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Abstract

Code large language model introduces copy-
right risks when models reproduce protected
implementations from training data. Exist-
ing inference-time copyright-protection meth-
ods overlook the power of using the original
LLM capability for a runnable code generation.
In this paper, we propose AEGISCODEGEN
(ACG), an inference-time copyright-aware con-
trolled generation framework for code LLMs,
effectively extending the text copyright protec-
tion towards the code generation domain. We
argue that code copyright protection should be
formulated as a region-aware generation con-
trol problem, where the model first identifies
where modification is safe and then decides
how strongly copyright-aware fusion should be
applied. Based on this insight, ACG mainly
consists of two stages. Firstly, ACG performs
multiple sampling generations to construct an
agreement profile over the target program, indi-
cating which regions are more likely to affect
core code logic after modification. Secondly,
ACG uses this profile to adaptively control fu-
sion strength, applying stronger copyright pro-
tection in low-agreement regions and weaker
shifts near executable anchors. Through intense
experiments, we demonstrate that ACG reduces
protected-content reproduction while preserv-
ing runability and generation utility, providing
a lightweight copyright-aware module that re-
quires neither model retraining nor access to
training data.

1 Introduction

Code large language models (code LL.Ms) (Luo
et al., 2024; Liu et al., 2023; Muennighoff et al.,
2024) have enabled increasingly strong program
generation capability, ranging from function-level
synthesis to project-level code completion (Guo
et al., 2023; Ding et al., 2023). Such progress has
also shown that the performance of code genera-
tion is not only determined by model scale, but also

by how the generation process searches over pos-
sible solutions (Wang et al., 2025a). Meanwhile,
copyright risk in language-model generation has
received increasing attention (Xu et al., 2026; Peng
et al., 2023; Dou et al., 2025).

Existing text-oriented copyright enhancements
have been studied from multiple perspectives. One
representative direction is fusion-based generation,
where the decoder combines the output distribu-
tions of multiple LLMs rather than directly chang-
ing model parameters, providing a logit-level fu-
sion so that the generation is steered away from pro-
tected content while keeping the base generation
distribution robust (Abad et al., 2025). These works
suggest that copyright protection can be solved eas-
ily during inference time, without modifying mod-
els and preparing data.

However, copyright risk in code generation is
an important but under-explored domain. As pol-
icy, licensing, and responsible-deployment require-
ments become more intense (Friedmann, 2024,
Chiba-Okabe and Su, 2025; Gaffar and Albarashdi,
2025), LLMs are expected not only to generate ex-
ecutable programs, but also to avoid reproducing
protected implementations. In particular, verbatim
copying from training data can introduce severe
plagiarism and license-compliance risk (Yu et al.,
2023; Xu et al., 2025; Lee et al., 2024). Existing
code-copyright studies mainly focus on whether
generated code infringes existing programs, or on
provenance-oriented watermarking for code gener-
ation (Yu et al., 2023; Lee et al., 2024). In contrast,
works that directly prevent copyright-sensitive code
generation remain limited, especially during the in-
ference stage (freezing the backbone model, no
access to training data). A preliminary line of work
studies duplicate-aware controlled code generation
and uses targeted reordering during beam search to
reduce direct copying (Fu et al., 2026). Neverthe-
less, directly perturbing, reordering, or rewriting
generated content can hurt coherence, especially
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Figure 1: Top: Ilustration of prior CP-Fuse logit fusion, which directly fuses the distributions of a fusion code model
and a native-code model during inference. Middle: Illustration of our agreement-profile-controlled logit fusion.
AegisCodeGen first constructs a query-specific agreement profile from sampled prefixes, and then uses this profile
to gate the CP-Fuse output logits before producing the guided output distribution. In this way, copyright-aware
fusion is strengthened in safer regions and weakened near executable anchors. Bottom: Qualitative comparison
on a representative code-generation prompt. Compared with native CodeLLLM decoding and uniform CP-Fuse,
AegisCodeGen reduces protected-code overlap while preserving runnable code.

when the protected code target grows from an iso-
lated function to a larger project. More importantly,
such methods have ignored the power of the devel-
opment of code LLMs, which can generate strong
executable code.

Thus, we observe that copyright-aware code gen-
eration is facing the following challenges: 1) the
generated code should remain executable and func-
tionally correct; 2) Identifying where could con-
tain copyright-sensitive content; and 3) the method
should directly exploit the strong code-generation
ability of the existing LLM while still enforcing
copyright protection.

