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Abstract—Detecting the authorship of source code becomes
substantially more difficult when programs exceed the fixed
context window of transformer-based models, as important
stylistic and structural cues may fall outside the observed input.
Although long programs are common in real-world software
repositories, there is limited systematic understanding of how
practical segmentation strategies influence authorship detection
under such constraints. We investigate this problem by
comparing three widely applicable approaches that require no
modification to  pretrained models:  truncation-based
classification, multi-view cropping with aggregation, and sliding-
window classification with logit pooling. These methods reflect
different trade-offs between computational cost and context
coverage. All approaches are evaluated under a unified
experimental setup on a length stratified dataset that emphasizes
long code samples. Multi-view classification substantially
improves over truncation, achieving 0.896 accuracy and 0.860
macro-F1, compared to 0.862 accuracy and 0.817 macro-F1 for
truncation (+3.43 and +4.31 points, respectively). Sliding-window
classification attains the highest overall performance (0.897
accuracy, 0.862 macro-F1), but multi-view reaches near-parity
(within 0.10 accuracy and 0.23 macroF1) while requiring far
fewer forward passes. Improvements are most pronounced for
hybrid and adversarial code, where discriminative evidence is
dispersed across distant regions of the program. These results
indicate that context coverage is a primary factor in effective code
authorship detection and provide practical guidance for selecting
efficient long-context handling strategies when full-program
processing is infeasible.

Index Terms—code authorship detection, long-context
modeling, transformer models, sliding window, multi-view
aggregation, Al-generated code

I.INTRODUCTION

The increasing availability of large language models
(LLMs) and automated code generation systems has
introduced new challenges in tracing the origin of source code.
Code authorship detection has become critical for scenarios
such as academic integrity enforcement in education, digital
forensics in software engineering, compliance monitoring in
regulated industries, and quality assurance of Al-assisted
development workflows—particularly when distinguishing
between human-written, machine-generated, hybrid, and
adversarial code. Recent benchmarks have shown that modern
code generation models can produce outputs that are difficult
to differentiate from human-written code, making authorship
detection a challenging and evolving problem [1] [2].

Transformer-based models have become the dominant
approach for code understanding tasks due to their ability to
capture rich contextual relationships. However, these models
are inherently limited by a fixed context window, restricting
the length of input they can process. In real-world scenarios,

source code often exceeds this limit, leading to context
window overflow, where only a portion of the code is
analyzed while the rest is ignored. This is particularly
problematic for authorship detection, as relevant stylistic
and structural signals may be distributed across different
regions of the code.

Several recent works have explored long-context
modeling techniques to address this limitation. Sparse
attention mechanisms such as BigBird [3] and memory-
augmented transformers like Transformer-XL [4] extend the
effective context length by modifying the attention structure.
While effective, these approaches require architectural
changes and are not always directly compatible with
pretrained code models.

Alternatively, segment-based strategies have been
explored, where long sequences are divided into smaller
chunks and processed independently, with predictions
aggregated during inference [5]. These methods offer a
practical way to handle long inputs without modifying the
underlying model. However, they primarily focus on model
design or benchmark evaluation, and there is limited
understanding of how different long context handling
strategies affect classification performance under fixed
context constraints.

This paper presents a systematic empirical study of
segmentation strategies for long-code authorship detection
under fixed-context transformer constraints. Unlike prior
long-document classification work focused mainly on
natural language, or long-context code models requiring
architectural changes, our study examines practical
strategies that work directly with existing pretrained code
encoders. This setting is important because authorship
evidence in source code may appear across initialization
logic, file endings, generated blocks, hybrid regions, or
adversarial modified segments.

We compare truncation, multi-view cropping, and
sliding-window logit pooling using the same backbone,
tokenizer, data splits, and evaluation protocol. This
controlled setup isolates how context coverage and
aggregation affect overall performance, per-class behavior,
length-based degradation, confidence, and computational
cost. The analysis offers practical guidance on when
efficient multi-view cropping is sufficient and when costlier
sliding-window coverage is justified.
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II. RELATED WORK

Recent advances in code authorship and Al-generated
code detection have increasingly relied on transformer-based
models. CodeBERT [6] introduces bimodal pretraining using
both natural language and programming language data,
enabling the model to learn joint representations of code and
its textual context. It demonstrates strong performance across
tasks such as code search and documentation generation.
UniXcoder [7] further enhances representation learning by
incorporating structural signals such as abstract syntax trees
(AST) and comments. While these models provide powerful
encoders, they are constrained by fixed input lengths and
require additional strategies to process long source code.

