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Abstract

Large language models sometimes inadvertently reproduce
passages that are copyrighted, exposing downstream appli-
cations to legal risk. Most existing studies for inference-time
defences focus on surface-level token matching and rely on
external blocklists or filters, which add deployment com-
plexity and may overlook semantically paraphrased leakage.
In this work, we reframe copyright infringement mitigation
as intrinsic semantic-space control and introduce SCOPE,
an inference-time method that requires no parameter up-
dates or auxiliary filters. Specifically, the sparse autoencoder
(SAE) projects hidden states into a high-dimensional, near-
monosemantic space; benefiting from this representation, we
identify a copyright-sensitive subspace and clamp its acti-
vations during decoding. Experiments on widely recognized
benchmarks show that SCOPE mitigates copyright infringe-
ment without degrading general utility. Further interpretabil-
ity analyses confirm that the isolated subspace captures high-
level semantics.

1 Introduction
Large language models (LLMs) have demonstrated impres-
sive capabilities in generating high-quality content. How-
ever, a surge of copyright lawsuits from media organizations
and creators has raised serious legal concerns, particularly
regarding the potential reproduction of copyrighted mate-
rial from training data (Yu et al. 2023; Duan 2024; Brunetti
2024; Stratton 2024). Consequently, mitigating copyright in-
fringement in LLMs has emerged as a pressing and essential
research challenge.

Existing defenses against copyright infringement gener-
ally fall into three research directions: preprocessing fil-
ters to exclude copyrighted material (Kandpal, Wallace, and
Raffel 2022; Sag 2023), training-time interventions such
as Near Access-Freeness and selective unlearning (Abad
et al. 2024; Xu et al. 2025), and inference-time controls.
While preprocessing and training-time methods offer struc-
tural guarantees, they are computationally intensive and lack
post-deployment flexibility—particularly when new pro-
tected content emerges. In contrast, inference-time tech-
niques offer adaptability without modifying model parame-
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ters, making them more attractive and practical in real-world
settings.

However, most prior inference-time methods rely heav-
ily on external artifacts such as blocklist corpora or bloom
filters (Ippolito et al. 2023; Shi et al. 2024), which require
costly string-level comparisons or real-time rewriting. These
mechanisms increase system complexity and may degrade
fluency (Zhang et al. 2025). This motivates a question: Can
we eliminate these external mechanisms and enable LLMs
to intrinsically avoid generating infringing content?

Therefore, we shift from surface-level output filtering
to intrinsic semantic space control. Inspired by the seman-
tic subspace hypothesis (Park et al. 2023; Ferrando et al.
2024), we consider the possibility that copyrighted con-
tent may correspond to a distinct and identifiable subspace
within the representation space of LLMs. If such a copy-
righted subspace can be identified and effectively suppressed
during LLM inference, infringement can be mitigated intrin-
sically.

“Once the mind ordains its inner limits, outward con-
duct is thereby governed.”

— Record of Rites
The primary technical challenge arises from the polyse-

manticity of LLM neurons: individual neurons often encode
multiple concepts (Olah et al. 2020). This semantic entan-
glement makes it difficult to isolate subspaces specifically
associated with copyrighted content. Consequently, two
critical research questions emerge: identifying copyright-
sensitive subspaces and intervening in them to achieve ef-
fective copyright protection.

To address these challenges, we propose SCOPE, a two-
stage method built on the sparse autoencoder (SAE). In
the first stage, dense hidden states are mapped into a high-
dimensional sparse space with monosemanticity. Leverag-
ing this property, we define the ideal copyrighted subspace
and develop a practical algorithm to estimate it. In the sec-
ond stage, we apply feature clamping during decoding to
suppress activations in this subspace, thereby reducing the
risk of reproducing protected content. Experimental results
show that, compared to baselines, SCOPE achieves superior
copyright protection performance while maintaining general
utility.

Moreover, we provide empirical validation of the sub-
space hypothesis by demonstrating that sparse space enable

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

34897



clearer separation between copyrighted and general content.
Through feature semantic interpretation and reverse inter-
ventions, we confirm that the copyrighted subspace achieves
isolation at the semantic level.

Our contributions are summarized as follows:

• Novel Subspace Perspective: We frame copyrighted
content as residing in a distinct semantic subspace of
LLM representations and develop an efficient method to
identify the copyrighted subspace.

