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Abstract

The proliferation of Large Vision-Language
Models (LVLMs) has exacerbated concerns re-
garding model misappropriation and license
violations. Malicious users may deploy open-
source models as black boxes and falsely claim
ownership, sparking significant community in-
terest in fingerprinting techniques for copyright
authentication. Current fingerprinting meth-
ods largely follow a backdoor-based paradigm,
employing specific inputs to elicit predeter-
mined abnormal text outputs. However, such
direct distortion of the model’s original predic-
tions compromises modality alignment and in-
evitably degrades multimodal capabilities, lead-
ing to an inherent trade-off between robustness
and harmlessness. To address these challenges,
we investigate whether it is possible to embed
robust fingerprints while maximally preserving
the original normal outputs of the model. We
propose a Synonym-Aware Logit Shaping Fin-
gerprint (SALSF). The core insight of SALSF
lies in reshaping the probability distribution of
semantically similar long-tail tokens within the
logits space while ensuring the original top-1
prediction token and its probability remain ap-
proximately invariant. By elevating the overall
prediction probability of the semantic cluster to
a level distinctly higher than the natural base-
line, our approach stealthily embeds the finger-
print and mitigates the disruption to modality
alignment. Experimental results demonstrate
that SALSF maintains multimodal performance
and substantially enhances fingerprint robust-
ness, offering a novel paradigm for the intellec-
tual property protection of LVLMs.

1 Introduction

In recent years, Large Vision-Language Models
(LVLMs) have achieved remarkable breakthroughs
in multimodal understanding and generation tasks,
becoming one of the core driving forces in the field
of artificial intelligence (Wang et al., 2024a; Zhang
et al., 2024a). Since training these models requires

massive computational resources, vast amounts of
high-quality image-text data, and complex engi-
neering tuning costs, high-performance LVLMs are
considered valuable intellectual assets (Liu et al.,
2023; Laurençon et al., 2024).

However, the vibrancy of the open-source com-
munity makes acquiring model weights increas-
ingly accessible, triggering serious intellectual
property (IP) infringement concerns (Yang and Wu,
2024). In a typical infringement scenario, mali-
cious users download open-source models released
by owners, modify them via techniques such as
fine-tuning or pruning, and subsequently deploy
them commercially behind black-box APIs while
falsely claiming autonomous ownership (Xu et al.,
2025b). This behavior not only violates the legit-
imate rights and interests of developers but also
disrupts the healthy ecosystem of the open-source
community. Since defenders cannot directly access
the internal parameters of the suspect model and
are restricted to limited output information from
API interfaces, effectively verifying model own-
ership in black-box scenarios becomes a critical
problem pending solution (Zhang et al., 2018).

To address this challenge, researchers have pro-
posed model fingerprinting techniques aiming to
embed specific identification information into mod-
els for ownership assertion. Existing fingerprinting
for black-box models primarily adopt a backdoor-
based explicit trigger paradigm (Xu et al., 2024a;
Wu et al., 2025; Yamabe et al., 2025). The core
logic involves implanting specific trigger patterns
during the training or fine-tuning stages, forcing
the model to output preset abnormal content upon
receiving specific image inputs.

Although this approach achieves copyright pro-
tection to a certain extent, it faces an inherent and
difficult-to-reconcile trade-off between robustness
and harmlessness in LVLM applications (Xu et al.,
2025b). To improve fingerprint robustness against
fine-tuning or pruning operations by attackers, de-
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fenders typically need to increase the intensity
of backdoor implantation. Nevertheless, this of-
ten disrupts the originally fragile modality align-
ment of the model, causing semantic confusion
or a decline in multimodal understanding capabili-
ties when processing normal samples (Zhong et al.,
2025), thereby damaging the general utility of the
model (Liu et al., 2024a; Li et al., 2025). Con-
versely, if fingerprint intensity is reduced to main-
tain model harmlessness, these fingerprints, estab-
lished on specific one-to-one input-output map-
pings, are highly susceptible to erasure during the
parameter update process of the attacker, leading to
verification failure (Bansal et al., 2023; Liu et al.,
2018; Ge et al., 2025).