These observations motivate the central research
question we seek to address: can we transfer ef-
fective text-copyright enhancement methods (for
example fusion-based generation) to the code gen-
eration setting while preserving the original LLM’s
coding ability? To approach this, the key goal is to
1) preserve functional correctness and executability
(Utility) as much as possible, and 2) reduce the risk
of copyright-protected content reproduction. We
hypothesize that copyright control should not be ap-
plied uniformly to all generated tokens, instead, the

generation process should first identify where mod-
ification is safe and where the code contains struc-
tural anchors that should be preserved. Our prelimi-
nary analysis suggests that high-agreement regions
tend to correspond to structurally constrained code,
whereas low-agreement regions exhibit greater im-
plementation diversity and are therefore more suit-
able for copyright-aware intervention.

In this work, we propose AegisCodeGen (ACG),
a copyright-aware controlled generation framework
for code generation. Our key insight is that solving
this problem requires answering two questions: 1)
how to find the most editable regions (like the way
of adding perturbation), and 2) how to apply copy-
right enhancement in these regions with minimum
impact to executability. ACG treats copyright-
aware code generation as a targeted inference-time
control problem. It first estimates an agreement
profile over the generated program given query,
and then uses this profile to guide where and how
strongly copyright-aware fusion should be applied.
ACG mainly consists of two stages. In the 1st stage,
ACG performs multiple plan-search generations,
where each plan can be regarded as a high-level

57327



pseudo-code sketch of the target program, inspired
by (Wang et al., 2025a), thus constructing a region-
level agreement distribution as Profile, which in-
dicates where are likely to affect core logic after
modification. In the 2nd stage, ACG use the fu-
sion principle (Abad et al., 2025) and adaptively
assigns the fusion strength according to the Profile.
Thus ACG applies stronger copyright protection in
low-agreement regions and weaker logit shifts near
executable anchors.
Our contributions are summarized as follows:

* To the best of our knowledge, ACG is among
the first frameworks to study copyright-aware
controlled generation for code LLMs under
an inference-time scenario.

* We identify a key gap between text copyright
protection and code copyright protection: for
code generation, where to modify is as im-
portant as how to modify, and thus designed
an agreement-profile-guided copyright control
code generation.

* ACQG is a lightweight module that can be at-
tached to existing code generation pipelines
without retraining the base LLM.

* Through intense experiments, we demonstrate
that ACG reduces protected-content reproduc-
tion while preserving utility.

2 Related Work

Code Generation Enhancements One line of
work improves code generation through execu-
tion feedback and iterative refinement. Chen et al.
(2023) selects generated programs with generated
tests, Ni et al. (2023) learns an execution-aware ver-
ifier, Shinn et al. (2023) repairs failed attempts with
verbal feedback, and Zhang et al. (2025a) turns
self-generated tests into preference optimization.
Another line of work moves from local decoding
to plans and repository context. Le et al. (2024) im-
proves modular code through self-revision, Wang
et al. (2025a) searches over natural-language plans,
Islam et al. (2024) separates recall, planning, cod-
ing, and debugging, and Shrivastava et al. (2023);
Zhang et al. (2023); Cheng et al. (2024); Wang et al.
(2025b); Zhang et al. (2025b) show that reposi-
tory and retrieval signals improve code comple-
tion. These methods show that code LLMs can be
strengthened by tests, plans, and context; ACG in-
stead uses these signals to decide where copyright
control can be safely applied.

Code Copyright Enhancement One line of
work first makes code copyright risk measurable.
Yu et al. (2023) measures whether code LLMs re-
produce licensed programs, and Xu et al. (2025)
evaluates license compliance with striking simi-
larity and generated license information. Another
line of work studies provenance or structure-aware
protection. Lee et al. (2024) adapts watermark-
ing to low-entropy code, Jiang et al. (2021); Zhang
et al. (2025¢) show that AST-level structure can pre-
serve coherent program units, and Fu et al. (2026)
reduces direct copying with targeted beam reorder-
ing. These works move from risk assessment to
provenance and decoding control; ACG differs by
profiling editable regions and applying copyright-
aware fusion only where it is less likely to break
executability.