Transformer-based approaches have also been applied to
authorship-related tasks. CLAVE [8] uses contrastive learning
to distinguish whether two code samples belong to the same
author. By training on large-scale datasets, it shows that
transformer embeddings can capture fine-grained stylistic
patterns. However, it focuses on pairwise verification rather
than multiclass classification and does not address context
overflow in long inputs.

Long-context handling has been widely studied in the
NLP domain. Hierarchical transformers [9] process long inputs
by splitting them into smaller segments, encoding each
segment independently, and then aggregating segment
representations through a higher-level model. Dai et al. [10]
demonstrate that dividing long inputs into overlapping chunks
and aggregating their predictions can significantly improve
performance. This approach preserves more global context
compared to truncation and has been shown to improve
performance on long document classification tasks. However,
it introduces additional architectural complexity and requires
multi-stage training.

In the context of source code, LongCoder [11] proposes a
sparse-attention transformer for long-range code modeling. It
combines sliding-window attention with global bridge tokens
and memory tokens to enable information flow across distant
code regions. This allows the model to capture long-range
dependencies more efficiently than standard transformers.
However, it requires architectural modifications and is
primarily evaluated on code generation tasks rather than
classification.

Recent work such as Droid [12] considers detection of
human-written, machine-generated, hybrid, and adversarial
code in a unified setting. It highlights challenges in
generalization and robustness across programming languages
and generation models. However, it does not systematically
analyze the effect of long-context handling strategies under
fixed context constraints.

In contrast, our work focuses specifically on context
window overflow in transformer-based code models. We
compare three practical strategies: truncation-based
classification, multi-view cropping with aggregation, and
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sliding-window classification with logit pooling. This
enables a systematic analysis of tradeoffs between
efficiency, context coverage, and representational fidelity in
multi-class code authorship detection.

IHI. METHODOLOGY

A. Problem Definition

Code authorship detection aims to determine the origin
of a given source code snippet. In this work, we formulate it
as a four-class classification problem: Human, Machine,
Hybrid, and Adversarial. Human refers to code written
entirely by a human developer, while Machine represents
code generated by automated systems such as large language
models. Hybrid denotes code that contains a mixture of
human-written and machine-generated segments.
Adversarial includes code that has been intentionally
modified to obscure its origin or to evade detection.

The task becomes challenging when dealing with long
source code, as modern transformer-based models are
constrained by a fixed context window. When the length of a
code sample exceeds the model’s maximum token limit,
only a portion of the input can be processed at once. This
leads to context window overflow, where potentially
informative regions of the code are excluded from analysis.
Since stylistic and structural cues relevant to authorship may
appear throughout the code, truncating the input can
significantly degrade performance. Therefore, designing
strategies to effectively utilize long code within fixed-length
models is essential.

B. Dataset Selection and Processing

We conduct experiments using the SemEval-2026 Task
C dataset for code authorship origin detection. The dataset
consists of labeled code snippets with associated metadata,
including the source code, generator information, class label,
and programming language. Following the task definition,
each snippet is assigned to one of four authorship-origin
classes: Human, Machine, Hybrid, or Adversarial. This
setting is suitable for studying long-code authorship
detection because authorship-related evidence may appear in
different regions of a program rather than only at the
beginning of the file.

The full training file contains 900,000 labeled snippets.
For the purpose of this study, we use a length-stratified
training subset rather than the entire training corpus. This
choice is motivated by the objective of the paper: to
compare long-context handling strategies under a controlled
and computationally feasible setup. In preliminary data-
scaling runs, we observed that increasing the number of
training snippets beyond approximately 100,000 produced
only marginal performance changes. Therefore, we use a
larger 200K-scale subset to retain sufficient training
diversity while avoiding unnecessary computational
expansion.
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All sampling decisions are based on token Ilength
computed with the UniXcoder tokenizer, without truncation.
We divide snippets into short code (token length < 512) and
long code (token length > 512). The training subset is
constructed with a target ratio of 20% short and 80% long
snippets. Long snippets are further grouped into 512-token
length buckets and samples are drawn across non-empty
buckets to avoid concentrating the subset in a single length
range. The same training subset, tokenizer, random seed,
preprocessing pipeline, validation split, and test split are used
for all three methods, ensuring any observed performance
difference is attributable solely to the segmentation and
aggregation strategies.

