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R, REs R AW, ERAE R RADFHZAN XA A R 3 AESH L, CodeLLMTuner 48 F 345 7 %
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Abstract: With the rapid development of large language model (LLM) technology, many Code LLMs have emerged to support tasks such
as code generation, code completion, code testing, and code refactoring. Different models may show significant performance differences
when processing the same task, and the decoding parameters at the inference stage will also have an important influence on model
performance. This study investigates how to efficiently select the best model and its optimal decoding parameters for a specific code
development task. Existing methods generally divide model selection and parameter tuning into two independent stages. Due to the
differences in sampling strategies at different stages, sample data cannot be shared, and the computational cost of sampling and evaluation
is high. Considering that the decoding parameter space of different Code LLMs is the same, this study proposes the utilization of the
propensity score matching (PSM) algorithm for conducting weighted adjustment and aligning sample data of different distributions to
improve the reuse efficiency of sample data and reduce computational costs. Therefore, this study proposes a framework CodeLLMTuner
for Code LLM selection and decoding parameter tuning based on sample reuse. The framework includes three stages, including the
independent sampling stage, which performs decoding parameter tuning (such as Bayesian optimization) on multiple Code LLMs in
parallel and conducts data sampling and evaluation to collect sample data. Additionally, the model selection stage adopts PSM technology
to align the sample data of different models and selects the model with the optimal performance expectations. The decoding parameter
tuning stage of the selected model reuses the sample data of the selected model and continues decoding parameter tuning based on it to
fully explore the performance space and significantly reduce sampling costs. Experimental results show that in the three tasks of code
generation, code summarization and test case generation, CodeLLMTuner improves performance by 10% to 15% at the same cost
compared to the baseline methods, or reduces the cost by more than 20% under the same performance.

Key words: Code LLM; automatic code generation; model selection; decoding parameter tuning; propensity score matching (PSM)

KIE SRR P & B HES) T Codex!™. StarCoder™. Code Llama™ 24 LH0 KRN GitHub Copilott45
BRETF RN I Pl X B | R R RS S R RAT 25 VIR ARG S A 32 R 8 B ARG A i ),
FRASAS A O ARG IR AT i 2 VAT 55 4 R KRR PR T 22 BT TR RS S 5, iR B ST 2,
X Z R AT DA M ARAD AR A At (1 285 TR, AT S M ARG T A AT 45 () 1 B A S0 e R 48 RS KA 2 52 R T8 3K
PRI RAT S50 0 5 B, dnARAD A BlAT: 45 A AT 1) 1 s bt AT 4t P 4510 26 A 45 AR IS 78 53R T R RN 1 R i Hg S AN
BT G546 SRR A RRD KA B TR 58 R AT AT S e A B E R, R S S ER BRIt ER A
FE AT R TAEER SR, 5K 1 R, F—BE A RIS S 80 UL AS R B ) [ — RS S 505 X B
AAG A AT 55 IEAA 26 T BEAFAEAR R ZE 0, DRI IHGFH P 38 BT SRR e BT R 75 SR 5 A1 AR RS KA 2 5 RS 5 4.

F 1 AFEAARRL KA HumanEval % F A [F)HE 692 50 I RE (%)

PN S PEAN4EFR  temperature=0.2  temperature=0.4  temperature=0.6  temperature=0.8  temperature=1.0
pass@] 48.18 45.65 44.90 43.31 36.59
Code Llama 34B pass@4 60.42 62.82 67.35 68.83 63.32
pass@10 66.34 70.10 77.92 81.02 77.66
pass@] 27.95 28.96 26.79 26.92 25.10
WizardCoder 34B pass@4 39.52 48.42 48.39 55.82 53.85
pass@10 44.71 58.05 60.01 72.47 69.82
pass@l 49.84 54.77 52.89 52.40 52.34
PhindCoder 34B pass@4 61.69 71.02 74.19 74.13 78.07
pass@10 66.71 77.43 81.74 81.77 87.17