LLM Generation Copyright One line of work
studies copyright risk through memorization. Car-
lini et al. (2021) shows that language models can
emit memorized training examples, Carlini et al.
(2023) quantifies how memorization scales with
model and data factors, and Lee et al. (2022) re-
duces memorization through data deduplication.
Another line of work formalizes or detects copy-
right protection. Karamolegkou et al. (2023) stud-
ies copyrighted redistribution as verbatim memo-
rization, Meeus et al. (2024) uses copyright traps to
detect training-data use, Vyas et al. (2023) gives a
provable protection notion, and Abad et al. (2025)
implements adaptive model fusion at inference
time. These works establish the path from mem-
orization measurement to distribution-level copy-
right control; ACG transfers this path to code gen-
eration with executability-aware, region-level con-
trol.

3 Preliminaries

Copyright-Protecting Model Fusion CP-
Fuse (Abad et al., 2025)is an inference-time logit
fusion method for reducing copyrighted content
reproduction. It fuses the next-token distributions
of multiple models during autoregressive decoding.

At decoding step ¢, all models are conditioned
on the same prefix y«¢;. Each model outputs a
next-token logit vector over the same vocabulary:
zt(z) € RIVl | CP-Fuse then combines these logits
into a fused logit vector:

2 = CPFuse(zfl), zt(Q), ce z,gK)).
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The next token is sampled from the fused distribu-
tion y; ~ softmax(zf) and the selected token is
appended to the shared prefix. Therefore, all mod-
els remain synchronized on the same generated
sequence. If a copyrighted continuation is strongly
preferred by only one model, but not by the oth-
ers, CP-Fuse weakens this one-sided preference
through adaptive fusion. In this way, the gener-
ated sequence is less likely to follow a memorized
protected path.

However, CP-Fuse applies fusion throughout de-
coding and does not explicitly control how much
the fused distribution may deviate from the native
CodeLLM distribution. For code generation, such
deviation may affect code runability. This moti-
vates our method: instead of using CP-Fuse with
a fixed strength, we pre-compute a query-specific
profile that controls how strongly CP-Fuse should
guide each decoding step.

ACG take CP-Fuse as a base copyright-enhance
method, but the idea can be extended to turn more
text-based copyright-aware generation into code-
based copyright generation protection.

4 Methodology

4.1 Problem Statement

We study inference-time copyright-aware code gen-
eration with a frozen CodeLLM under CP-Fuse
architecture.

Our goal is to find a query-specific guidance
profile that controls how strongly Fusion should
happen at each decoding step ¢. The profile should
preserve the native executable-code prior in high-
agreement regions, while allowing stronger Fusion
guidance in low-agreement regions. We call the
Profile F'.

4.2 Method Overview

High-level workflow can be found in Fig. 1 Let z}
denote the native CodeLLLLM logits and z; denote
the CP-Fuse logits obtained by fusing the native
CodeLLM and the fusion CodeLLLM on the same
prefix y«;. Here, 2{ is the fused output of CP-
Fuse rather than the logits of the fusion CodeLLM
alone. We propose a two-stage framework. First,
we pre-run multiple code trajectories (inspired by
PlanSearch (Wang et al., 2025a)) for the same
query and build an agreement profile F\q from the
logit agreement between 2 and 2.

Second, during final decoding, ﬁq maps the
current agreement score to a continuous fusion

Algorithm 1 Query-Specific Agreement Profiling

Require: query ¢; CodeLLM; Fusion Model
1: Y « SampleCodeEvidence(q)
2: Aq +— 0
3: foreachy € )V do
4 for each prefix y; in y do
5 20 « NativeLogits(q, y<¢)
6: zf <= CPFuseLogits(q, y<¢)
7 pY < softmax(z?),
8 p§ < softmax(zf)
9 a; < 1 — Djs(pf, p})/ log2

10: Ag — Ay U{a}
11: end for
12: end for

13: F, < Empirical CDF(4,)
14: return Fy

strength s; € [0, 1], and the output Fused logits
are computed by

220 =20 5y (2 — zp).

4.3 Query-Specific Agreement Profiling

Algorithm 1 builds the query-specific agreement
profile. Line 1 samples multiple candidate code
trajectories for the same query (inspired by (Wang
et al., 2025a)). Lines 3-10 replay each sampled
trajectory prefix by prefix, so native logits and CP-
Fuse logits are always computed on the same prefix.
(Therefore, the method does not require aligning
token positions across different samples.)