C. Overview of Proposed Approaches

Three distinct strategies are explored to address the
context window limitation. The first approach relies on direct
truncation, treating the problem as standard sequence
classification within the fixed context size. The second
approach introduces a multi-view representation by extracting
multiple segments from different parts of the code. The third
approach adopts a sliding-window mechanism that processes
the entire code through overlapping segments and aggregates
the results. Figure 1 provides an overview of all three methods,
while Figure 2 illustrates their training methodology and
Figure 3 depicts the corresponding inference methodology.

These methods represent increasing levels of context
preservation, ranging from minimal (truncation) to
comprehensive (sliding windows). Figure 2 illustrates the
training methodology of the three approaches, while Figure 3
depicts their corresponding inference methodology.

Context Window
Overflow Handling
Techniques
\ 4 \ 4 Y
Truncation Multi-View Sliding
(Single View) (Start-End) Window

Fig. 1. Three different methods for long sample handling

D. Method 1: Truncation-Based Single-View Classification

The first method serves as a baseline approach in which
each code sample is processed as a single sequence
constrained by the model’s maximum token limit. When a
sample exceeds this limit, it is truncated, and only the initial
portion is used for classification. This approach does not
attempt to recover or approximate information from the
remaining parts of the program. As a result, context overflow
is handled through information reduction, where excess tokens
are discarded. During both training and inference, each sample
is treated as a single instance, and no additional aggregation is
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performed. The model directly predicts the class label based
on the truncated sequence.

While computationally efficient and straightforward,
this method risks losing critical stylistic or structural signals
present in later sections of the code, particularly in long or
composite programs. This limitation is especially significant
for hybrid authorship detection, where different segments of
the same program may originate from different sources,
such as a combination of human-written and machine-
generated code.

E. Method 2: Multi-View Cropping with Aggregation

The second method addresses context overflow by
representing each long code sample through two fixed-
length views extracted from different regions of the
program, specifically the beginning and the end. These
regions are selected to capture complementary authorship
signals, such as structural patterns at initialization and
stylistic characteristics present toward the conclusion of the
code. During training, each view is treated as an
independent sample with the same label as the original code,
effectively augmenting the dataset and enabling the model
to learn from multiple parts of the program. At inference
time, both views are processed separately, and their
predicted logits are aggregated to produce a final prediction.
The aggregation is performed using mean pooling across the
two views, with an additional max-based adjustment for
specific classes (e.g., adversarial) to emphasize strong
localized signals.

Unlike truncation, this method performs selective
context sampling, capturing representative regions that are
likely to contain distinctive authorship features. However, it
still relies on a limited number of views and may miss
information outside the selected segments.
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Fig. 2. Training pipeline of the three approaches

F. Method 3: Sliding-Window Classification with Logit
Pooling

The third method provides a more comprehensive
solution by dividing long code into a sequence of
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overlapping segments using a sliding-window mechanism.
Each segment is processed independently, and the resulting
predictions are aggregated to form a final decision for the
entire code sample. During training, each window is treated as
a separate training instance while preserving the original label,
enabling the model to learn from all parts of the code. The
overlapping design ensures continuity between adjacent
segments and reduces boundary information loss. At inference
time, all windows corresponding to a code sample are
evaluated, and their logits are aggregated. The primary
aggregation strategy combines mean pooling across all classes
with a max-based enhancement for specific classes (e.g.,
adversarial), allowing the model to capture both distributed
patterns and strong localized signals.

A window size of w = 512 tokens and a stride of s = 256
tokens are used, producing a 50% overlap between adjacent
windows. This overlap is intentional: tokens near window
boundaries appear in two consecutive segments, preventing
any boundary region from being split at a disadvantageous
point and ensuring that short but meaningful code constructs
are always seen in full within at least one window.

During training, each window is treated as a separate
training instance while preserving the original label, enabling
the model to learn from all parts of the code. Because adjacent
windows share 256 tokens, the same token subsequences
appear in multiple training examples. Since the label is
consistent across all windows of a given sample, this repeated
exposure acts as implicit data augmentation on boundary-
spanning patterns rather than introducing label ambiguity; no
deduplication of overlapping content is required.

