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A Study on the Variaty of Source Code Generation via LLVM IR for Generating Buggy Source Code
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Abstract: In recent years, the use of machine learning for software bug detection has been increasing. It is essential to provide diverse

and unbiased training source code to develop more general-purpose classifiers. One approach to providing training data is using of

generation techniques with machine learning. This study discussed source code generation using translation models based on

intermediate representations. We examined how the learning conditions of the translation models affect the accuracy and diversity of

the generated source code.
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Figure 1. Our model architecture
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Figure 2. Consistency evaluation

# include < stdio.h > int main ( void ) { inty ; scanf (" % d
", &y);if(y%2==0&&y!=2) {printf (" yes
"); }else {printf ("no"); } return0; }

Figure 3. A generated C source code
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Figure 4. Variety evaluation

346

FiiFESTIRE

L7= LLVM IR OXfCTH D C 77 A A BIER LT=T
A NEEET S, 3) AJL7ZLLVM IR OxTHh b C
T ANEAER LI C 7 7 AMEFRICFEIRTH 5, 1T
VT EL 7 7 A NVEEE LT

4. FEREBLE

—HMEORER % Figure 2 (27”7, Figure2 7205, TF 2%
50 %A EDGE, T 20 h—7 VIR, KT 63
M= % IELS KT HZ ENRTE. TF 100 %D
Balz63 h—27 &I LT C 7 7 A L% Figure 3 (T
AT Lol XS b= ThY, RRKEHRD
D h—20 AT RERENFHEAL.

AR ORE R % Figure 4 (R T, AR E MR
%5557 C 7 7 A VO, TF0%: 1000 £, TF 50 %:
691 {4, TF100% : 673 £ T > 7. Figure4 (1) 725
TF 50 %35 LT 100 % DGEIT, 40 hB L OS5 o2
SRAJVATRETR Y — A a— RPNAERTH 2 E N TE .
L2vL () BED (3) TiE, TF50%E TF 100 % D%
NENT, LT 20ERTH T,

AMETlX, Teacher forcing % 3@ FH L7236 O — it
& ZARVEICR T D B A E R 2 Z e N TE T
W ORI T, Teacher forcing I 50 %L EASE E
LWEEZRD., —FHT, av /A ILARETEEER C 7
TANEERTHEIEERODLLENRDD.

5. Bz

Fex OERKBERR, EEOREGEE R, o, £
UL oY —Aa— FERGBRER¥THZ L
ThbH. AT, BYOAT v 7L LT, REA
EEFERWVWLLVM IR 26 C 7 7 A NVEERTH I &
AL LT, C 77 A NVDERETILOFEEEC
Teacher forcing #Z t.4#, 1 {:®D LLVM IR 205, @
KERDCT 7 ANEEITAERTEDLZ L, QKBLO
OXEROZRR T 7 ANELERTEDLZ L, ~O
BEEZIME LTz, ZOREHE, Teacher forcing 73 50 %LA
FOGEIT, QL@%FERLTHILENTEL., LiL
BEREIG MR 2D, 57T, EREERET VIZT
A — Ry 7T 5 BINT 2 TECTHD.

6. ZEICHK

[1] I. Sutskever, O. Vinyals, and Q. V. Le, “Sequence to
sequence learning with neural networks,” 2014, arXiv:
1409.3215.

[2] Shin Hwei Tan, Jooyong Yi, Yulis, S. Mechtaev, and A.
Roychoudhury, “Codeflaws: A programming competition
benchmark for evaluating automated program repair tools,”
in Proc. 2017 IEEE/ACM 39th Int. Conf. Softw. Eng.
Companion (ICSE-C), pp. 180-182, May 2017, doi:
10.1109/1CSE-C.2017.76.