SRR, TR R AL S R AT IR], ARIE KRR AR S B0 R T ZEN 2 AR D 2 Bl AT SRR RV A,
B A 2 B s ) ik B A B, JFAE MR 3L v Benchmark 3P4 B % 43 (O T B 0k 2 A P g SR ARSI %
R4, X — I R385 2T FE S TR) RN B2, T DK 1K) 2 45 2 [ 5 03 A QAT RS 28 (1) 00 it A4 SR ST A
RGN, VLR 1 ), ERAEHE 3 MEIER S 1| D SHEET 15 ANSREE S, EX T AR A REA
HumanEval 3£ 164 TT55 H (1 &R T 45 35 52 A2 AR 40 4% DL HFRARAD 47 VP4, DA 53042 RS 38 5 %6 1) 22
18, i K EE N 400, Mi% 2% 75 B AL 15%164x40x400 = 39360000 1 token, LA Together Al *F- & HIR A A1 4
4 31 TG, AR R RE B 5 S HOR R TN AR FEASREE AT RS 1T, Bk, K
TR 35 % 5 AR 2 MO D0 10 3 PR AE T Un AR 76 PR AR T e e 5 B A R T A 2 U,
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(b) CodeLLMTuner i FE 71
K1 A&7 CodeLLMTuner /7 ik MHRAE R E

LA AR AL HR R A Transformer ZE4244), KA [F) (A QRS R AR TR A5 56 A AH () 1) AR 24807 [ 17 ) 17
43 ULAC (propensity score matching, PSM) 5355 #H [F] 2 4502 8] B A AR, BT LUd I bl i 22 1) 77 sG55 A [\ 43
A RIREAKE . BRIk, A SCHIN PSM 57, 4 40 £ SR ms P IS 62 1) i85 A5 8 S A 9 AR 30308 2 A R A TR e 936 S
It 5 S 1) B A [R) 7 A e A B dhs, DA SEIRAS [RI B B TR RO A B P R BRAICT T B iAo, AR SR Y 7 8 Tt )
PSS ULEL (PSM) 592 A CHY KB % 3% 5 2 B0 HE SR CodeLLM Tuner, iZHEADEACHY KA G 3 5 24 0R i
2534 3 NP (1) BhALRFEM B, CodeLLMTuner 7EREANAHE KB _E AT HAT RIS S HORAE (n DU i k)
PAMCEERE AR (2) TR R0 B, R PSM RN 55 AN RIS RY HORE A4S, 85 2 452 ST I SR B Tl 4%
DATHEAR MR PR REHAEE, Dbt H PR RE S ER SR A IR AL (3) SRIEARE AL R RS S B0 AR B B, CodeLLMTuner
HARIERITITE S | B BRSO, A A kSR AT R, AN TR/ R R PERE 25 1A], 38 B8 2 35 PR KA
K. CodeLLMTuner {E4—ANRIH™ R IHESE, REME 4R A 2 F S 40RO SR B AR B 7 v, B4% DU iR A Ak T
BT RFEJT .

2R E TR, ARSCHI TR R

o Wit T —ANAry R ARE K BE S S50 AESE CodeLLMTuner, M RAE . ARALIE R S5 3RIER
RIS ZHORRIX 3 NI B, AR RS 1 B B AR P HlE, A BRSA T oA MERE 2 B4R &R 4 Bl 3 2 BHR, JF 3
FREE A2 P 2 B0 A0 SR B AL 5 07 vk,

o SR T — L T A VT 43 BRI A [FARRE KA BUAS [R] 43 A7 RS A PRl B (o0t 55074, R 2AE %22 21 07
540 30 X A6 1) BT 43 T 5 1 R T P AT 2% 1R AT YIS, DA R A A RIS R AR R 1 1 e SR TN 2%, AT R FHZR 1 B Bt
FEATT AL 54 12 th A i Y.
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o EFXFACHDAE Bl ARG, IR 45 A il &5 59 84T 45 1 Benchmark %F CodeLLMTuner 5 H A JE 2% 7y i3k
AT T VER I 9258 LU BITAY . 45 AR IH, AR T3 28 7 v ik BRI AR B 5 280, CodeLLM Tuner 764 [7] A R A
P 10%-15% FITHERE, BUEBIH R LR FTE 20% LA MR,