At inference time, all windows corresponding to a code
sample are evaluated, and their logits are aggregated. The
primary aggregation strategy combines mean pooling across
all classes with a max-based enhancement for specific classes
(e.g., adversarial). Because tokens in the overlapping region
contribute to two consecutive window predictions, those
regions receive implicit double weighting under unweighted
mean pooling. In practice this has a smoothing effect:
predictions anchored to a single window boundary are
averaged with the surrounding context windows, reducing the
influence of spurious signals confined to one segment edge
and yielding a more stable final prediction.

In contrast to the previous methods, this approach
performs full context coverage, ensuring that the entire code is
analyzed. Although more computationally intensive, it
provides a more faithful representation of long code and is
better suited for capturing dispersed authorship characteristics.
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Fig. 3. Inference-time pipeline of the three approaches

G. Comparative Analysis

The three methods differ primarily in how they balance
context preservation and computational efficiency. The
truncation-based approach is the most efficient but discards
a significant portion of long inputs, making it vulnerable to
information loss. The multi-view approach improves
coverage by sampling multiple regions, offering a
compromise between efficiency and representational
richness. The sliding-window approach provides the most
complete coverage by analyzing the entire code, but at a
higher computational cost. From a methodological
perspective, the approaches can be seen as a progression
from information reduction, to selective sampling, to
exhaustive coverage. This progression reflects increasing
fidelity in representing long code, accompanied by
increasing computational requirements.

H. Implementation Details

All methods are implemented using a transformer-based
sequence classification framework with a shared
architecture and training pipeline. The same model
backbone, tokenizer, and optimization strategy are used
across all approaches to ensure consistency. Differences
arise only in how input sequences are constructed and
processed before being fed into the model. No external
summarization, retrieval, or prompt-based reasoning is
employed. The methods rely solely on segmentation and
aggregation strategies to manage long-context inputs within
a fixed-size encoder.

IV.RESULTS AND EVALUATION

We present a comprehensive evaluation of the three long
context handling strategies on a held-out test set. We report
overall performance metrics, per-class breakdown, length-
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based analysis, and confidence-based measures to provide a
complete picture of each approach’s strengths and limitations.

A. Dataset

We use the SemEval-2026 Task C training parquet:
900,000 labeled snippets with columns code, generator, label,
and language. The task is four-class authorship origin
detection: Human (0), Machine (1), Hybrid (2), or Adversarial
(3). Rather than training on the full 900,000 rows, we optimize
on a length-stratified subset (201,826 rows, 22.4% of the file)
to ensure long code is not drowned out by short snippets.
Table I contrasts label distributions in the full corpus versus
our stratified training subset. Compared with the raw data, the
subset increases the Machine share (23.4% — 28.1%) while
reducing Hybrid and Adversarial proportions. Human remains
the plurality class at roughly 55% in both distributions. This
rebalancing aligns training mass more closely with the
difficulty of rare or mixed-origin classes while preserving a
realistic label distribution.

The most frequent languages are Python (249,247), Java
(239,751), C# (107,949), C++ (75,738), JavaScript (73,745),
and Go (57,844), with the remainder spread across C, PHP,
and others. Models therefore see a multi-language mix
dominated by a few ecosystems; we do not stratify by
language in the experiments reported here.

TABLE I. Label distribution: full training file vs. stratified
subset used for model training (same taxonomy).

Full file (900,000) Training subset (201,826)

Class Count Share (%) Count Share (%)
Human (0) 485,483 54.0 110,492 54.8
Machine (1) 210,471 23.4 56,781 28.1
Hybrid (2) 85,520 9.5 11,543 5.7
Adversarial (3) 118,526 13.2 23,010 11.4
Total 900,000 100.0 201,826 100.0

B. Data Splits

All length statistics use UniXcoder tokenizer length
(tok len), matching the actual tokenization the encoder
receives. The training subset (target 200,000, seed 42) draws

20% of rows from tok len < 512 and 80% from longer
code, with additional allocation across long-length buckets.
The realized size is 201,826 rows because integer bucket
targets need not sum to exactly 200,000.

Validation and test are disjoint halves of the official Task
C validation release (33,743 / 33,742 snippets), stratified using
the same short/long recipe as training. These are not random
subsamples of the 900,000-row training parquet, so test
performance reflects generalization to that independent release
rather than to i.i.d. rows from the training file.

