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Bug Distributions: Real v.s. Synthetic

Real bug

sum = 0
for i in len(A):
for j in len(A[i]):
sum += A[i][1]

Data Imbalance

Only possible to obtain a
small amount of real bugs

V.S.

V.S.

V.S.

Synthetic bug

sum = 0
for i in len(A):
for j in len(A[i]):
sum += A[1i][sum]

Balanced Dataset

Easy to create a large
amount of synthetic bugs



Existing ML-based Bug Detectors

Models: GNN, BERT, etc.
Training: Synthetic Bug Distribution

Testing: Precision Recall
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+ 50% non-buggy + 50% non-buggy + 99.5% non-buggy



Our Solution: Two-phase Training

Phaes |: Pre-training on synthetic bug distribution

Phaes |l: Fine-tuning on real bug distribution

Dataset construction:

Inject
bugs
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Balanced dataset with synthetic bugs
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Real bugs
found?

Train-val-test split

Commits of open
0.5:0.25:0.25

source repos

Imbalanced dataset with real bugs



Other Useful Techniques

A
é A task hierarchy for classification, localization, and repair
[—

\ |
:O Contrastive loss for differentiating buggy/non-bgguy pairs
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—(1 — py) logp, Focal loss for handling data imbalance



Evaluation (var-misuse bugs)

Results on the test set: 65
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Scanning latest open source repos: .
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