1 HEXIIE

AFE 7RIS RIE T RS HOR I TT 55 2 R £ e S HORI 7.
11 KIESHEESHFMRGE

FENLER 27 >3 55 UR L 2 1 AU C A R B SO i LA, 78 K1 5 AR YT I 7 T T T WIS A2, A S HF
T LA 73 N HERLL AR S HOR I S I 2Rl FE S HOR L.

FERTE &5 R HE LR B, MRS S B OTE M 1 5 AR 2 it 45 SR, SSKfoxt HE BRI Ay 1 A0 EL A 2 W DR
AT SR S v s F R A 7 TR AR O AR X B S PR RS S BT T #R%R . EcoOptiGen! @i v 7 id 72
SENT KR AT B AR R IC B 8] (R 5% AR, {6k DL S8 D0 A P e P B A U ) AL, SCRIR [16] B 0 5 g A
AN () fo A R SRS AN C L, SB35 R 1 5 AR, SCRR [17] 5 2 B0 8RR R AR 4k 2 B 2 R ML (multi-
armed bandit, MAB) [l 8, JF- 5| NPIZR 73 )2 7535 A RERRBCE 23 0], BRI AN, R SR inlE h S 5% )8, KiE &
R A P 45 R A T 5 SR A A BRI O S B R N 58 A G, TRLMAH O AR X A e i B4R R 1A BEAT TR R
EvoPrompt! ! %3054 S JE AR 8 I A4 s A R AR A A 0T B8 DA SSCHE Rl AR, WA S B K 18 5 AR B A A
MPT! I 2 AR FR AR R AR A8 PR R 2 > 0 ¥k ST A 4 DU & LA AN T H AR 55

K F RS HOR S WHRE IR B BRI, 78 K05 5 B REAT I ZRa ORI, 2 Hos 0 iR i 2 1 g
A B, KA AR i S B R S H0AT T IR R : PandaLMPHR AL T — AN T KI5 5 BRI 2
R A3, F2 M B TSI VRS Benchmark; i SCH#K [21] /] MADS 5 NOMAD 4~ B & AR &k B
R (LoRA) i 7 24T S HoR L.

SR, LR O VR A B R R R 1) 51— KT8 & R A h AT T B AR, T S B R A v 7 1E 2 AN RIE B R A AT ik
¥, IR BEAT Al p E B R 1.

1.2 SEBEELSHBEMSGE

W 2 s, BT T 2R K& S H0R L ARG AR W] 4308 4 28 G Bk A 2 5L (combined

algorithm selection and hyperparameters optimization, CASH). #M P50 T7ik. TR S ZMBHE T

Costryy=K*Costyoasert COSleansrune (AiMcom,=NT1)
CoStryq=COSteapsrune (dimeasy=N*K) B | Codex | ISampled pOintSl
o LLM - - |Code Llamal i> |Sampled pointsl i> opt LLM
r A \ r 1 \ = . =
|Temp [ Itop-k | ITemp I | tOp—kl e | CodeGen | ISampled pomtsl
L J '
! t Conf| <1 [sampled points] <1 [T | top-k
P opt_Con ¢ ampled points| <\1 | empl | op l

(a) CASHUT i (R4 R Z BB HORM 5, i U ediidk) (o) 26 752 CCRpda R 2 B S B0 IE, o il il k)
CoStro=((K—1)xe+1)XCost conirune (6<1, dimpy=N+1)