Lines 5-8 compute a normalized agreement
score: (the normalized score a; = 1 —
Djs(p§,p?)/log 2 lies in [0, 1] because of Jensen-
Shannon divergence satisfies 0 < Djg < log?2)
larger values mean that the CP-Fuse output distri-
bution is closer to the native CodeLLLM distribution.
Lines 10 and 13 aggregate all agreement scores
into the empirical distribution profile , (by CDF),
which calibrates what high or low agreement means
for the current query.

4.4 Profile-Guided Fusion Decoding

Algorithm 2 applies the agreement profile during
final decoding. Lines 3—6 recompute native logits,
CP-Fuse logits, and their probability distributions
on the live prefix. This is important because the
final decoding trajectory may differ from the sam-
pled trajectories used in Algorithm 1. Thus, the
profile is not a fixed token-position mask; it is a
query-specific calibration function applied online.
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Algorithm 2 Profile-Guided Fusion Decoding

Require: query ¢; agreement profile ﬁq; native
CodeLLM; Fusion Model
1: yerp < 0
2: for decoding stept =1,2,...do
3: z) « NativeLogits(q, y<¢)
4: z{ < CPFuseLogits(q, y<t)
5: pY « softmax(z)), p§ < softmax(zf)
6: a1 — DJs(pf,p?A)/log2
7 s (1—ap) (1 — Fy(ar))
8 299 29 4 52§ — 20)
9: y < Decode(29")
10: Y<t4+1 £ Y<t O Yt
11: if y; is EOS then
12: break
13: end if
14: end for
15: return y

Line 6 computes the current agreement score,
and line 7 converts it into the fusion strength s;.
The product (1—a;)(1—Fj(as)) combines absolute
and query-relative disagreement, assigning weaker
fusion to high-agreement regions and stronger fu-
sion to low-agreement regions. Line 8 then inter-
polates between native logits and CP-Fuse logits.
Lines 9-14 continue standard autoregressive decod-

ing y.
5 Experiments

All Experiments are conducted on Nvida L40s
GPUs. Detailed configuration has been put into
the code file.

5.1 Experiment Setup

In all ACG experiments, we instantiate CP-Fuse
with two CodeLLMs: the native CodeLLM and
one fusion-partner CodeLLM, where the native
CodeLLM is one of the two CP-Fuse inputs.

Baseline Methods. We compare ACG with three
groups of copyright-aware code generation base-
lines. For copyright-infringement evaluation, we
include Overfit Split 1/2, SystemPrompt, Mem-
Free, CP-A, and CP-Fuse, covering overfitted ref-
erence models, prompt-only control, memorization-
suppression decoding, token-wise distributional
control, and adaptive model fusion (Abad et al.,
2025; Vyas et al., 2023). For code-IP mitigation,
we include the Baseline Model, public-domain

Fine-Tune, and Dynamic Filter under the Code-
Parrot and CodeRL settings (Yu et al., 2023).
For duplicate-aware decoding, we include Stan-
dard Beam Search, Output Regeneration, Training
Data Rewrite, TRBS w/o SAP, and full TRBS on
HumanEval-X (Fu et al., 2026). For function-level
executability, we evaluate pass@1 on APPS, MBPP,
and HumanEval (Hendrycks et al., 2021; Austin
et al., 2021; Chen et al., 2021).

Metrics. For the CP-Fuse copyright benchmark,
EM denotes exact-matching length, BLEU mea-
sures n-gram overlap, LEV denotes normalized
Levenshtein distance, and JP denotes the JPlag pla-
giarism score; lower EM, BLEU, and JP and higher
LEV indicate lower reproduction risk (Abad et al.,
2025; Prechelt et al., 2002; Papineni et al., 2002).
For CodelPPrompt, EM denotes expected maxi-
mum similarity, EP denotes the empirical probabil-
ity of producing at least one high-similarity candi-
date, and Pass@k measures code synthesis success
over k generated candidates (Yu et al., 2023). For
TRBS, LCS denotes the longest common subse-
quence length between the generated code and the
protected reference, while ACC denotes execution
accuracy on HumanEval-X (Fu et al., 2026). For
executability, APPS, MBPP, and HumanEval are
evaluated by pass@1. We emphasize that EM is
overloaded across tables: it means exact-matching
length in CP-Fuse but expected maximum similar-
ity in CodelPPrompt.

