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[28] Lili Mou, Ge Li, Lu Zhang, Tao Wang, and Zhi Jin. 2016. Convolutional neural networks over tree stru
In Proceedings of the AAAI conference on artificial intelligence, Vol. 30.
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ctures for programming language processing.
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Code: Code: Code:
public static boolean startsWith(String si,] public S2Cap complement(){ protected void engineSetPadding(String padding)
String s2){ double cHeight=isFull() ? -1 : 2 - throws NoSuchPaddingException {
if (s1 == null || s2 == null) { Math.max(height,0.0); if (!padding.equalsIgnoreCase("NoPadding")) {
return false; return S2Cap.fromAxisHeight(S2Point.neg(axis),cHeight); throw new NoSuchPaddingException("Padding "
} } + padding + " unknown.");
return sl.startsWith(s2); }
} Summary: }
Return the complement of the interior of the cap. A cap and its
Summary: complement have the same boundary but do not share any interior Summary:
Check if one string starts with another string. points. The complement operator is not a bijection, since the should never be called.
complement of a singleton cap (containing a single point) is the same as
the complement of an empty cap.
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Type Model Parameters
.
LSTM ™
Small trained-from-scratch (GIN ) ™
Transformer (summarization) 30M
(CodeBERT ) 125M
Laree ore-trained GraphCodeBERT 125M
4 UnixCoder ) 125M
PLBART 140M
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[32] Garima Pruthi, Frederick Liu, Satyen Kale, and Mukund Sundararajan. 2020. Estimating training data influence by tracing gradient descent.

SimifeatY]

[14] Bo Han, Quanming Yao, Xingrui Yu, Gang Niu, Miao Xu, Weihua Hu, Ivor Tsang, and Masashi Sugiyama. 2018. Co-teaching: Robust training of deep neural networks with extremely noisy labels.
[25] Zhong Li, Minxue Pan, Yu Pei, Tian Zhang, Linzhang Wang, and Xuandong Li. 2022. Robust Learning of Deep Predictive Models from Noisy and Imbalanced Software Engineering Datasets.
[30] Curtis Northcutt, Lu Jiang, and Isaac Chuang. 2021. Confident learning: Estimating uncertainty in dataset labels. Journal of Artificial Intelligence Research 70 (2021), 1373-1411.

[50] Zhaowei Zhu, Zihao Dong, and Yang Liu. 2022. Detecting corrupted labels without training a model to predict. In International Conference on Machine Learning. PMLR, 27412-27427.
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Model No noise 10%random 20% random 30%random 50% random  10% flip 20%flip 30% flip 40% flip
93.04  86.68(6.36) 82.88 (10.16) 78.69(14.35) 56.57 (36.47) 83.64(9.40) 77.59 (15.45) 68.22(24.82) 56.32 (36.72)
INBLET )L GIN [42] 93.23  89.16(4.07) 86.72 (6.51)  83.64(9.59) 78.73 (14.50) 85.17(8.06) 81.51(11.72) 73.81(19.42)

CodeBERT [11] 97.43(0.62)  96.05 (2.00)  91.22(6.83)

KAIFET )l GraphCodeBERT [13] | 98.26  97.62(0.64) 97.60 (0.66)  97.15(1.11)  96.48 (1.78) | 97.77(0.49) 96.41(1.85) 92.87(5.39)  87.85 (10.41)
UnixCoder [12] 98.39  97.86(0.53) 97.29(1.10)  97.18(1.21)  96.67 (1.72) [ 97.75(0.64) 96.52(1.87)  93.06(5.33)  90.21 (8.18)
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T NLL%A: L NLL# D (Co-teaching)
LSTM 56.57 77.85
BE5)L -
IEET GIN 78.73 86.42
KEIET)], CodeBERT 96.05 96.43
TR
ETFI g —4 (Tracln) T AKFT—% (Tracln)
LSTM 0.857 0.858
GIN 0.846 0.868
CodeBERT 0.983 0.945

F1-score
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T Tracln20% Tracln50% Confident Baseline
Learning class
LSTM 0.347 0.390 0.631 0.583
CodeBERT 0.621 0.439 0.800 0.750
GraphCodeBERT 0.695 0.536 0.736 0.782
UnixCoder 0.695 0.536 0.750 0.769
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6. PLBART (correlation=-0.3402, p=0.0005)
Transformer (correltion=-0.3887, p=6e-5)
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