CO8t1,,=COSleonirine (ditgu=N*+1) B, [Coder J[Temp| = [topk]|  [ompledpoms] — pomitst:
[Code Liamal [ Temp | ... | top-k | [Sampled points] Performance
predictor
Code Llama
}l LLM | Temp I I top-k | [ CodeGen || Temp | - | top-k | [Sampled points|
L J
| CodeGen T S A 1 @

sl AT |opt_Conf |<:| |Samp1ed pointsl < | I Temp I | top-k ||opt_LLM|
(b) FeAIT5 i (ISR AR SR A S D B BOm A 7 1) (d) CodeLLMTuner (3Z ¢4 K2 K0S HORILTri%, wn DU i4k)

K2 RIS R SHORIL AR
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CASH % E A AutoMLP? i () SCH B 70 1) 8, & 5HZ AT H /i C 4P 7 K& TAE. M R a4
IR SVE IS ECE AN E, BB AR RSN S 5 W EH A — A KB A S0 ), HAEIZ S S50
FRHATSHOAAE. B0, Auto-WEKA 2.0% R i DU {44 [ 048 2 B A 2 50 LB KR g, Rising Bandits™
¥ U R ARAL S 208 2 PRI 45 &, TEIE B S 03 1) A 20 B BORHAS A OB RS HE A7 . DivBOP 5 N T ik %
FEERE & (BRI A FiC 2 AR B ), I3 T Z 38 AR A S DAL ek Bk 18 5 55 T DU AR Ak R 48 &R I A2 Auto-
Model PR FBLA WF 7 K T A SR R 408, SRy 8 AT 4535 38 o A 3 RO Lo 2 SO B0, g DL Al Ak 5 AL VA MR 45 &
BT SHORM. R B AT SITE CASH [l - HEAT T 172 BRI, (E7E AR B BRI AR S 8008 L 1 28 & )
i, TR MR A R S80S, R E BN A R IR SRR IS S 5 S B T T A .

7B T3 AN SRS R S 4 7 AR R 39 5, O VR Y 7 51 SR N — R S U NS 507 ), Lt 2
PRI (10 2 $R A 1) R Ay BBE Y (X S 50 10 . {3201, Otter Tunel V4 H N 22 B2 {5y — AN A AE I 2 %%
25 1) (AR S ResTune 52 Hi i lasso B2 24 SR FRTAGIZASHESE; 0 Ant™* Vs i DL i Sp 0 4 7 i Sl IURRE B 5 S 5010
WA, BT 2 T B AR R T 31 5 43 BE (0 S 50T Re NG 2, IX R R AR A U A0 S5 B 2 D vE EAT IR R I
A Fe R TR S R, T E A5 PO R 4 R S5 T B SR I R R SRR

IR 2 S 5N NS R AL X 7 (1) 2 30025 18] 10 1 RS 40 A R AR AR, AR AR A R 43 SR 55 R0 B AR 3R 5E.
T IRAEIRIAET I I R AE ST SR RE A SR LA 2R BEASE AL, SR S5 IR R a2 I iR R e 2
EUARIRSE AR, DA TR [RI 2R 52 10 P R R R IR R 8578 5 2 5. 14, Bodin %5 A P73 F BEHLAR AR S D1 RSS20 T
Fo; L2SUORRAR IR 85 (1145 5 7E H A o 187 4 R E S LA % 58 0 (0 $OHE dE AT SRR, 2% 5 V208 3o 44 0 M s 2 1) 1
B A ; 1M Tighineanu 25 A PV P ey 075t RE4U0 &k B A R 4 P DLk Br A4k Ay J S A B ARk e 2. R, ok
ZE 7 e n] AR, R bkt A ASRAAE 1 B S R A T L S S SRS B SZ USRS R M R T AR 2 11
TR B R K, MIRIR 5 B LR BEME B 2 A A — B 2 i X P RE T 1 142 2.