Table II lists split sizes and short vs. long counts. Table III
shows that validation and test are label-shifted relative to the
training subset: Human is a smaller share (~44%) while
Hybrid and Adversarial are larger (~9.7% / ~14.4%). This
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distribution shift makes the held-out split a stricter
evaluation than matching the training label mix.

Table IV and Figure 4 summarize tokenizer-length
histograms in five bins. The training subset places more
mass in the 1025+ bin than validation or test (27.3% vs.
~18.3%), so models are trained on a somewhat longer-tailed
length distribution than the split used for headline metrics.
This design choice ensures models are exposed to
challenging long context examples during training.

TABLE II: Splits (UniXcoder tok len). Tr.% = training
subset as a fraction of the 900,000-row training release; “—
” for val/test. Short/Long = <512 / >512 tokens; L% = long
share of that split.

Split n  Tr% <512 >512 L%
Training (strat) 201,826 224 40,000 161,826  80.2
Validation 33,743 — 8000 25743 763
Test 33,742 — 8000 25742 763

TABLE II: Class distribution (%) on each split (0 Human, 1
Machine, 2 Hybrid, 3 Adversarial).

Split 0 1 2 3

Training subset 54.75 28.13 5.72 11.40
Validation 44.44 31.53 9.69 14.35
Test 44.43 31.53 9.69 14.35

TABLE 1V: UniXcoder tok len histogram (% of rows in each
split).

Bin (tokens) Train subset Validation Test
0-128 6.03 6.91 7.01
129-256 7.02 8.30 8.02
257-512 6.77 8.51 8.68
513-1024 52.92 57.93 57.98
1025+ 27.27 18.37 18.31
Sum 100.00 100.00 100.00
I Train le Val i Brest
| | | | |
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Fig. 4. Tokenizer length mix for the training subset, validation, and test
portions (Table IV).
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C. Experimental Setup

We compare three strategies for fitting long code into a
fixed encoder window. All runs share identical configuration:
microsoft/unixcoder-base backbone, maximum length 512,
balanced class weights, the stratified training subset described
above, and one full training epoch with consistent optimization
settings across variants. The only deliberate difference is how
input sequences are cropped or tiled before the encoder.

Truncation keeps the head of each snippet (single forward
pass per sample). Multi-view builds two crops (start and end)
for long snippets, trains on both as separate labeled examples,
and averages logits at evaluation time. Sliding

window enumerates overlapping windows (w=512,
§=256), trains on every window, and pools window logits back
to a snippet prediction. This approach expands the number of
gradient steps per logical snippet and, at test time, typically
requires more encoder calls than multi-view (which itself uses
twice as many passes as truncation on long inputs).

Headline metrics are accuracy and macro-averaged F1 on
the test partition (n=33,742), using true label, pred label, and
tok len for bucketed analysis. We also report weighted-F1,
macro-averaged precision and recall, and confidence-based
metrics to provide a comprehensive performance picture.

D. Overall Performance

Table V reports overall performance metrics for all three
methods, with 95% bootstrap confidence intervals computed
from 1,000 resamples. Truncation is clearly the weakest:
multi-view achieves 0.8964 accuracy (95% CI: [0.8931,
0.8998]) and 0.8598 macro-F1 (95% CI: [0.8553, 0.8641]),
significantly outperforming truncation which achieves 0.8621
accuracy (95% CI: [0.8584, 0.8662]) and 0.8167 macro-F1
(95% CI: [0.8117, 0.8217]). The non-overlapping confidence
intervals indicate clear separation between truncation and
multi-view, confirming that multi-view’s gains of 3.43
accuracy points and 4.31 macro-F1 points are statistically
significant.

Multi-view and sliding-window achieve near-parity:
sliding achieves 0.8974 accuracy (95% CI: [0.8940, 0.9006])
and 0.8621 macro-F1 (95% CI: [0.8574, 0.8666]). The small
differences of 0.10 accuracy points and 0.23 macro-F1 points
fall within overlapping confidence intervals, indicating that
these differences are within statistical noise rather than
representing a meaningful performance gap. Macro-F1 is the
stricter headline metric because it weights the four classes
equally and is sensitive to Hybrid and Adversarial errors under
the label shift in Table I11.

Table V also reveals that weighted-F1 closely tracks
accuracy across all methods, reflecting Human’s dominance as
the plurality class. Macro-precision and macro-recall follow
similar patterns, with multi-view and sliding showing balanced
improvements over truncation.
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TABLE V: Comprehensive performance metrics on the
held-out test set (n=33,742). One training epoch per model.