• Semantic-Level Mitigation: Our SCOPE framework
clamps high-risk semantic features at decode time with-
out external filters, operating at the semantic level rather
than via surface token matching.

• Effectiveness and Interpretability: SCOPE delivers
substantial reductions in copyright leakage while pre-
serving overall model utility, with semantically meaning-
ful controls.

2 Preliminaries
2.1 Semantic Space in LLMs
In LLMs, each layer produces a hidden state (embedding
vector) h ∈ Rd for every input token. The collection of all
possible hidden states at a given layer therefore defines a d-
dimensional semantic space, which serves as the model’s
internal representation of meaning at that processing stage.

Polysemanticity It is a well-documented phenomenon in
these spaces: individual neurons often encode multiple, un-
related concepts simultaneously. Such superposition of neu-
rons makes direct interpretation of single dimensions dif-
ficult (Olah et al. 2020; Elhage et al. 2022). As a result,
methods that seek to identify and control specific semantic
attributes must first disentangle these overlapping represen-
tations into more sparse subspaces.

2.2 SAE and Sparse Space
Sparse Autoencoder (SAE) is a neural module that projects
the dense hidden states of an LLM into a higher-
dimensional, sparse semantic space. Its core motivation is
to address polysemanticity by mapping activations into dis-
entangled, interpretable directions.

Given a hidden state vector h ∈ Rd, the SAE applies an
encoder f : Rd → Rk and a decoder g : Rk → Rd, with
k ≫ d:

z = f(h) = JumpReLU(Wench+ be) (1)

ĥ = g(z) = Wdecz+ bd (2)

Here, z ∈ Rk is the sparse, high-dimensional vector, and
ĥ is the reconstructed hidden state fed back into the LLM’s
residual stream. JumpReLU(x) is a variant of ReLU that
enforces strict sparsity by zeroing out small activations, with
the detailed formulations included in Appendix A. More-
over, the training of SAEs is not complicated, and some have
been publicly available, for instance, the GemmaScope fam-
ily (Lieberum et al. 2024).

Monosemanticity The vector z defines a k-dimensional
sparse semantic space. To enforce sparsity, the SAE is
trained with a reconstruction objective augmented by a spar-
sity penalty, yielding a disentangled, interpretable encoding
of the original hidden state. Empirical studies confirm that,
activations from SAE exhibit monosemanticity rather than
semantic superposition (Cunningham et al. 2023; Pach et al.
2025). This architecture enables each dimension of z to cor-
respond to distinct narrative or thematic elements (e.g., di-
alogue, temporal markers, topic shifts), enabling interpreta-
tion and targeted intervention.

2.3 SAE-Induced Semantic Subspaces
Given a hidden state vector h ∈ Rd from an LLM, we obtain
its sparse encoding z = [z1, . . . , zk] ∈ Rk via a pretrained
SAE. The resulting sparse semantic space is designed so that
each dimension zi captures disentangled concepts.

More formally, for any index set of dimensions I ⊆
{1, . . . , k}, we define the projection:

(
PI(z)

)
i
=

{
zi, i ∈ I
0, i /∈ I (3)

Then the semantic subspace associated with I is

S = S(I) =
{
z ∈ Rk | PI(z) = z

}
(4)

namely the set of sparse activations supported only on the
chosen dimensions.

Subspace Hypothesis Evidence suggests that distinct se-
mantic attributes (such as gender bias, unknown entity, or
syntax) tend to align with specific directions in embedding
spaces (Bolukbasi et al. 2016; Park et al. 2023; Ferrando
et al. 2024). By extension, we hypothesize that the SAE-
induced sparse space assigns most interpretable concepts to
distinct linear subspaces. Consequently, activations for each
concept concentrate within a subspace S , allowing us to iso-
late and control it simply by projecting onto or away from
S .

3 Methodology
Building on the subspace hypothesis, we introduce
Subspace-oriented Copyright Protection (SCOPE), a two-
stage method for LLM infringement prevention. In the first
stage (Section 3.1), we identify the copyrighted sub-
space, whose constituent dimensions activate preferentially
on copyrighted content. In the second stage (Section 3.3), we
clamp this subspace at inference time to suppress copyright-
sensitive outputs.

3.1 Identifying the Copyrighted Subspace
We center our investigation on three core questions: (1) Tar-
get: What is the ideal copyrighted subspace? (2) Distance:
How do we quantify a candidate subspace’s deviation from
that ideal? (3) Approach: How do we empirically refine our
subspace to better approximate the target?
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(a) Activation in dense vs. sparse semantic spaces. Points represent activations of dimen-
sions in the LLM dense space (left) and SAE-induced sparse space (right).