5.2 Main Results

5.2.1 Reducing Exact Reproduction.

Table 1 shows that ACG consistently achieves
lower copyright-infringement risk than CP-Fuse
on both splits. In particular, the reduced exact-
match length and low plagiarism score indicate
that ACG is effective at suppressing long-span
verbatim reproduction. Concretely, compared with
CP-Fuse, ACG reduces the 95th-percentile EM
from 69.58 to 55.37 on Split 1 and from 68.04
to 53.91 on Split 2, while also lowering JP from
0.03 to 0.02 on both splits. These paired improve-
ments suggest that region-aware fusion provides
stronger copyright protection than applying fusion
uniformly during decoding.

Table 1 shows that ACG further suppresses
high-risk exact reproduction while keeping pla-
giarism signals low. Notably, the absolute EM
gap of roughly 14 tokens at the 95th percentile
(69.58—55.37 on Split 1; 68.04—53.91 on Split 2)
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Table 1: Copyright-infringement metrics averaged at
the 95th percentile. EM denotes exact matching length;
JP denotes JPlag. Lower is better for EM and JP.

Method Split EM| JP|
Overfit Split 1~ Split1 1469.80 1.00
Split 2 44.60 0.01
Overfit Split2  Split 1 42.64 0.01
Split2  1393.88 0.99
SystemPrompt  Split 1 1360.68 1.00
Split2  1373.16 0.99
MemFree Split1 16548 0.99
Split2 15736 0.96
CP-A Split1 27320 1.00
Split2  284.80 0.99
CP-Fuse Split 1 69.58 0.03
Split 2 68.04 0.03
Ours Split 1 55.37 0.02
Split 2 5391 0.02

is large enough to move many cases out of the
“long-span copy” regime, even though both meth-
ods already keep JP close to zero. Equivalently, if
we view the 95th percentile as a “worst-case” slice,
then ACG removes about 1 out of every 5 tokens
from these long exact-match segments compared
with CP-Fuse, which directly lowers the chance
that a generated function contains a contiguous,
license-relevant copied block.

We also note that the reduction is symmetric
across splits (20.4% vs. 20.8%), whereas the over-
fitted reference models swap which split is catas-
trophic (e.g., 1469.80 vs. 44.60 for Overfit Split 1).
This indicates that the region-aware controller is
not relying on a split-specific quirk, but rather pro-
vides a stable mitigation effect when the test set
changes. The gain over CP-Fuse supports the cen-
tral claim that copyright control should be applied
according to editable regions rather than uniformly
over the whole decoding path.

Tail behavior of exact reproduction. Figure 2
complements the aggregate copyright metrics in
Table 1. Compared with CP-A, both CP-Fuse and
ACG shift the distribution toward shorter exact
matches and substantially reduce the long-tail be-
havior. ACG is visually better than, CP-Fuse in
the high-risk region, suggesting that region-aware
copyright control can further suppress long-span
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= ACG
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— [} N
w (=] w
1 A )

—_
(=}
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Figure 2: Histogram of exact-matched substring lengths
on the Python Instructions setting. We compare the
tail behavior of CP-A, CP-Fuse, and ACG. A better
method should place more mass on shorter matches and
suppress the long-match tail, indicating lower verbatim
code reproduction risk.

verbatim code reproduction. This is consistent with
the 95th-percentile EM reduction in Table 1, where
ACG removes about one-fifth of the longest exact
matches relative to CP-Fuse. This result is consis-
tent with our goal: reduce dangerous copying while
avoiding unnecessarily strong intervention over the
entire generation, i.e., applying stronger control in
regions identified as more editable by the profile.

5.2.2 Safety—Utility Trade-off.

Table 2 shows that ACG achieves stronger IP-risk
mitigation without the severe pass-rate drop caused
by aggressive filtering. Numerically, under the
CodeParrot setting, ACG reduces EM from 0.31 to
0.22 when moving from the Baseline-Model col-
umn to the Dynamic-Filter column (and similarly
keeps EP low at 0.018—0.011), while pass@1 only
changes from 3.73% to 3.49% (a relative drop of
6.4%). The same stability holds for broader sam-
pling: pass@10 drops from 6.34% to 5.72% and
pass@100 drops from 9.27% to 8.66%, indicat-
ing that the mitigation does not disproportionately
harm diversity-based success.

In contrast, dynamic filtering on the original
CodeParrot backbones drives EP to 0.00 but also
reduces pass@1 substantially (e.g., 3.84%—1.46%
for CodeParrot-1.5B, a 62.0% relative drop).
The pattern is similar for CodeParrot-110M
(3.41%—1.17%), which highlights the typical fail-
ure mode of hard filtering: it eliminates risky can-
didates by pruning a large portion of the model’s
high-probability space, thereby losing solvable tra-
jectories.