Method Acc. Macro-F1 Wgt.-F1 Prec. Rec.
Trunc. 0.8621 0.8167  0.8632 0.8131 0.8209
Multi-view  0.8964 0.8598  0.8976 0.8511 0.8698
Sliding 0.8974 0.8621  0.8982 0.8577 0.8676

E. Per-Class Analysis

Table VI breaks down F1 scores by class, with 95%
bootstrap confidence intervals reported in the main
comprehensive metrics table. Human and Machine are the
easiest categories under all three methods, with F1 in the
0.85-0.96 range. This reflects their relatively consistent
stylistic patterns compared to mixed-origin code.

Hybrid remains the most challenging class: truncation
reaches only 0.7137 F1 (95% CI: [0.7013, 0.7260]), while
multi-view and sliding improve this to 0.7836 (95% CI:
[0.7734, 0.7941]) and 0.7985 (95% CI: [0.7876, 0.8097])
respectively—a gain of roughly seven to eight and a half
absolute points. The confidence intervals confirm that these
improvements are statistically significant.

To illustrate why Hybrid is challenging, consider a
concrete failure case: a Hybrid snippet of 1,072 tokens (test
index 24306) contains Human-written code in the head but
Machine generated code at the tail. Truncation, which only
processes the first 512 tokens, predicts this sample as
Machine with 0.89 confidence, missing the Machine
characteristics beyond its window. Multi-view and sliding
window, which also process the tail of the file, correctly
identify this as Hybrid. This example demonstrates how
Hybrid snippets with asymmetric code distributions are
particularly vulnerable to truncation errors, explaining why
multi-view and sliding reduce Hybrid—Machine confusion
from 34% (truncation) to 21-20% (multi-view/sliding).

Adversarial F1 improves from 0.7663 (95% CI:
[0.7572, 0.7749]) with truncation to 0.8127 (95% CI:
[0.8042, 0.8201]) / 0.8075 (95% CI: [0.7986, 0.8156]) with
multi-view / sliding. Notably, multi-view slightly
outperforms sliding on Adversarial (0.8127 vs. 0.8075),
demonstrating that the expensive tiling strategy does not
uniformly beat the two-crop design on every class.

These patterns align with the semantic positioning of
each class: Hybrid snippets occupy a narrow band between
Human and Machine origins, making them particularly
sensitive to how evidence is aggregated across different
code regions. The consistent advantage of multi-view and
sliding over truncation on Hybrid and Adversarial suggests
that capturing evidence from multiple code regions is crucial
for distinguishing mixed origin code.

TABLE VI: Per-class F1 scores on the held-out test split.

Method Human Machine Hybrid Adv.

Truncation 0.9356 0.8513 0.7137 0.7663
Multi-view 0.9610 0.8818 0.7836 0.8127
Sliding win. 0.9613 0.8812 0.7985 0.8075
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Figure 5 visualizes confusion matrices, revealing error
patterns. Hybrid samples show the highest confusion with both
Human and Machine classes. Truncation (Figure 5a) exhibits
the most confusion. Hybrid samples are frequently
misclassified as Machine (34%, 663 samples) and Human
(14%, 114 samples). Misclassified Hybrid samples have mean
confidence of 0.67 (median: 0.65), with only 11.5% high
confidence (=0.9). In contrast, correctly classified Hybrid
samples have mean confidence of 0.84 (median: 0.89) and
47.1% high-confidence. Multi-view (Figure 5b) substantially
reduces confusion. Hybrid—Machine drops to 21% (433
samples) and Hybrid—>Human to 16% (66 samples).
Misclassified Hybrid confidence rises to 0.76, while correct
Hybrid reaches 0.91 with 71.3% high-confidence. Sliding
window (Figure 5c) achieves similar improvements.
Hybrid—Machine is at 20% (520 samples) and
Hybrid—Human at 19% (63 samples). The confidence gap
between correct (0.91) and incorrect (0.75) Hybrid samples
remains, indicating Hybrid remains the most challenging class.

F. Performance by Length Buckets

To understand where long-context modeling helps, we
bucket test examples by tok len and recompute macro-F1
within each bucket (Table VII and Figure 6). Performance
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degrades monotonically as snippets grow: all methods lose
ground past ~1k tokens, and the longest bucket (> 2560) is
far below the short-code bins. This trend confirms the
intuition that authorship labels depend on evidence
distributed across the file, which becomes harder to
aggregate as windows multiply.

