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Abstract:  Patch verification often runs a test suite to verify the correctness of patches, however, the number of patch-
es generated by automatic repair techniques is often huge, and passing each patch through the test suite in turn incurs an un-
bearable overhead. To address this problem, this paper proposes a static patch verification method consisting of a sentence
embedding model InferSent and an support vector machine (SVM) classifier. InferSent is used to extract static features of
the code and the SVM classifier is used to predict the patch correctness. The method focuses more on the static feature in-
formation of the code, and by extracting and analyzing the features, it can effectively predict the correctness of the patches
generated by automatic repair tools without running a test suite. In this paper, it is validated on a collection of patches gen-
erated by several automatic repair tools. The experimental results show that the static patch validation method proposed in
this paper achieves an F1 value of 71.89% for patch prediction on the patch sets generated by the repair tool, which is
11.64% and 6.43% higher than the other two state-of-the-art static patch validation methods, respectively, and outperforms
the comparison models in terms of all five evaluation metrics. It is shown that the method can correctly predict patches
without running the test suite and has good generalization capability.
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FOR each buggy and patch in batch DO
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PHEE buggy Fl patch R A1 FS 71 4 %152 b Al p;
XJ b 1 p ff FH Max-pooling 135 b Flp ;
B i ] 5 b *ﬂp/ﬁ’%ulﬁ'/\ebﬂ] e,
END FOR
i e, File FEARBARE E, . MK E, . RIZARPIEE E LUK
WILRAFFUE E ;
PHEZRHIELE SE SE E
AR R LT
A& SR S pR RO B AN A
S 1) %4 58 Bi-LSTM Z44;
END FOR

3.3 =A%

AR AR T e 7R, i T BB S T 47 b 4R I
FRAE SCAR A, A SCR FH W8S 2 > Bl 5 1) /) 5 2 4
#y InferSent 4T SCA A . AR SCH e filt FH SCRik [ 7 ] p AR
i SNLI SCAS B4 4 F Y1 25 4 149 Bi-LSTM % ) 2% 2

index 3756b99..8898f77 100644
--- alsrc/com/google/javascript/iscomp/Compiler.java

+++ b/src/com/gc ipt/j ompiler.java

@@ -1285,7 +1285,7 @ @ public class Compiler extends AbstractCompiler {

/I Check if the sources need to be re-ordered.
boolean stalelnputs = false;
- if (options.dependencyOptions.needsManagement()) {
+  if (options.dependencyOptions.needsManagement() && options.closurePass) {
for (Compilerinput input : inputs) {
I/ Forward-declare all the provided types, so that they
/I are not flagged even if they are dropped from the process.
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Subjects Correct patches Incorrect patches Total
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QuixBugs 40 0 40
Total — — 36 364
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0 10 20 30 40 50 60 70 80
Accuracy Precision Recall F1
InferSent 74.576 8 74.590 7 70.101 8 72.0279
® BERT 67.163 6 66.050 3 61.988 9 63.744 3
uUSE 64.169 7 66.005 4 48.769 7 55.4842
u SBERT 68.864 5 68.541 3 63.0111 65.3275
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El6  AlEl4gi AR ROC X HE &
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N F1-nosi-
A%AE | Fl-simi/% AUC-simi | AUC-nosimi
mi/%
SBERT 63.7270 | 634262 | 0.690694 | 0.689 350
USE 64.0678 | 64.1311 | 0.681 160 | 0.692747
BERT | 627976 | 627687 | 0.570620 | 0.571320
AN DLt$p
InferSent 65.1686 | 64.9626 | 0.654957 | 0.649 451
doc2vec 623293 | 61.7747 | 0.485267 | 0.480 759
InferCode 57.8326 | 56.7219 | 0.553984 | 0.544 641
SBERT 68.7833 | 669115 | 0.772642 | 0.765 678
USE 51.5200 | 50.5801 | 0.701667 | 0.707 640
BERT 67.0800 | 657729 | 0.750 180 | 0.745 183
e sAGilE|
InferSent 69.7158 | 69.5535 | 0.803635 | 0.799 299
doc2vec 50.608 8 | 52.1639 | 0.624414 | 0.624 450
InferCode 63.3780 | 62.8134 | 0.710765 | 0.711 709
SBERT 57.8457 | 53.8528 | 0.611103 | 0.562 830
USE 575461 | 58.5968 | 0.596400 | 0.600 121
BERT 594746 | 58.1294 | 0.619414 | 0.614 803
TR
InferSent 64.0209 | 614704 | 0.658836 | 0.636 090
doc2vec 51.1620 | 48.5445 | 0539753 | 0.518362
InferCode 57.1654 | 552472 | 0592403 | 0.585357
SBERT 653275 | 64.8476 | 0.733010 | 0.736 453
USE 554842 | 60.7751 | 0.762580 | 0.715587
YA AL
BERT 63.7443 | 427247 | 0724932 | 0.619301
InferSent 72.0279 | 741573 | 0.834203 | 0.814 131
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