(b) Activation in full semantic space.

(c) Activation in estimated subspace Ŝ.

Figure 1: Visualization of semantic separation and subspace discrimination. (a) SAE sparse space enables better separation
of copyright-sensitive dimensions. (b) In the full space, activations for both corpora overlap. (c) In the estimated subspace Ŝ ,
activations become clearly separable.

Ideal Copyrighted Subspace (Target) We aim to iden-
tify a subspace that captures only and exactly the seman-
tics of copyrighted corpus. Formally, let Ccr and Cgen de-
note the copyrighted and general corpora, respectively. Each
input text x ∈ C is encoded by the SAE into a sequence
of k-dimensional vectors. We then apply token-level max
pooling over that sequence to obtain the final sparse vector
z(x) ∈ Rk. The ideal copyrighted subspace S∗ should cor-
respond to an index set I∗ that satisfies the following two
properties:
1. Coverage: For each sample xcr ∈ Ccr, each dimension

i ∈ I∗ of z(xcr) should exceed an activation threshold:

z
(xcr)
i > τ, ∀xcr ∈ Ccr, i ∈ I∗ (5)

2. Exclusivity: For each xgen ∈ Cgen, each dimension i ∈
I∗ of z(xgen) should be zero:

z
(xgen)
i = 0, ∀xgen ∈ Cgen, i ∈ I∗ (6)

Copyright Alignment Score (Distance) Although the op-
timal subspace S∗ = S(I∗) defines an ideal target, it is
unattainable in practice due to potential residual polyseman-
ticity, even after the SAE transformation.

Consequently, we loosen the strict Coverage and Exclu-
sivity constraints and introduce an empirical metric, called
Copyright Alignment Score, to assess the quality of any
candidate subspace S:

Q(S) = E i∼I
xcr∼Ccr

xgen∼Cgen

[
I
(
z
(xcr)
i > z

(xgen)
i

)]
(7)

This score measures the probability that a randomly se-
lected dimension in S has a higher activation on a copy-
righted sample than on a general sample. In other words, it
captures the degree to which S preferentially responds to Ccr
over Cgen.

It behaves as follows in two extreme cases:

• Ideal subspace: If S = S∗, then each dimension in S
activates exclusively for copyrighted inputs. Hence for
all i ∈ I∗, z(xcr)

i > z
(xgen)
i , yielding Q(S∗) = 1.

• Neutral subspace: If S lacks preferential information,
so that activations for Ccr and Cgen are drawn from the
same distribution, thenQ(S) ≈ 0.5, indicating that there
is no preference in activation.
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Constructing the Empirical Copyrighted Subspace (Ap-
proach) Exhaustively evaluating Q(S) over all 2k possi-
ble subspaces is practically infeasible. We therefore simplify
this computation by using the following upper bound (proof
included in Appendix B.2):

Q(S) ≤ max
i∈I
Q(i) (8)

Here,Q(i) is a shorthand forQ
(
S({i})

)
. This bound im-

plies that the score of any subspace is upper-bounded by the
best individual dimension. Consequently, adding any lower-
scoring dimension cannot increase (and often reduces) the
overall alignment score. This observation turns subspace
search into the simpler problem of identifying high-scoring
single dimensions.

We rank all dimensions by their Copyright Alignment
Scores Q(i) and keep the top n:

Î =
{
i | Q(i) ≥ θn

}
, (9)

where θn is the cutoff equal to the n-th largest score. While
this greedy selection may not be optimal when activations
are correlated, it still offers a reliable approximation and
runs in linear time. The parameter n controls a trade-off
between subspace compactness and approximation fidelity.
And the empirical copyrighted subspace is Ŝ = S(Î).

3.2 Validation of the Copyrighted Subspace
Before detailing the protection mechanism, we empirically
validate the quality and behavior of the estimated subspace
Ŝ . We begin by validating two key questions of our ap-
proach: (1) Dense Space → Sparse Space, whether the
SAE-transformed space contains localized dimensions re-
sponsive to copyrighted material; (2) Sparse Space →
Copyrighted Subspace, whether the estimation method in
Section 3.1 can effectively identify such a subspace from
data. Experimental setup is detailed in Section 4.1 and Ap-
pendix C.1.