Z W B LA TN 2 AR SRR ) R 43 g A B 3ok 43 i AR 2 B0 A 10 A D ARk, T TR BB e TV
KA, 154 T ESFOR MR B s S8 5 TSR 7%, SR H R R 1EAh- B 1
R E R FE AL DL B f U0 o5, i DU AR Ak . AL VRS s TR ALE R ik, Bt REX T
AT 356 16 B T 5 B3R R S F S AR T (B 9%, 40 it {5 BB vk (Akaike information criterion, AIC)P ¥4
A HNTTUI A5 25 3 AL R A P 457 2 FR: TE 35 22 A0 L3743 Ly U] (Bayesian information criterion, BIC)™ FH R 4% K
NIRRT ALC 755 30 Fh 1 5 MR U (bridge criterion, BC)PE RELEHIIR A F 45 & AIC A1 BIC ({11
B, FAEBIFIRBCR. AT, FR 5 EAGE T LA 22 SRR, T A& T ORGSR BR — A iU AL, 1X S5
KB S A BT RS R FH B B 45 7 152 PR, 32 Rt DA 7R 32 1R VR A A AR

ZREE CASH ik FHMITIE ST/ 5 ) AL 00 il 1, AR SR FH 2 & 51, KA 80 i 3 5 2 0 JiAl
S5 LU ILARAD KA Y 1 8 5 S B0 A0 IR . BT U IR RS B 7 VA AN 1 A TS B, =5 18 3 14 e 11 2 5
e PR ARRE B BT it 42 AR AR 15 2 B0 25 B0 A AH [R] (90 1 00 1 R A f1E RO B 26 B vy, A S DU ZRY 1 RR A EE A
PR (A AR IR 2.

2 CodeLLMTuner

AAT 4 CodeLLMTuner HEZE, h1& 3 iy 3 MR Bk, Horb, O =ML R PITSEORIUS R, Bk
TR S SHORNE R, AT R R & LS RO,

MST SRR BE: CodeLLM Tuner Xof MG AR T 34T M S7 SR F RS 2 O A0 SREm (G DL S AR0AG 585 7706 IEAR
SRFERIVEAL DASCERRE AR, 78 K DGR AU £ Bk S H0R It 2.

BRI SR B 2T PSM 759, CodeLLM Tuner {3 A A S K4 22 4T 55 27 1A 1F 70 15 PR RE TN 45, %70
LN SRR S HOF PN B EAZ S S B U F 2 RPERE, t vl vk S MY A 1 RE YT S8 IR i %
E AR,

ARIERET ) fift i 2 B0 LT B CodeLLM Tuner fERIGAR | i FREA KIS AR SEHAT SR 1 (Y BOR 8 =02
HORILERE, £ N YOSAUS LS HBOR L AR I ik e Ui AS 2 4
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AR B ORI {1 PR AR B0 DI R 1) DF 2 5 RIS R PRk
PGB ZHOR 50k PERE TR A8 IF LA S S AR R P RE ST 2, B E I ZHOR I e, 7R 4kt
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55 5 —I
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3 CodeLLMTuner Z&#)75 =t &

2.1 JRIRAEEMER

R SCHTIA, DA ) CASH J5i%-5 Fr 51K J5 12 R T 2 K 1) 2 B i v S R I8 5 9 AT BIR %8 1) A2 e LA
A KRR 2 £ 5 2 HOR AR RO 5 oK, RIASOIE T 2 i BO A & 07 1%, IR SRR Br. B PR B 5 3Rk
B TS S HORILIX 3 [ B piZ n 7, e SRAER Y BT TUCAk T (A b - 5 2 B0 L P B T O RE A 4
B 1 ARG KA SRR AL 5, 23U PR BB R A 2 T EOBA A LA 32, DRl R A SO 2 5 N Hodfs B D 3
W%, DA e e A K.