Facing the aforementioned dilemma, we revisit
the mechanism of black-box model ownership ver-
ification and investigate whether it is possible to
minimize the impact on the original multimodal
capabilities of the model while embedding finger-
prints (Yang and Wu, 2024). Existing fingerprint-
ing methods suppress the generation of the original
top-1 token and promote the generation of abnor-
mal tokens during the model output process. This
aggressive strategy requires substantial updates to
the internal knowledge of the model and compels
the model to learn spurious correlations between
abnormal tokens and images (Liang et al., 2024; Li
et al., 2025). Furthermore, such spurious correla-
tions must dominate during output, thereby reduc-
ing multimodal utility, a phenomenon that becomes
more pronounced as the number of embedded fin-
gerprints increases (Nasery et al., 2025). These
weaknesses inspire us to shift our focus from ex-
plicit model outputs to the implicit logits space.

To this end, we propose a novel fingerprinting
technique named Synonym-Aware Logit Shaping
Fingerprint (SALSF). Unlike conventional meth-
ods that forcibly distort input-output mappings,
SALSF maintains the original top-1 prediction to-
ken and its prediction probability approximately
invariant during fingerprint embedding. Specifi-
cally, we first utilize a large language model to
identify long-tail synonym tokens that are semanti-
cally similar to the original top-1 prediction token
but maintain lower prediction probabilities in the
current context. Subsequently, in the fingerprint
implantation stage, we uniformly elevate the predic-
tion probabilities of these synonym token clusters
to be distinctly higher than the natural baseline,
while constraining the top-1 token and its probabil-
ity to remain approximately unchanged.

For ordinary users, the output text of the fin-
gerprinted model under greedy sampling remains
consistent with the original model, maximally pre-
serving the original multimodal utility. For model
owners, the overall probabilities of these abnor-
mally elevated synonym clusters constitute a sta-
tistical fingerprint signature, which can be verified
by probing the logprobs returned by the API or
through multi-round sampling. Crucially, since
these boosted tokens share similar semantic fea-
tures with the top-1 token, they form a compact
semantic cluster. This structural coherence mini-
mizes disruption to the original modality alignment
caused by fingerprint embedding. Furthermore,
when an attacker performs pruning or fine-tuning
on the model, this probabilistic structure based on
semantic understanding is more difficult to destroy
than isolated backdoor mappings (Liu et al., 2018),
thereby enhancing fingerprint robustness.

Our main contributions are summarized as fol-
lows: (i) We analyze the limitations of exist-
ing LVLM fingerprinting methods regarding the
robustness-harmlessness trade-off, highlighting the
deficiencies of the explicit trigger paradigm. (ii)
We propose SALSF, the first method to embed fin-
gerprints by reshaping the probability distribution
of long-tail synonyms in the logits space while
keeping the top-1 prediction invariant. (iii) Exten-
sive experiments demonstrate that SALSF achieves
superior verification efficacy and harmlessness by
leveraging the joint probability features of syn-
onym clusters 1 .

2 Related Work

2.1 Large Vision-Language Models

Large Vision-Language Models (LVLMs) achieve
deep understanding and reasoning over multimodal
information by integrating visual encoders with
Large Language Models (LLMs), demonstrating
exceptional performance on tasks such as visual
question answering and image captioning (Wang
et al., 2024a; Zhang et al., 2024a; Zheng et al.,
2025b,a). Constructing such high-performance
models typically demands vast high-quality image-
text datasets and substantial computational invest-
ment, rendering the trained model weights highly
valuable intellectual assets (Awadalla et al., 2023;
Liu et al., 2023; Bai et al., 2023). Nonetheless,
the open nature of the open-source community is

1Our code is available at the following link:
https://github.com/qingpingwan/SALSF
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Figure 1: Overview of the proposed SALSF method. The approach enhances the overall probability of long-tail
synonym clusters in the low-probability region to embed fingerprints while preserving the top-1 prediction.

accompanied by risks of intellectual property (IP)
infringement (Zhang et al., 2018). Malicious down-
stream users may, without authorization, modify
the original model using techniques like visual in-
struction tuning or model pruning (Yang and Wu,
2024). They subsequently deploy it for commer-
cial purposes behind a black-box API and falsely
claim ownership (Yamabe et al., 2025). Given that
the model weights and architecture are inaccessi-
ble in black-box scenarios, developing effective
mechanisms to verify ownership of these modified
models has become a critical need for maintaining
order within the AI community and incentivizing
continuous innovation (Xu et al., 2025b).

