 Rl Hd 4
A A LV TR I BRAR T 4.4% (2.9%) A1 3.1% KRG EE 2%

M 16 BISLIG AT LLAS 40, € Magicoder-OSS-Instruct ##E 4 | %F T StarCoder RFIH A AKD J5 ik AfE
HumanEval(+) $#E4 b (K45 15 2 W22 AE R 54.2% (50.2%) FRARE 33.4% (42.5%), 1£ MBPP $E4E b (1)
FEAR I 56.3% BEIRE 10.0%. Hefh 75 ¥4 HumanEval(+) A1 MBPP 3/ 45 b kS B2 457 25 I 7E 35.4%-37.5%
(45.1%-47.6%) 1 21.9%-22.5%. AKD J7VE7E 3 FIiTAl S 4 i Hh 2l 7 P BRI T 3.1% (3.9%) F
12.2% (PN FEA k.

%t F DeepSeek-Coder RFIIEA, AKD J7i%574E HumanEval(+) Z0#E 4 & RS FE 37 8 M2 AE BRI 37.2%
(35.9%) FEKE 23.1% (21.0%), /£ MBPP £ 45 L HIRE FE R N 26.4% PR R 15.6%. HAth 5 ¥57E HumanEval(+)
H1 MBPP $¥a 45 b (f145 1 3 2 M FE 26.9%-29.6% (21.0%-26.9%) H1 17.0%—18.8%. AKD J7¥ETE 3 FhiT A $dk4E
A R v T VT BRAR T 5.2% (3.0%) A 2.3% [k B k.

G g IR, AKD FVETEA R BN ZREE 4R KT Ahbr v o, 35 8 0 3 AR A 204 (R0 R P 2%, 3R FHARAD AR A

© TEBREEEEIEDT  htp/ www. jos. org. cn



A EF 5 AT BIE R 4R R 6 AR KRR 82 B4, 2451

PERE, BAIREHIZ AL RE ).
5 HRERKIE

RAE 5 B AR AE AR A AT 55 vh R B €, (B BRI S HOMBAN B A7 5 5K IR M) 7 L SEPril & . /NS 30K
T HBRAAH KRS HONE S BALZ) 15% KRB, E R/ NS HOOE SR & SRR T . T8l
BRI R, BN SFT JHETCEIRT NS BRI L RE, Joi% A2 S Pr ML 75 3R . A SCHH AR A A 55 P ok
AR PR 5 K V5 BT A LALE SE BRI o S () 1 R, Bt 7 — b & R IR RTR 8 7 1% (AKD).

AKD J7ikii it BodE RN A A KL A1 RKL HUBE, B DR ZO0mAR B i 1 1R 2808 3 2 AR AR ey Sz 25 R0 0IE
1 prompt [ E L, A3 (1) prompt BESE T HUMRR R K ACRD A e Bl i, $ie iy 2 AR AR 2 ST FRO A3 R0k s AL T i P o
—[¥) KD 2 RKD 77i%, AKD 759 & 3 FRAR 1 2 AR SRR BT 20 RBER ( R BE 15 2%, IEAf < AU 5.1%. A,
AKD 753 ek ] 5 HLH R R, SR 2 St ) 2 A B R, 2B R e TR, AR BRI AEDT 1D, AKD U5
(¥ 2 A7 4 KD 5 RKD Jrik I Zep i A7 ¥ 54.7 GB (U0 3 GB, YIZRIS [RIE 0 30%, (HARSH 1 BT84 B K
FeAER 2 A R R FE 12K

ATCRIEIE R E &2 2] v BAE K5 5] SIS HEAT I, /£ HumanEval J2 MBPP $ds 4 _EHEAT 2 415050, 1IE W]
TR pAR AR BRI R, BRAh, XA R S AN TR R B AR R AT SR VR A, K AKD JTiRAEE
TR L e L L S ARG FROHS FEE 412K, LR WL AE R B V2 A€ . 550 51 N8 2 0 $d 4 Magicoder-OSS-Instruct
ANMEE 3 151 () HumanEval+ 1Al Bt 48, it — IR IE AKD 759 /8 Hofh B 5 iz e g

(Kt AKD 77V e % R i B BT b 2 AR R0 2 ] i A iU 38 07 5K, A 8RR AR 2 AR TR AR FE Bk, B
e S B L AL

ASORARA) TAE EEAIFLLR 5 ANJ71H.

(1) S AR A R B AR SO A B AR S A MRS FRE 1 SR R il L, 8 vt OB A i B A

(2) WHFCE R UL Z A8ty T S BT B, i AR 7 6 BT X 2 HO0BEE 1B-7B IR, Rk, A&
SCHHRIYT AR BEIR, 24T SRR (R TR 201,

(3) WAL BHIETH AR S IR AR R AR ARAC VLS54, 92D BRIV FE- 5 I RIS [R], e wm 280 A 2.

(4) ¥ & B A [FIAE TR 20 2 T8 AR 780827 20 - ARSI SRR 28 18 7 i 90 e B AN TR R 20 22 (] (R 2800827 21, B
iE AKD J7 VA7 5 SRR 8] (38 A AT 25

(5) ¥ 2T 2 At TREGURAT 55 AU AKD J5 98 58 2 (3 TRE UL 55, 3t — P IR ey
A H A U TR
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