SR, AL PRI BOYT 5 B RE A B 20 A1 5 2 MO A T7 15 IR A RO AR 080 7 A AN ), A6 45 3 L LK S 40
UEDCAE A Kl = P A R . AR RS R e 30 368 5 SR PR LA LKA 300 PSSR AR 14 77 e B 2 1) ) A 240808 AT
SEARCTE AR L RE S 2R 0 2 B0 D07 1% Hh AN R ACRS KBS 2R 18] 1 B 7 A1 22 55, 38 5 WSO AR 2R TR AN [ 70 Af o A 5
I BEA B 73 A1 B0 22 S A A5 B PG E P AR A & S B RE Al TR HE. I 1ET 4 Pow, Herh SRR FORPERERERY, KR
ANFEARE, AR SR M R . AR 4(a) P, RIS T B AR, el T2 B0 AR R BOITUSCER RO RE A 2
P B A —E R, BB ATZ A A KR T 5 A1 RE 1 B 55 A5 A PR BB AL RAE TS SR AR EAS B a1 45
M SAE AR BN ZE SR T H, 78 2 MBS R 5, B 4(b) B, B () RE A s 20 A 1) 22 548 T 73
DA TR R RE S B R 2. T T2 HOR MR F Be, DA TARTEH, B0 H 002 B0 0077 508 5 7R 2 R AR AR
DA £ R B S SR N, T AN R 0 A B RE A R 2 IR ANA7 AR IE AR SCIEK, M DA SE AR AT
Model,

Pe’:.ﬁsh>Pe’:4f§S[I
Perfiei<Perfi

Estimated

Real

Performance
Performance

Model,

Configuration space Configuration space
(a) AN AT R REAE I 5 1 S (b) BB AR A K 7 A 2 7 S B R A
ZEAH (KRR H S8 B R S A C N El T e a7 N il i)

B4 f PSR IR AS [R] 3 Ai BE A SHE A 1 O 18 e 0 2 0
6] s A S0 B2 0o A 7 ) AS [5] J Afi A A B0t 1EAT RE B, A DG B T7 3500 55 A 7] 23 A1 R A B, LA S 20
DU HEMS SO IO RE AR T SRR e ) B F I P fme U B 2. AL AR, CodeLLM Tuner 7E 43NS - i 4
DU A 58 7 VK (R I BEAT AL 2 B AR, 75 20 R rha ACRAE R PR AL AU AR AR SR, 75 K UGS 5 25
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TR, PTWSCER BB A2 00 T J5 B T SRS R R BT B R i e A 7.
2.2 RELEFEMER

F 0 17 - DL C B3 T LS R ASORS F 8 46 AN 1] 20 A B0 e A6 D9 A [ 93 A (R0 508, AR SCAE i 55 5%
BT RAE B B AN R 70 A5 B K, I DL AT A0 1 20 S5 P RE TN 2%, FH T TOU00 25 5 00 41 9 2 DAk e L
R HGRAE A 5 Fros. X T8 S IR, BOv N T AARROR LA B, B o B AR RS B K 5 LA
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b i A0 8 B A SR A X, T (R AR U Y L D S = {0, 1) MR K% ol v B Dy 9 R e U R R 2 1 il
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[R it 4SS0 %% temperature. top-pPl. top-kP*). repeatition penalty £ length_penalty 2 5 26, X B 2 80E A4 AT
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30%. A3 1E HumanEval-70% b 7E — 5g A T A FH 8% 5= 42 77 VA HEAT ACRS R AR AL e 5 5 il S B0 £ IR0 ¢ P ie
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T 26, BEEFE ARSI SN, AN T7 5 ) P e S5 B TR0 44 1 23 R 1 R U R 2 B TR E R R AR A 1R T IR,
TETIOIP: BE HA BN, simple average HIZU R £ 72, 1f] without PSM 5 with PSM TE &R/ 15 3 T 2 B AR, 5 K 7E T,
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