Semantic Separation in Sparse Space We evaluate
whether SAE facilitates the separation of copyrighted infor-
mation by comparing dimension-wise activations across cor-
pora. For each semantic dimension, we compute its average
activation on the general (x-axis) and copyrighted (y-axis)
corpora, and plot the results in Figure 1a. Each point repre-
sents one dimension in the semantic space.

In the original LLM space (Figure 1a left), most dimen-
sions cluster near the diagonal y = x, reflecting similar aver-
age activations across the two corpora. In contrast, the SAE-
Induced space (Figure 1a right) exhibits greater dispersion,
with some dimensions appearing in the upper-left quadrant–
indicating strong activation on copyrighted content and min-
imal activation on general content.

Effectiveness of Empirical Subspace Estimation We
evaluate the quality of the estimated subspace Ŝ by compar-
ing activation distributions in the full sparse semantic space
and in Ŝ itself.

As shown in Figure 1b, activations across general and
copyrighted corpora are highly overlapping in the full space,

indicating poor separability. In contrast, Figure 1c shows
that within Ŝ , copyrighted inputs consistently activate the
selected dimensions, while general content remains largely
inactive. Both plots visualize the activation threshold τ = 5
(Details are provided in Appendix C.2).

Takeaways SAE disentangles semantic dimensions, mak-
ing copyright-sensitive dimensions more localized and sep-
arable. The estimated subspace Ŝ exhibits strong semantic
selectivity, empirically validating our Subspace Hypothesis
(Section 2.3) and demonstrating the effectiveness of isolat-
ing copyright-sensitive dimensions.

3.3 Copyrighted Subspace Protection
In the second stage, SCOPE operates directly on the sparse
semantic representation to prevent the model from reproduc-
ing protected content.

We implement a simple yet effective mechanism called
feature clamping (Bricken et al. 2023). At each decod-
ing step, we first project the hidden state h ∈ Rd into
the sparse semantic space via the pretrained SAE encoder:
z = f(h) ∈ Rk. We apply feature clamping by modifying
each semantic dimension zi in the sparse activation vector
z. For any dimension in the copyrighted subspace Ŝ , if its
activation exceeds a threshold τ , we suppress it to zero:

zi ←
{
0, if i ∈ Î and zi > τ

zi, otherwise
(10)

The operation ensures that only activated dimensions within
the subspace are suppressed, preserving general semantics
outside Ŝ .

After clamping, we reconstruct ĥ via SAE decoder ĥ =
g(z) ∈ Rd and add the reconstruction error, then fed back
into the LLM’s residual stream, ensuring that all subsequent
decoder generate from the suppressed subspace.

Interpretation Unlike previous approaches that rely on
surface-level similarity, such as n-gram or vector embed-
ding comparisons (Ippolito et al. 2023; Wei et al. 2024), our
method achieves semantic-level isolation by directly sup-
pressing neural activations within a subspace linked to copy-
righted content. This mechanism steers the model’s genera-
tion away from risky semantic subspace, while leaving un-
related conceptual intact. And it is lightweight, integrates
seamlessly into decoding, and offers interpretability.

4 Experiments
4.1 Setups
Datasets We assess copyright infringement risk using the
commonly-used COTAEVAL benchmark (Wei et al. 2024),
which focuses on two common forms of text involved in
copyrighted cases: news articles (NEWSQA) and books
(BOOKSUM). Infringement is evaluated by measuring the
extent to which an LLM’s continuations reproduce protected
source material. The benchmark also includes blocklisted
and in-domain performance retention assessments, as de-
tailed in Wei et al. (2024). General utility is measured on
the 57-task MMLU suite (Hendrycks et al. 2021). Further
details are provided in Appendix E.1.
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Win Rate on Mitigation Metrics (↑, %) Utility Preservation (↑)
Model Method Semantic

Similarity
MinHash
Similarity

Levenshtein
Distance

Average
win rate

Blocklisted
F1

In-Domain
F1

Vanilla 12.1 11.3 15.2 12.9 60.9 62.6
System Prompt 25.0 24.8 26.2 25.3 60.2 61.8

Top-k Perturbation 42.3 49.4 49.0 46.9 13.3 8.5
MemFree 67.7 62.5 63.4 64.5 55.9 61.4
R-CAD 65.5 62.9 63.6 64.1 58.5 60.1