Multi-view improves macro-F1 over truncation in every
bucket, confirming that the second crop is never harmful in
aggregate. Sliding and multi-view are close overall but show
complementary strengths: multi-view is slightly ahead in the
<512 and [1024,1536) bins, while sliding leads in the dense
middle bin [512,1024) and on the extreme tail > 2560.
Neither method uniformly wins across all buckets,
reinforcing the interpretation that they represent different
operating points on a cost—accuracy curve rather than a strict
performance ordering.

The dramatic drop in performance for the longest
bucket (Macro-F1 ~0.32-0.41) highlights a fundamental
challenge: even with sliding-window coverage, aggregating
evidence across extremely long sequences remains difficult.
This suggests opportunities for more sophisticated long-
context strategies, such as hierarchical attention or learned
importance weighting.
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Fig. 5. Confusion matrices for the three methods on the test set. Each 4 x 4 matrix shows normalized proportions (color intensity) with raw counts in parentheses.
Diagonal cells indicate correct predictions, while off-diagonal cells show confusion patterns.

TABLE VII: Macro-F1 by tokenizer length bucket (held-out
test, same n per row).

Bucket Trunc.  Multi-v.  Sliding
< 512 0.7956  0.8237  0.8217
[512,1024) 0.7718  0.8421 0.8530
[1024,1536) 0.6716  0.7175  0.7139
[1536,2048) 0.6670  0.7001  0.6981
[2048,2560) 0.4447  0.4727  0.4809
> 2560 0.3166  0.3463  0.4145

—e— Trunc. —m— Multi-v. —— Sliding

0.6

Macro-F1

0.4 - N

DS

a\T ) ™ 2
2 oV \\\»~\ 3 O o

Tokenizer length bucket

Fig. 6. Macro-F1 vs. length bucket (Table VII). Performance degrades
monotonically with code length, but multi-view and sliding consistently
outperform truncation.
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G. Confidence Analysis

Model confidence provides additional insight into
prediction reliability and offers practical guidance for
deployment.

Table VIII summarizes confidence statistics, computed from
the maximum class probability (max_prob).

TABLE VIII: Confidence analysis on the held-out test set.

Method Conf. (Corr.) Conf. (Incorr.) High Conf.
(20.9)

Trunc. 0.9019 0.6461 62.3% (0.9784)

Multi-view  0.9484 0.7219 77.6% (0.9729)

Sliding 0.9504 0.7353 78.8% (0.9691)

Confidence is a reliable signal of prediction accuracy. All
methods show a substantial gap between mean confidence for
correct vs. incorrect predictions (0.22—0.26 points). Multi-view
and sliding achieve higher overall confidence (0.9484/0.9504
vs. 0.9019) with larger high-confidence fractions
(77.6%/78.8% vs. 62.3%).

Practical deployment trade-offs:

At a 0.9 threshold, multi-view covers 77.6% of samples
with 97.3% accuracy. Raising to 0.95 covers 71% at 98.3%
accuracy, flagging only 29% for human review. Truncation
requires a lower threshold (0.8) for similar coverage (73%),
with lower accuracy (95.8%). This demonstrates that multi
view and sliding enable higher accuracy at any coverage level,
making them suitable for practical systems with limited review
capacity.

H. Computational Considerations

The three methods represent distinct computational
tradeoffs. We quantify the total forward passes required on the
test set (33,742 samples, 76.3% exceeding 512 tokens).

Truncation requires exactly one forward pass per sample
at both training and inference time: 33,742 total passes (1.00
passes/sample). This is the most computationally efficient
approach, but the efficiency comes at the cost of discarding
potentially critical information in long code.

Multi-view requires two forward passes for samples
longer than 512 tokens (start and end crops), and one pass for
shorter samples. On the test set: short samples (8,000 <512)
require 8,000 passes, and long samples (25,742 >512) require
51,484 passes, totaling 59,484 forward passes (1.76
passes/sample). This represents a 76.3% overhead over
truncation. During training, this effectively doubles the dataset
size for long samples, increasing gradient steps and wall-clock
time proportionally.