Compared with fine-tuning, ACG achieves com-
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parable or lower EM (e.g., 0.22 vs. 0.67 for
CodeParrot-1.5B fine-tune, and 0.22 vs. 0.40
for CodeParrot-1.5B dynamic filter) while keep-
ing utility close to the baseline. Under CodeRL,
ACG maintains the same pattern: EM decreases
from 0.27 to 0.22 with a modest pass@1 change
from 3.68% to 3.49%. Overall, these numbers
support the claim that adaptive fusion can reduce
risky similarity while preserving the native code-
generation prior, rather than relying on a binary
accept/reject mechanism.

5.2.3 Structure-Aware Protection.

Table 3 shows that ACG reduces protected-
reference overlap while maintaining strong exe-
cution accuracy. For example, relative to Standard
Beam Search, ACG substantially lowers LCS on
Python (65.68—34.76, a 47.1% reduction) while
keeping ACC nearly unchanged (80.49—79.27).
Similar trends hold across languages: LCS drops
on JavaScript from 37.74 to 21.87 with ACC re-
maining competitive (76.83—72.38), indicating
that overlap reduction does not require collapsing
to low-quality rewrites.

Beyond these two languages, we observe consis-
tent overlap suppression on Java (103.27—52.63,
a 49.0% reduction), Go (55.44—27.92, a 49.6%
reduction), and C++ (60.81—31.68, a 47.9% reduc-
tion). Meanwhile, ACC remains within a moder-
ate range (74.71/62.84/59.37 respectively), which
is notably higher than methods that over-correct
by rewriting too aggressively. For instance, Train-
ing Data Rewrite indeed reduces LCS substantially
(e.g., Python 50.57 and Java 57.29), but this comes
with severe accuracy collapse in some languages
(e.g., Java ACC 21.95 and C++ ACC 32.32), sug-
gesting that indiscriminate rewriting can break exe-
cutable anchors.

Compared with TRBS variants, ACG achieves
comparable or lower LCS in several languages
(e.g., JavaScript 21.87 vs. 24.24-27.53 for TRBS
w/o SAP), while avoiding the larger ACC degrada-
tion seen at stronger TRBS w/o SAP settings (e.g.,
Python ACC 79.27 vs. 60.98 at TRBS w/o SAP
a = 5). This gap suggests that our controller is
not simply increasing a global penalty coefficient;
instead, it selectively edits the portions most re-
sponsible for protected overlap while keeping the
execution-critical anchors stable.

Overall, the cross-language pattern suggests that
the profile-guided controller protects executable an-
chors and applies stronger modification only where

ACG

0 0.5 1.0 15
Normalized latency (x clean inference)

Figure 3: Time complexity comparison. Runtime is

normalized by clean CodeL LM inference.

it is safer.

5.3 Time Complexity

Figure 3 shows that the runtime overhead of
ACGis modest. Compared with clean inference,
CP-Fuse introduces the main additional cost from
fusion. ACG only adds query-specific profile com-
puting on top of CP-Fuse, increasing normalized
latency from 1.40x to 1.45x. Thus, the cost of
our agreement-profile stage is small relative to the
decoding and fusion cost, while the full pipeline
remains well below 2x clean inference. This sup-
ports our claim that ACG is a lightweight inference-
time copyright-control module rather than a post-
training or retraining-based method.

5.4 Executability and Utility

Preserved Code Utility. Table 4 shows that
ACG preserves strong task utility across standard
code-generation benchmarks. This confirms that
the proposed control does not over-regularize gen-
eration, but instead keeps the base CodeLLM capa-
bility effective during copyright-aware decoding.

We further provide a preliminary analysis of the
relationship between agreement and executability
sensitivity in Appendix B.5.