Gemma-2

SCOPE (Ours) 74.1 69.7 71.2 71.7 59.4 62.6

Vanilla 16.5 14.2 18.3 16.3 59.3 62.5
System Prompt 27.2 26.2 20.8 24.7 59.2 62.5

Top-k Perturbation 38.6 43.4 41.7 41.2 14.7 11.0
MemFree 60.1 70.6 62.2 64.3 53.5 60.2
R-CAD 68.2 64.5 68.1 66.9 58.8 61.9

Llama-3

SCOPE (Ours) 73.5 68.6 68.5 70.2 59.2 62.1

Table 1: Results of different methods on NewsQA. Columns 3-5 show win rates on infringement mitigation metrics, and column
6 gives the average win rate. The rightmost columns report utility preservation metrics. SCOPE achieves the highest average
win rate in regurgitation risk while maintaining utility near the baseline.

Win Rate on Mitigation Metrics (↑, %) Utility Preservation (↑)
Model Method Semantic

Similarity
MinHash
Similarity

Levenshtein
Distance

Average
win rate

Blocklisted
ROUGE-L

In-Domain
ROUGE-L

Vanilla 5.8 8.5 6.1 6.8 28.1 32.2
System Prompt 30.1 24.8 29.0 28.0 28.1 31.9

Top-k Perturbation 55.4 56.1 56.8 56.1 25.1 29.4
MemFree 54.2 55.6 37.1 49.0 28.0 32.1
R-CAD 62.5 61.0 66.5 63.3 28.1 31.5

Gemma-2

SCOPE (Ours) 72.1 67.3 73.4 70.9 28.1 32.2

Vanilla 7.5 10.7 7.9 8.7 22.9 25.4
System Prompt 19.8 22.4 21.9 21.4 21.5 23.8

Top-k Perturbation 58.2 55.1 61.3 58.2 20.6 22.7
MemFree 53.0 45.9 65.5 54.8 22.3 23.6
R-CAD 64.0 64.5 62.1 63.5 22.8 23.1

Llama-3

SCOPE (Ours) 70.8 69.8 65.0 68.5 22.3 23.5

Table 2: Results on BookSum. SCOPE achieves the highest average win rate while preserving utility.

Method Gemma-2 LLama-3

Vanilla 67.3 63.5
System Prompt 67.0 63.2

Top-k Perturbation 46.1 45.8
MemFree 66.1 62.8
R-CAD 66.3 62.4

SCOPE (Ours) 66.7 63.1

Table 3: MMLU accuracy across different methods with
Gemma-2 and Llama-3 models.

Models All experiments use GEMMA-2-9B-IT (Team
2024) and LLAMA-3-8B-INSTRUCT (Grattafiori et al.
2024). Both models have publicly released sparse au-
toencoders: GemmaScope (Lieberum et al. 2024) and the
Llama-3 SAE.

Metrics Following (Wei et al. 2024), we evaluate each
method in two aspects: infringement mitigation and utility
preservation. To assess copyright risk, we focus primarily
on Semantic Similarity—computed via cosine similarity on
embeddings produced by an off-the-shelf model—and sup-
plement this with MinHash Similarity and Levenshtein Dis-
tance metrics for near-duplicate detection. To ensure com-
parability across metrics, we adopt the win rate from (Wei
et al. 2024): the probability that a given method outperforms
a randomly sampled method on a randomly selected (MET-
RIC, EXAMPLE) pair, thus reflecting a method’s overall ef-
fectiveness at reducing text similarity.

For utility preservation, we follow Wei et al. (2024) and
report performance on general tasks such as MMLU accu-
racy, as well as generation quality on in-domain and block-
listed prompts, to quantify any degradation in model capa-
bility. Details in Appendix E.1.
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Baselines We compare SCOPE against five representative
methods: (1) Vanilla: standard decoding without any pro-
tection. (2) System Prompt: prepends a safety-oriented
instruction (Anthropic 2024) that discourages reproduc-
tion of copyrighted material. (3) Top-k Perturbation:
adds Gaussian noise to the logits of the top-k candi-
date tokens before sampling, to reduce memorization. (4)
MemFree (Ippolito et al. 2023): filters out tokens that
would form n-grams matching a predefined blocklist us-
ing a Bloom filter. (5) Reversed Context-Aware Decoding
(R-CAD) (Shi et al. 2024): downweights token probabilities
that are contextually aligned with blocklisted spans.

