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e MBPP (Python)

e HumankEvalX (Python, C++, Java)
e CodeSearchNet (Java, Python)
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e ChatGPT, Gemini Pro, GPT-4, Starcoder2-Instruct

ChatGPT Gemini Pro GPT-4 Starcoder2-Instruct
MBPP (Python) 1,946 1,948 1,932 1,948
HumanEval-X (Python) 323 327 323 328
HumanEval-X (Java) 281 320 311 328
HumanEval-X (C++) 328 325 328 328
CodeSearchNet (Python) 400 400 400 303
CodeSearchNet (Java) 397 400 384 395
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Gemini Pro Starcoder2-Instruct

ACC

GPT2 Qutput Detector 46.65 § 49.07

DetectGPT 43.71 § 43.31

* Accuracy
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GPT-4
ACC TPR TNR AVG_F1
GPT-3.5 (Zero shot)-Code 54.15 100.00 0.05 35.11
GPT-3.5 (In-context)-Code 55.58 83.80 25.76 49.80 GPT-4
GPT-3.5 (Fine-tuned)-Code 88.89 03.33 84.18 88.22 ACC TPR TNR AVG_F1
*3.5 (Zero shot)- 4392 | 64.61 21.51 | 39.85 GPT-3.5 (In-context)-Code 5512 | 86.78 | 19.75 | 46.24
GPT-3.5 (In-context)-AST 53.32 83.38 21.72 46.91 GPT-3.5 (Fine-tuned)-Code 53.26 49.10 54.55 46.01
GPT-3.5 (Fine-tuned)-AST 65.64 83.22 48.96 62.61 GPT-3.5 (In-context)-AST 51.38 42.30 59.02 48.74
GPT-3.5 (Zero shot)-Code+AST 52.05 08.19 1.77 35.51 GPT-3.5 (Fine-tuned)-AST 51.47 60.54 40.53 44.67
GPT-3.5 (In-context)-Code+AST 52.57 61.81 43.50 50.25 GPT-3.5 (In-context)-Code+AST 54.08 60.78 44.40 50.46
GPT-3.5 (Fine-tuned)-Code+AST | 75.37 00.42 61.87 71.72 GPT-3.5 (Fine-tuned)-Code+AST 54.48 56.08 51.90 48.72
Within Across
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ACC TRR TNR F1 ACC TRR TNR F1
GB 78.72 84.81 73.62 78.28 GB 56.79 54.43 59.11 51.82
Within Across
* Within
- BEFEOAO—FEHEFZE LRS-
* Across

FIXOT7HG0RBE, ETILDERENEEMIZZ > TLVS

12



EST RS

RQ2

(v —R =
MmEE ERELTOC R T gq

— K1k

Y )

ACC TRR TNR F1 ACC TRR TNR F1
Code 81.15 83.37 80.41 80.91 Code 51.15 39.01 63.72 42.20
AST 89.89 91.76 88.34 89.80 AST 53.47 38.67 69.42 46.83
C+A 84.85 84.67 85.45 84.46 C+A 54.85 42.37 67.89 46.64
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Features Definitions
. Sum of cyclomatic complexity
SADLLLL of all nested functions or methods.
Average number of lines contai-
AvgCountLineCode -ning source code for all nested
functions or methods.
Ca Number of lines containing decl-
-arative source code
CountDeclFunction Number of functions
: Maximum nesting level of (if, w-
MaxNesting -hile, for, switch etc.)
CountLineBlank Number of blank lines
The ratio between the number of
Keywords language keyword tokens to the

number of total tokens

Operators in if, else,
and while statements

The ratio between the number of
operators in if, else, and while sta-
-tements to the number of total
tokens
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