6 Conclusion

In this paper, we introduced ACG, an inference-
time framework for copyright-aware code gener-
ation. Unlike prior copyright-protection methods
that apply generation control uniformly, ACG for-
mulates code copyright protection as a region-
aware control problem. The key insight is that
copyright-aware decoding for code should not only
decide how to modify the generation, but also iden-
tify where such modification can be safely applied
without disrupting executable program structure.
ACG addresses this challenge through a two-
stage design. It first constructs a query-specific
agreement profile from multiple sampled code tra-
jectories, estimating which regions are more sen-
sitive to functional correctness. It then uses this
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Table 2: Performance of mitigation strategies compared to baseline models under the CodeParrot and CodeRL

frameworks.
Baseline Model
Model EM EP Pass@l Pass@10 Pass@100
CodeParrot-110M 0.9800. 0.99 3.41% 5.39% 7.02%
CodeParrot-1.5B 0.99, 099 3.84% 6.77% 10.02%
CodeT5-large 0.11,,, 0.04 0.00 0.00 0.00
CodeT5-large-ntp-py  0.92,,,  0.99 1.40e-05 1.30e-04 8.00e-04
ACG 0.31y0; 0.018 3.73% 6.34% 9.27%
Fine-Tune
Model EM EP Pass@l Pass@10 Pass@100
CodeParrot-110M 0.71,,5 0.70 3.56% 5.17% 7.44%
CodeParrot-1.5B 0.67g.s  0.69 3.14% 5.84% 8.28%
CodeT5-large 0.715,5 0.68 1.70e-03 7.78e-03 0.02
CodeT5-large-ntp-py  0.82,,, 0.87 2.48e-03 8.64e-03 0.02
ACG 0.27y0¢ 0.014 3.68% 6.18% 9.03%
Dynamic Filter
Model EM EP Pass@1 Pass@10 Pass@100
CodeParrot-110M 0.46005s  0.00 1.17% 1.69% 3.28%
CodeParrot-1.5B 0.400..0 0.00 1.46% 2.11% 2.78%
CodeT5-large 0.1005  0.00 0.00 0.00 0.00
CodeT5-large-ntp-py 0.47,,  0.00 0.00 2.83e-05 1.42e-05
ACG 0.2254, 0.011 3.49% 5.72% 8.66%
profile to adaptively control the fusion strength ~ Limitations

between the native CodeLLM logits and copyright-
protective CP-Fuse logits. As a result, stronger
copyright protection is applied in low-agreement
regions, while weaker intervention is used near
executable anchors. Extensive experiments demon-
strate the effectiveness of ACG across multiple
copyright-aware code-generation settings. The re-
sults show that ACG reduces protected-content
reproduction, suppresses long-span verbatim copy-
ing, while preserving runnability and general code-
generation utility.

These findings validate our central claim that
copyright-aware code generation requires region-
aware, executability-preserving control rather than
uniform decoding perturbation. Overall, ACG pro-
vides a lightweight and practical copyright-aware
module, and provides one of the first insights into
inference-time copyright-aware code generation.

No legal guarantee. Our evaluation metrics mea-
sure memorization and protected-content reproduc-
tion as engineering proxies; they do not directly
establish copyright infringement or license.

Scope of protection. Our control primarily tar-
gets verbatim or highly overlapping generations
and may be less effective when lexical overlap is
low but structural similarity remains high.

Repository-level deployment. Our evaluation is
primarily function-level; repository-scale integra-
tion involving APIs, dependencies, and cross-file
interactions remains future work.

Ethical Considerations

ACG is intended as a technical mitigation for re-
ducing reproduction of protected code. It does not
determine copyright ownership, infringement, or

57333



Table 3: Averaged comparative results for structure anchor protection on HumanEval-X. LCS denotes longest
common subsequence length; ACC denotes execution accuracy. Lower is better for LCS; higher is better for ACC.