4.2 Results and Observations
Table 1 (NewsQA) and Table 2 (BookSum) summarize our
main experimental results. The column 3-5 report the win
rate for Semantic Similarity, MinHash similarity, and Lev-
enshtein distance, respectively, while the sixth column gives
the average win rate as an overall measure of copyright-risk
reduction. The final two columns and Table 3 show the re-
sults of Blocklisted, In-Domain, and MMLU, which quan-
tify utility preservation.

Infringement mitigation performance Our method con-
sistently achieves the highest risk-reduction scores on both
benchmarks. Across all model and dataset combinations,
SCOPE’s average win rate surpasses the strongest baseline
(R-CAD and MemFree) by a significant margin of 3-7 per-
centage points, demonstrating its robust and superior sup-
pression performance.

Utility preservation As shown in the rightmost two
columns of Tables 1 and 2, as well as in Table 3, our
method preserves model utility while reducing infringement
risk: MMLU accuracy remains unchanged, and Blocklisted
and In-Domain F1 scores decline by less than 1.5 percent-
age points–the smallest losses among competitive baselines
such as MemFree and Top-k Perturbation. Although System
Prompt achieves marginally better F1 preservation, its win
rate is 30-40 points lower than SCOPE, demonstrating that
sparse feature clamping provides the optimal trade-off be-
tween risk mitigation and performance retention.

Overall, the results demonstrate that SCOPE provides
an effective, filter-free mechanism for copyright protec-
tion while fully preserving general model performance.
These findings corroborate the central hypothesis that
sparse, semantically aligned feature clamping can reconcile
copyright-risk mitigation with task competence.

4.3 Analysis and Discussion
In this section, we present a targeted analysis of the subspace
Ŝ and our SCOPE intervention. We first analyze infringe-
ment mitigation performance and model utility across vary-
ing subspace sizes. Next, we apply a reverse intervention to
confirm their causal effect on generation behavior. Finally,
based on this experimental evidence, we discuss whether the
semantic and functional properties of the copyrighted sub-
space align with our expectations.

Figure 2: Analysis of the dimension n of subspace. The ver-
tical dashed line marks the chosen setting n = 1000, which
balances maximal risk mitigation with no loss in general
utility.

Impact of Subspace Size Figure 2 reports the effect of
varying the dimensions n of the copyrighted subspace. As an
example on the BookSum task, increasing n from 0 (vanilla)
to 2000, the average win rate against five baselines rises
steadily (from 8.7% to 72.5%) indicating stronger copy-
right risk mitigation. However, utility remains flat only up
to n = 1000 and begins to degrade thereafter. In particu-
lar, at n = 1000 we achieve a win rate of 68.5% with zero
loss in MMLU, making it the optimal trade-off point. Ac-
cordingly, we fix n = 1000 in main experiments. Details in
Appendix E.3.

Reverse Intervention: Feature Excitation To validate
the causal role of the identified subspace Ŝ , we conduct
a reverse intervention experiment. In this setup, instead of
clamping activations, we amplify the features within the
copyrighted subspace at each decoding step. Specifically, for
any dimension i within the set of copyright dimensions Î,
we modify its activation zi by a factor of α > 1. The modi-
fied sparse activation vector z′ is computed as:

z′i =

{
α · zi, if i ∈ Î
zi, otherwise

(11)

The results, presented in Figure 3, show a causal link be-
tween amplifying these features and copyright infringement.
We observe that as the amplification factor α increases
from 1.0 (vanilla) to 2.0, the mitigation win rate progres-
sively drops from 8.7% to 4.1%, while general utility re-
mains largely unaffected. This demonstrates that our ap-
proach works bidirectionally: clamping the subspace Ŝ mit-
igates the reproduction of copyrighted content, while con-
versely, amplifying it increases the LLM’s propensity to
generate such content. Together, these results establish a
clear causal link between the identified subspace and the
generation of copyrighted material. The observed structure
and causal behavior of the subspace are consistent with our
expectations.

Feature Analysis and Interpretability To understand the
semantic content captured by our identified subspace Ŝ , we
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Figure 3: Impact of the reverse intervention. As we am-
plify the features in the copyrighted subspace Ŝ with an
increasing factor α, the mitigation win rate progressively
drops from 8.7% to 4.1%, indicating that the LLM becomes
more prone to reproducing copyrighted content. This pro-
vides causal evidence that the subspace Ŝ is directly respon-
sible for generating copyrighted content.

performed a feature interpretability analyses. Our analysis
reveals a clear and meaningful distinction between the copy-
righted features (the top-n dimensions in subspace Ŝ and
the general features, which are broadly activated across
both corpora (i.e., lying near the diagonal y = x in Figure 1a).

