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Methodology Stream Fusion
NanoDroid treats Al code detection as a statistical and structural problem rather than semantic Each stream is conditioned on the programming language and
understanding. Instead of a large pre- trained transformer, six lightweight streams capture fused through stream-level self-attention with a learned
: : : : routing mechanism, producing both the final prediction and
complementary generation signatures and are fused using stream-level self- attention. : L
interpretable per-stream attribution score
. J
Learns a global Al-ness weight for every vocabulary Encodes hashed token-transition Uses Fibonacci-spaced Additional Streams
token and performs weighted pooling, emphasizing statistics and their variance to convolution kernels (2, 3, 5, 8, « CharCNN: indentation, spacing and naming conventions.
tokens that consistently distinguish Al from human code. capture the predictable transition 13) to model code structure « Stylometry: lexical and structural code statistics.
APWP(h) = Zz o(wy,) h; patterns characteristic of LLM- from local token pairs to « Comment Encoder: documentation quality and comment—code
> o(wy,) generated code. statement-level patterns consistency
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Results and Interpretability Analysis
Weighted F1 (%) on DroidCollection across classification settings. Bold: best
per column overall. Underline: best within <10M parameters. £ 6 Condiiianl £o MoV A [pasiiiey 8 Why NanoDroid Matters R
p Nodal P 1 1 1 ' NanoDroid shows that Al-generated code attribution can be
roup ode arams 2-class 3-class 4-class both practical and explainable. With only 5.1M parameters, it
Fast-DetectGPT 76.58 70.98 i reaches 90.77% weighted F1 on the challenging four-class
__ M4 125M 52.81 57.92 | setting while remaining close to much larger 125M-149M
Zero-Shot GPToniffer 125M 52.40  49.96 parameter models. Instead of relying on an opaque
CoDet-M4 149M 47.97 41.28 . A pretrained backbone, it identifies authorship through
GPTZero 54.81 n1.48 : . s
interpretable signals such as token preferences, transition
, GCN ~2M 77.32 59.88 regularity, code structure, stylometry, and comments—
F?"ne- T‘H-ﬂ. Ed ) . Adversarial - 0,14 0.20 0.28 0.20 . : P .
CatBoost 90.02  78.83 T ‘ supporting fast, auditable deployment for academic integrity,
M4p 125M 91.63 76.57 — S —— CIl/CD, and code review.
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Full Training CoDet-M4pr 149M 99.08  89.60
DroidDetects.pase  149M 08.02  93.81  93.16
UniXcoder 125M 98.11 94.18 93.35 Table 3. Per-class precision /recall /F1 on the 4-class DroidCollection test set. Bold: best metric across all three models. NanoDroid
Ours NanoDroid 5 1M 97.99 91.52 90.77 achieves the highest Refined recall and matches DroidDetecty s.pase on Adversarial recall at 29 lower parameter cost.
Model Params Human (n=49.932) Machine (n=2(.524) Refined (n=13.230) Adversarial (n=10.140) Wt F1
P/R Fl P/R Fl P/R Fl PIR Fl
. DroidDetectcys pee (Orel et al., 2025b)  149M 9761/ 9858 9809 9001/.8967 8984 .B263/.8164 8213 9312/9173 9242 9316
Embeddings — by Class pbeddins e o UniXcoder (Guo et al., 2022) 125M  9800/.9796 9798 .9020/.9042 9031 8309/ 8285 8297 9253/9252 9252 9335
S e £, o S P NanoDroid (ours) 50M 0747/ 9633 0600 9096/ %203 8627 7250/.8505 7828 K708/ 9196 8946  00.77
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