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Study on Structured Constraint-Driven Guided Statement
Completion for OpenMP Automatic Parallelization

Shen Yuanyuan, Li Boxun, Shang Lei, Zeng Jianchao, Qin Pinle”
(School of Computer Science and Technology, North University of China, Taiyuan 030051, China)
Abstract: To address the issues of insufficient parallel semantic recognition and lack of controllability in the
free generation of OpenMP directives during the automatic parallelization of serial programs, this paper proposes
a two-phase OpenMP automatic parallelization method driven by structural constraints. Traditional static
analysis methods tend to be overly conservative or produce false positives when complex data dependencies,

non-standard loops, and boundary cases are processed. While general-purpose large models lack explicit clause
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boundaries and variable constraints when freely generating pragmas, leading to false parallelization, clause
misuse, and variable phantom effects. To address this, we construct a parallel attribute prediction model,
CurParCL-X. Based on a joint representation of code text and data flow graphs, we introduce a hierarchical
attribute structure, task-difficulty-driven dynamic curriculum learning, three-view consistency comparison
learning, and an error-driven feedback mechanism to obtain attribute-level priors for downstream completion.
Subsequently, structured constraint signals are constructed based on parallelization decisions, clause states,
attribute confidence, and variable candidate sets. Constraint-derived candidate instructions are further generated
and organized together with candidate loops into candidate-instruction-guided structured prompts, enabling the
large model to complete guided statement completion within explicit semantic boundaries. Experimental results
demonstrate that CurParCL-X outperforms existing baselines in parallel attribute prediction tasks. The
structured constraint signal effectively reduces misgenerations in unconstrained generation, enabling general-
purpose large models to achieve more stable and interpretable parallel guidance statement completion capabilities
without additional fine-tuning.

Key words: automatic parallelization; parallelism detection; shared-memory parallelism; OpenMP; large

language model; contrastive learning
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Fig.1 Diagram of a two-phase OpenMP automatic parallelization framework driven by structural constraints
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OMPify!® 0.872 0.938 0.966 0.849 0.755 0.690 0.848 0.689 0.700
UniXcoder™ 0.868 0.935 0.963 0.845 0.794 0.675 0.838 0.649 0.738
CurParCL 0.881 0.940 0.966 0.852 0.800 0.731 0.851 0.723 0.741
CurParCL-X 0.887 0.943 0.972 0.853 0.833 0.779 0.881 0.749 0.774

ki — 25 BIE CurParCL-X Hb 45 1 i A e X
IEAT B PEBMAT 55 B BTlk, HEAT TIHRLSEE, 45
RN 2 Pron. R 2 Al L, JE TR E R4S

¥, R R L R BB A5 2 42 T, JC HAE private Al
reduction J& P B I & B E mE € . X UL
pragma ., private £ reduction 1 4 1% i 37, T 2
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TERT P B RS Z b, A B T A5 R v
B, RPN R A S — Bk . SIS
PR T TR RE . A H AR A ]
WGRREA, RSO | Bl iR I8 (DFGY &
AR PE AN LR 22 A N R SR PO RE A, (A
TUBENE I o] R AR A0 i B S AR . S5 2R 3R
W1, %R AT BT 22 ik 52 A MO TR A SR AR A
KB UNZRATERE IR, -4 TS 10 06 ) S s A

WA, A YRR SCAR LA | 3 58 SCAR HEL A
I 5, P R 1] 2 i) ) s — S5k, R RE A [ I
ARAT HAG A A 3§13 SCRAE AT m] 5% 18 50 3 4
BONRE Sy o Horp, SORPLEIBE s 4R T T AR XL
B AU 72 A 8 T N7, LA T 3 o ) ikt £ 1 A6 23
X AR AR A5 A B RE ) o B DRI Sl S B HIL
[RI R A 20, R T A o ) AR B A A A 1 DA g XL
BEARFH A S LI R Im , B RE A 15 42 18 1E X
SRS S N e IR VRS [ TS (P Bl