Sliding window requires N = "(L - w)/s' + 1 forward
passes for a sample of length L with window size w=512 and

stride s=256. The average number of passes for long samples
is 3.16, resulting in 89,222 total forward passes on the test set
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(2.64 passes/sample). This represents a 164.4% overhead
over truncation and a 50.0% overhead over multi-view. For
the longest bucket (>2560 tokens), samples require 8+
forward passes each, making inference 3—5x slower than
multi-view for very long code.

Given the minimal performance gap between multi-
view and sliding (0.10 accuracy, 0.23 macro-F1), multi-view
offers a compelling efficiency—accuracy trade-off for many
applications: it captures most of the accuracy benefit of
comprehensive context coverage with roughly half the
computational cost of sliding window for long code. Sliding
window may be justified when maximum accuracy is
critical and computational resources are abundant, or when
processing exceptionally long sequences where the 2-crop
design is insufficient.

1. Discussion
Key findings:

Context coverage matters substantially. Multi-view and
sliding window outperform truncation by large margins (3.43
accuracy points, 4.31 macro-F1 points), demonstrating that
even a second crop captures critical information. Benefits
concentrate on challenging cases. Hybrid F1 improves most
with extra views, and the longest snippets remain difficult
despite comprehensive coverage. This suggests that while
simple context multiplication helps, evidence aggregation
strategies become critical as sequences grow.

Methods have complementary strengths. Multi-view
leads on Adversarial, suggesting adversarial signals are
more localized. Sliding excels on the longest buckets, while
multi-view leads on mid-length ranges. They represent
different operating points on a cost—accuracy curve, not a
strict ordering.

Practical recommendations:

Model calibration improves with context coverage.
Multiview and  sliding produce higher-confidence
predictions with larger high-confidence fractions than
truncation, making them suitable for systems that need to
identify uncertain predictions for human review.

Multi-view offers the best efficiency—accuracy balance
for most applications, capturing most benefits with half the
computational cost of sliding window for long code.
Sliding-window is justified when maximum accuracy is
critical or for exceptionally long sequences.

J. Takeaway Summary

Multi-view and sliding-window significantly outperform
truncation (3.43 accuracy points, 4.31 macro-F1 points) by
capturing evidence from multiple code regions. These gains
are statistically significant and concentrated on challenging
Hybrid samples and long code. Multi-view offers the best
efficiency—accuracy balance for most applications, while
sliding window is justified for maximum accuracy needs.
Confidence thresholds enable practical human-in-the-loop
deployment, with multi-view achieving 98.3% accuracy on
71% of samples.
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K. Limitations and Future Work

This study has a few limitations that suggest directions for
future research:

No language stratification. The dataset mixes multiple
programming languages without language-specific modeling.
Authorship signals may vary by language, and context
coverage requirements could differ across languages (e.g.,
verbose Java vs. concise Python).

Extreme long-context challenge. The >2560 bucket shows
that even sliding window struggles with extremely long code.
Hierarchical transformers, sparse attention mechanisms, or
retrieval-based approaches may be needed to effectively model
these cases.

Limited fine-grained error analysis. While we analyze
confusion patterns and confidence-conditioned errors, we have
not examined specific code features or patterns that lead to
misclassifications. Fine-grained error analysis could reveal
insights into authorship signals and guide method
improvements.

V. CONCLUSIONS

We evaluated three long-context handling strategies for
code authorship detection. Context coverage substantially
impacts performance: moving from truncation to multi-view
improves accuracy by 3.43 points (0.8621 to 0.8964) and
macro-F1 by 4.31 points (0.8167 to 0.8598), demonstrating
that even a second crop captures critical information.

Multi-view and sliding window achieve near-parity (0.10
accuracy, 0.23 macro-F1 gaps), suggesting diminishing returns
beyond two crops. Benefits concentrate on challenging cases:
Hybrid F1 improves most (0.7137 to 0.7985), while the
longest snippets remain difficult (>2560 bucket: macro-F1
0.32-0.41). Simple context multiplication helps but is
insufficient for extreme long-context—evidence aggregation
becomes critical. Multi-view offers an excellent efficiency—
accuracy tradeoff, capturing most coverage benefits with
roughly half the computational cost of sliding window. We
recommend multi view for most applications, with sliding
window justified when maximum accuracy is critical or for
exceptionally long code. Confidence thresholds can effectively
identify uncertain predictions for human review.

Future work should explore language-specific modeling,
hierarchical attention for extreme long-context, and systematic
error pattern analysis. This work demonstrates the importance
of long-context handling and provides practical guidance for
method selection.
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