2.2 Model Fingerprinting

With the rise of generative artificial intelligence,
model fingerprinting techniques have been ex-
tended to Large Language Models and Large
Vision-Language Models (Xu et al., 2024a; Wang
et al., 2025c). In black-box access scenarios, fin-
gerprints for LLMs typically manifest as specific
text generation behaviors, generally categorized
into natural and embedded fingerprints (Xu et al.,
2025b). Natural fingerprints do not require modify-
ing model parameters but are directly based on the
model’s output behavioral characteristics (Zhang
et al., 2024b; Zeng et al., 2023). For instance,
Jin et al. (2024) utilize adversarial prompts to
trigger specific abnormal text outputs from the
model (Zhou et al., 2024b,a), while Cai et al. (2025)
explore the use of undertrained tokens as finger-
print information. However, such methods exhibit
limited robustness after downstream fine-tuning
and pruning, prompting recent research to explore
embedded fingerprints (Xu et al., 2025b). Xu et al.
(2024a) propose IF, which fine-tunes the model to

generate a preset text sequence upon receiving a
specific instruction. Similarly, the work of Wang
et al. (2025a) and Yue et al. (2025) explores the
use of knowledge editing to embed specific fin-
gerprints. Recent research also investigates the
application of methods from other domains, such
as membership inference (Xu et al., 2025a; Zheng
et al., 2025c) and watermarking (Gloaguen et al.,
2025), for fingerprint detection. Nevertheless, ap-
plying embedded fingerprints in generative models
faces an intractable trade-off between robustness
and harmlessness. To resist attacks such as fine-
tuning or model merging (Yamabe et al., 2025), fin-
gerprints often require strong activation intensity,
which can easily disrupt the probabilistic distribu-
tion of the language model, leading to decreased
fluency or semantic incoherence in the generated
text (Ge et al., 2025).

Recently, fingerprinting for LVLMs garners com-
munity attention, yet existing work primarily tends
to simply adapt the ideas of single-modality em-
bedded fingerprints (Xu et al., 2025b). Wang et al.
(2025c) introduce adversarial attacks into LVLM
fingerprinting, marking an initial exploration in
this domain, although its robustness remains lim-
ited (Liang et al., 2024). Therefore, how to embed
robust fingerprints in black-box LVLMs while pre-
serving modality alignment and generation quality
remains an underexplored area.

3 Method

3.1 Motivation

Current model fingerprinting techniques often com-
pel a model to map specific trigger inputs to se-
mantically irrelevant text outputs. This backdoor-
based explicit trigger paradigm not only requires
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distorting the model’s original predictive behav-
ior (Liu et al., 2024a) during fingerprint injection
but also generates abnormal text that can be eas-
ily filtered out by out-of-distribution detection (Li
et al., 2024a). This paradigm faces even more se-
vere challenges in the application of LVLMs. Pre-
trained LVLMs learn associations between visual
features and language tokens through large-scale
image-text paired data, and the injection of back-
door fingerprints essentially disrupts this modality
alignment locally (Liang et al., 2024). As we at-
tempt to enhance fingerprint robustness by increas-
ing the training intensity of backdoor samples or
expanding fingerprint coverage, this disruption of-
ten generalizes, leading to multimodal understand-
ing biases when the model processes normal sam-
ples (Li et al., 2025). Furthermore, this one-to-one
mapping based on a single abnormal token is eas-
ily erased by adversarial post-processing, such as
model merging and pruning (Liu et al., 2018).

Based on this observation, we propose a key
insight: since the top-1 token dominates modal-
ity alignment in visual instruction tuning, embed-
ding fingerprints while preserving the original top-
1 probability effectively mitigates the conflict be-
tween robustness and harmlessness. We therefore
shift focus to the implicit logits space, specifically
the long-tail candidates typically ignored during
decoding. By uniformly elevating the probabilities
of synonyms associated with the top-1 token, we
shape a distinct semantic cluster. When an attacker
fine-tunes the model, the statistical properties of
this cluster as a whole are more difficult to de-
stroy than an isolated backdoor mapping, while
also causing less damage to modality alignment.