LCS|
Method Python Java JavaScript Go C++
Qwen3-8B — Standard Beam Search 65.68 103.27 37.74 55.44 60.81
Qwen3-8B — Output Regeneration 58.63 95.43 3493 44.66 58.02
Qwen3-8B — Training Data Rewrite 50.57  57.29 27.74 3896 22.87
Qwen3-8B — TRBS (a = 2) 55.16  70.57 26.45 39.55 39.60
Qwen3-8B — TRBS (a = 3) 4330 63.48 2293 3344 35.07
Qwen3-8B — TRBS (a = 4) 41.27 55.64 22.31 3043 33.99
Qwen3-8B — TRBS (a = 5) 38.62 5351 2241 29.06 33.51
Qwen3-8B — TRBS w/o SAP (« =2) 5391  73.70 27.53 39.76 39.09
Qwen3-8B — TRBS w/o SAP (« =3) 40.64 67.75 25.10 35.70 35.24
Qwen3-8B — TRBS w/o SAP (o =4)  38.61  60.07 2433 3337 3423
Qwen3-8B — TRBS w/o SAP (¢ =5)  36.08 57.89 2424 3390 3459
ACG 34776  52.63 21.87 2792 31.68
ACC?T
Method Python  Java JavaScript Go C++
Qwen3-8B — Standard Beam Search 80.49 80.49 76.83 65.85 69.51
Qwen3-8B — Output Regeneration 75.00 6341 70.12  54.27 61.59
Qwen3-8B — Training Data Rewrite 78.66 21.95 4098 3293 3232
Qwen3-8B — TRBS (a = 2) 80.49 64.63 61.59 51.22 48.78
Qwen3-8B — TRBS (a = 3) 78.66 51.83 55.49 48.17 40.85
Qwen3-8B — TRBS (o = 4) 75.61 42.68 58.54 4390 39.63
Qwen3-8B — TRBS (a = 5) 73.78 37.80 58.54 39.63 43.90
Qwen3-8B — TRBS w/o SAP (« =2)  77.44 67.68 67.68 54.88 52.44
Qwen3-8B — TRBS w/o SAP (¢ =3)  69.51 60.98 67.07 56.10 52.44
Qwen3-8B — TRBS w/o SAP (« =4)  67.07 60.37 68.90 5549 5244
Qwen3-8B — TRBS w/o SAP (« =5)  60.98 64.02 67.07 56.10 52.44
ACG 79.27 7471 72.38 62.84 59.37

license compliance and should not replace legal or

Table 4: Utility metrics across datasets. Pass@1 is
reported for APPS, MBPP, and HumanEval. Higher is
better.

Method APPS MBPP HumanEval
Overfit Split 1 0.43 0.44 0.29
Overfit Split 2 0.42 0.44 0.28
SystemPrompt  0.41 0.43 0.29
MemFree 0.32 0.41 0.24
CP-A 0.45 0.46 0.29
CP-Fuse 0.47 0.43 0.28
ACG 0.48 0.46 0.31

provenance review in deployment.

ACG is designed to be used as a guardrail within
a broader responsible-development workflow. In
practice, developers should pair it with dataset doc-
umentation, model cards, and clear user-facing dis-
closures about training data uncertainty and the
residual risk of memorization.

While our method aims to suppress long-span
verbatim copying, it may still generate code that
is substantially similar to protected content at the
semantic or structural level.
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Appendix
A Al Usage Disclosure

Al are used for polishing writing and code editing
in this paper.

B More Experiments

B.1 Implementation and Profile Robustness

Stage 1 uses top-p 0.95, and at most 128 new to-
kens; experiments use bf16. Profile stability im-
proves as the sampling budget increases: the split-
half KS distance decreases from 0.176 at N = 2 to
0.061 at N = 16.

Unless otherwise stated, reported results are ob-
tained from a single evaluation run.

B.2 Scalability

Additional experiments on Qwen3-14B and
Qwen3-32B show that ACG remains effective as
model scale increases, with comparable reductions
in protected-code overlap while preserving execu-
tion accuracy.

B.3 Broader Threat Model

We focus on black-box elicitation of memorized
protected code, where an adversary issues prompts
and observes model outputs without access to
model weights, logits, or the ACG controller. Ac-
cordingly, ACG targets verbatim or near-verbatim
continuation along memorized paths; copyright
risks that do not arise through this reproduction
mechanism remain outside its scope.

Vulnerability-Profile Validation
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AUROC = 0.98 A
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Figure 4: Agreement-profile validation. Each point
denotes a code region.

B.4 Representative Failure Cases

We highlight three representative failure modes.
HE-01 (semantic drift): profile-guided fusion
changes a loop stopping condition, causing an off-
by-one error.

seq = [0, 1]
while len(seq) < n - 1:
seq.append(seq[-1] + seq[-21)

APPS-03 (complexity regression): a runnable
BFS solution uses list.pop(@), preserving the
BFS logic but degrading efficiency. LCE-06 (false-
safe structural overlap): lexical overlap decreases
while program structure remains close to the pro-
tected pattern.

B.5 Preliminary Agreement-Profile Validation

Figure 4 supports the core design of ACG:
copyright-aware fusion should be region-adaptive
rather than uniformly applied.

B.6 Dataset Statistics.

Following CP-Fuse, we use separate evaluation
sets of 500 prompts each for APPS, MBPP, and
HumanEval. HumanEval-X contains 820 eval-
uation samples, with 164 samples for each of
Python, Java, JavaScript, Go, and C++. We use
the original benchmark splits and introduce no new
train/dev/test splits.
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