Our interpretation methodology and detailed results
are presented in Table 3 of Appendix F. Specifically,
copyrighted features consistently correspond to high-level,
semantic-specific concepts such as character dialogue and
plot transitions. In contrast, general features relate to
broader, structural patterns like formatting markers or com-
mon adjectives. This confirms that SCOPE operates by tar-
geting the core semantics of protected content, not superfi-
cial stylistic or topical features.

Does the Identified Copyrighted Subspace Behave as
Expected? A critical question is whether our identified
subspace Ŝ genuinely captures copyright-specific semantics
or merely overfits to distributional differences between the
copyrighted and general corpora. Two key pieces of evi-
dence argue against this overfitting hypothesis.

• First, our method’s ability to preserve utility on unseen,
in-domain data while reducing regurgitation (Tables 1
and 2) confirms that the subspace performs effective se-
mantic isolation, rather than simply capturing topic or
format features (detailed in Appendix G.1).

• Second, the reverse intervention experiment confirms a
clear causal link, demonstrating a high degree of control-
lability over the generation of copyrighted content (de-
tailed in Appendix G.2).

Together, these experiments support that the semantic and
function of the subspace Ŝ is consistent with our expecta-
tions outlined in Section 3.1.

5 Related Work
Copyright Infringement Mitigation Prior work ad-
dresses LLM copyright risks at three levels. At the data
level, corpus filtering attempts to remove licensed content
before training, yet struggles with web-scale heterogene-
ity and often yields incomplete exclusion (Kandpal, Wal-
lace, and Raffel 2022; Sag 2023). During pretraining, meth-
ods such as Near Access-Freeness (NAF) combine auxiliary
models trained only on non-copyrighted data with rejection
sampling to probabilistically avoid protected passages (Chu,
Song, and Yang 2024; Abad et al. 2024). Inference-time
methods offer greater flexibility without modifying model
weights. MemFree decoding avoids generating blacklisted
n-grams by resampling at each step, effectively blocking
known sequences but sometimes harming fluency and leav-
ing paraphrases unchecked (Ippolito et al. 2023). Reverse
Context-Aware Decoding (R-CAD) suppresses token prob-
abilities linked to protected content, yielding strong leakage
reduction at the cost of increased computation and potential
over-suppression (Shi et al. 2024). These methods mostly
rely on external corpora or Bloom filter indexes and are ef-
fective only for exact verbatim matches, and may lead to
hallucinations (Liu et al. 2024).

Activation Steering by SAEs Activation steering meth-
ods adjust neuron activations at inference time to guide LLM
behavior without fine-tuning. Sparse autoencoders (SAEs)
learn high-dimensional, semantically disentangled feature
spaces from model internals, providing interpretable axes
for control (Gao et al. 2024). SAE-Targeted Steering (SAE-
TS) selects steering vectors that specifically amplify or sup-
press chosen SAE features, improving precision over vanilla
activation additions (Chalnev, Siu, and Conmy 2024). Fea-
ture Guided Activation Additions (FGAA) further refine this
approach by optimizing steering vectors in the SAE latent
space, yielding stronger and more coherent steering effects
across diverse tasks (Soo, Teng, and Balaganesh 2025). A
related mechanism, feature clamping, thresholds SAE acti-
vations to suppress unwanted concepts in real time (Bricken
et al. 2023). In summary, SAE techniques offer a lightweight
and transparent way to steer LLM behavior.

6 Conclusion
In this work, we cast copyright infringement mitigation for
LLMs as intrinsic semantic space control and introduce
SCOPE, an inference-time method that isolates a copyright-
sensitive subspace and suppresses its influence during de-
coding. Experimental results demonstrate that it signifi-
cantly reduces the reproduction of copyrighted content while
maintaining overall generation quality. We also provide
experimental evidence to validate that the identified sub-
space is functionally specific to copyrighted text. Further in-
terpretability analyses corroborate this finding, confirming
that the suppressed dimensions encode high-level semantics
rather than surface patterns. However, our approach has lim-
itations. It is currently restricted to open-source models with
publicly available SAEs, as it requires access to their inter-
mediate hidden states.
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