MITUINGE T o LI —ZetExS te e ik TR 2%, ATTiE— 2D S T B AR 1
# 2 CurParCL-XHERTEIFATHERL DA 55 v 0 T Al S B 25
Tab.2 Ablation experiment results of the CurParCL-X framework on parallelism detection tasks
B JEUAJE P PR~ & AR F1/% Ry %
Baseline No No No No 78.9 90.7
Hierarchical Decoding Yes No No No 79.3 91.0
D i
| oynamie Yes Yes No No 80.4 91.5
Curriculum Learning
Graph Yes Yes Yes No 80.7 91.7
Text Yes Yes Yes Yes 81.4 92.1

THESEE R, R AL P25 32 2 o s
PRI fr) 32— BV, Bh AR IR S ) R0 R S 5t
HLH 3R T TR 52 A BEAS O N RE T, =LA —
FUPERS Hoof o) M5 R R B AR . A BEHUN T A
7e, SEFEBEETE T IHAT IR PRI B RE o

2.4 OpenMPHSEAIEXLIWER

TE il 5 1 ) 52 AN e SR T, R S0k R

Qwen?2. 5-Coder™ Hl DeepSeek-Coder * £y — By
BACAS KA, I F7F prompt #8251 5 F #h 4 fx
2 OpenMP il Fi84] o 4G Fr e 7 kA
RME, AR SO S 2L Tk AT R E , LA
ARG e BEAE ERACAD B PR A2 A 38 R AR A, DA
K a] HPC AR AT 55 147 0 dul ik T 1) B 2 ik
F 3R T I RAE AR F iR TR

#* 3 AFBUHBCETE OpenMP il i 4 42 UE 55 P A PEREXS 1L

Tab.3 Performance comparison of different model configurations in OpenMP directive generation tasks

-VXL E ‘NTP ‘NFP ‘VT\I ‘J\]F\I [ePre/% IeRer/% Ie.’\(‘l'/%
Qwen2.5-Coder-14B-Instruct (&5 L 200 (55 ) 98 66 121 62 60 61 63
OMPar with ground-truth label 140 57 118 32 71 81 74
Qwen2.5-Coder-14B-Instruct with ground-truth label 120 19 178 30 86 80 85
Deepseek-coder-6.7b-Instruct with ground-truth label 109 30 165 43 78 72 79
OMPar with check 181 16 118 32 92 85 86
Qwen2.5-Coder-14B-Instruct with check 131 8 178 30 94 82 89
Deepseek-coder-6.7b-Instruct with check 112 27 165 43 81 72 80

TR R, 5IASMARGESE, K
TS TR B 58 AR A T SRR ) W AT
S, R TR A2 BR 23 6] 9 58 5 OpenMP il 15 41 £
4, SR TS B i A s Oy A E,
FIAE YA 5 KA A 3045 /N 1 A as ), ik
T TE A R UL SRR AR R A R AR L
v, 2B B &, LA Qwen2. 5-Coder 7
SER AL 2T AT S5 R A, AE™ K gold-label
PEA T, BORL™= A T 19/ MBUE B, BPECHE bR T
HREAE I, (AR A T OpenMP il 515

Ay, N THRSTE R R, Hod 11 2516 50
SR BRI AT AR T AT AN . RS
AR TEAWI R . B oC R WA | R & sl
A IE A reduction F/R] 1 SRANPEIA , 31X LEAF BF i 4K
TE 5 IR B s 45 Hh R AR v pragma, (HNERSTE X E
FBIHALEAE I RO . PR, 3 SRS B AT R
FA UL G iy (R NS O 1 N IVAETRE RS i s
SCHI W R

A FPEARHE T , RIIAZGLAHAE S
14 388 ] KA AU SR A X 55 . OMPar 821 1 Z83f
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OpenMP 1T: 45 3& Bit. /) MonoCoder-OMP #5571 | 4
A L S ] T AR A, RS 5 T 2 AE AT T
ATREAS, (B A AT 7 R 0T 1 15 2R R o 25
b, BB T R M S R B A Ak 2y
WK SR 2 G, (3 R AR R A 5 45 ik
PRk Z RIS T 3 1A . BE R FH 45 #4129
WER T A AT 1, AR B R R X A2 AR |-
T SCHERf#RE

hy 56 UE 45 48 A 2 AR 5 45 2H S A AR T
ARSI A G RS 1 B i AR i PR
He2k, 315451 A Decision Fil Clause State ., Confi-
dence Scores DA M Variable Candidates £ 2 7R 5% B¢
HATIHRLVEAL , 45 RNk 4 FoR.,

F4 ST IHRIRE R

Tab.4 Ablation experiment results of structured signal

RV Ru/ Y0 Ry /% Ryo/ % F1/%
Code-only LLM 63 60 61 61
~+Decision +Clause State 78 77 75 76
+Confidence Scores 83 85 78 81
-+ Variable Candidates 85 86 80 83

I 4 FTAL, AN BEAT AT 4540 1 20 R £ R

I, AR Bl B B B SR RN AZ R, A o
FREA R AR I IEAE AR ST Bk DA R A8 5 4] ok 5
()R, PRk AR S PR R R Bt . N A 29 o B A
A FE R B AME R, IR TR
(Decision) F T Hil 2 75 il A b4, R ZEBLIRES
{7 %5 (Clause State) F FBRE FAfb R, JEdE
B AE {55 (Confidence Scores) i B AL HY [X 43
SR 2R 5 55295, JUHAT DUAE 2 SRR AR v R AR
A YRR o AR 5 3 4 A (Variable Candi-
dates) FH T PR il A Y A Az il 4] 2% o B A9 48 &
23 (0], P AR B | S A4 1R AR AR L
()R, 50 HE 25 0 Ak 24 TR A 3 ot 3 6 2 14 1 P )
YERT, i RACRY N B H AR BUFS ) Sz 5 kb 4, DA
& T+ OpenMP i S i 1) A= Ji B9 B2 52 P F0 fi
T
2.5 EEMREFHESW

R VEA i 2 P By B SR 7 S s HE o 7 rh
PEREFF Y, A SCHEAR R A IR BE |« B R 5 Fn AR
WS ECT BE 3R HE A A AT LB, 45 R
=5 FiR.

K5 AREMERBEACN A PERETT X L

Tab.5 Performance overhead comparison under different inference modes

R BT ms BT /ms ST /ms MR BB R
W/ % (sampless )
Code-only LLM — 1254.81 1254.81 100.00 0.797
LER ALY R A A3 60.26 1282.18 1342.44 100.00 0.780
SEAEW B B 145 60.26 591.44 651.70 40.06 1.690

1) Code-only LLM: Jir 4 5 75 ¥534 B 240
AKIEF AL, ANPATH — BB 178 v,
WA HEZE R L L A

2) Gt AR+ e . B AT
CurParCL-X i 25 f b 29 0, {HAS i3 H Skip 7]
¥, FrA REAR Y s AR

3) EREPIFT BT . 1 S i CurParCL-X i
TPIFAT IR T , X540 5% Sy Skip BIFEAS B 424¢ 0k
TR, (U Generate REAS I FH K1 5 B

M 5 AL, 588 M B BT 45 AR Generate
FEAS A I RAEAY i AR AL I8 FH 2% R 100 %0 % 2
40.06%0 , /0 59. 94 | 7 MR TSRO T . 545
6 29 1T 450 UE A E, S B g 7 2 SE R
1342. 44 ms %% 651. 70 ms, FIE51.45%, &t
WA 2. 17145 . HILFR, Generate FEA M)A
A IR AN AR | U 2 1] 45 5 W B A% 7 S I A
HMTES N o S R TR AR BROR

2.6 BRMESERFKIE

SR SCAE G — TR o0 FIEA A5 s T B
T 2RI R AT LA, (H R S50 i
LT 32 B AR OG5 6 T S M n B 3B 43 01
BhIFAT AT i RN T S8 BE R UITZRACAS | Kl il
Ab PR R EOCHE SR, ME LR A% — B SE
W T AT AR B W, AT B 32 2k
WA NI e I JT O ik S Bl R
SCAT 55 BB O T A URVERBI U D 22 1%
ARBL S PTA Fofr A Sh AT T %

Ja S T AR A0 AR AL L 2 O 58 B 52 B4 1Y
Jai, BE— YT R G —FUE R By X LIS L, TR
(7] 04 il Xl 23 | PG 1 bR ARE AR BRI T, 0N R
TIER AT IR YR BIRE ST | BT HZ ALY RE | 4fE
ORGP 2T M R SR H . Rl
Bt — L5 AL B 2R VIR | 85 i RO
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