3.2 Fingerprint Carrier Selection
To ensure that fingerprint embedding does not inter-
fere with the model’s normal capabilities, SALSF
employs a token selection mechanism to choose
only one token per sample as the carrier for finger-
print injection. Noting that different tokenization
strategies may split a single word into multiple to-
kens, we calculate probabilities by merging them
for the entire word. Hereafter, "token" will refer to
an entire word.

First, we select a training sample ξ = (I,Q,A)
consisting of an image I, a question Q, and an an-
swer A from a visual question answering dataset.
We then obtain the prediction probability distri-
bution from the original LVLM for this sample.
To ensure the stability of the model’s original out-

put, we select nouns with a prediction probability
Porig(tanc|I,Q, c) > 0.5 as anchor tokens, where c
represents the preceding answer context. We target
tokens with high prediction probabilities, indicat-
ing a robust alignment between the visual features
and the textual concept, which minimizes the risk
of the fingerprint injection causing semantic drift.
Additionally, nouns typically represent concrete
visual entities and possess relatively clear seman-
tic boundaries and synonym clusters. This allows
us to embed the fingerprint while maintaining the
original visual-semantic coherence, thereby mini-
mizing the risk of disrupting modality alignment
and shifting the top-1 prediction.

Subsequently, we leverage an external large lan-
guage model as an auxiliary tool to generate a set
of semantically similar but less common candidate
tokens Ccand for the anchor tanc. The model and
detailed prompt are provided in Appendix B. To
ensure these synonyms are from the long-tail dis-
tribution, we input the tokens from Ccand into the
target LVLM, calculate their prediction probabili-
ties on the original training sample ξ, and retain k
tokens with a prediction probability below 0.1% as
the final synonym token set Ssyn.

3.3 Logit Shaping Optimization
After identifying the anchor token and its set of syn-
onyms, we embed the fingerprint into the model
through synonym-aware logit shaping. Our opti-
mization objective is to reshape the distribution
of the remaining probability space while keeping
the model’s original top-1 prediction behavior un-
changed. Specifically, for a given input, we con-
struct a target soft label distribution Q. In this
distribution, the probability of the anchor token
is locked to the model’s original prediction prob-
ability, while the remaining probability mass is
uniformly distributed among the selected synonym
tokens. The target probability distribution Q(ti) is
defined as follows:

Q(ti) =





Porig(tanc) if ti = tanc
1−Porig(tanc)

|Ssyn| if ti ∈ Ssyn

0 otherwise

. (1)

To inject this target distribution into the model,
we use the Kullback-Leibler (KL) divergence as
the loss function Lfp for training:

Lfp = DKL(Q ∥ Pθ(·|I,Q))

=
∑

t∈V
Q(t) log

Q(t)

Pθ(t|I,Q, c)
,

(2)
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where V is the vocabulary, Pθ is the current predic-
tion distribution of the model being fingerprinted,
and θ represents the model parameters. During
training, to handle cases where the tokenizer may
split a word in Ssyn into multiple tokens, we use
Lfp to optimize the first token of the word. For
subsequent sub-tokens of the same word, we adopt
a supervised fine-tuning objective based on cross-
entropy to ensure the coherence of the generated
text sequence. Through the optimization of the KL
divergence loss, the prediction probabilities of the
synonym words are elevated from the long tail to a
higher level, while the probabilities of other irrele-
vant tokens are suppressed to satisfy the probability
normalization constraint.

3.4 Copyright Authentication

The verification stage aims to confirm model own-
ership by detecting specific statistical anomalies in
the logits space. To quantify the extent of proba-
bility elevation of synonyms within the long-tail
distribution, we define the Synonym Dominance
Ratio (SDR) as the core metric for fingerprint ver-
ification. For a given verification sample, SDR
calculates the proportion of the sum of prediction
probabilities of all preset synonym words within
the non-top-1 residual probability space:

Rsdr =

∑
t∈Ssyn

Psuspect(t|I,Q, c)

1− Psuspect(tanc|I,Q, c)
, (3)

where Psuspect denotes the prediction probability
of the suspect model Ms. The Rsdr metric effec-
tively normalizes for confidence differences across
various samples.

In the decision phase, we need to establish a
threshold τ to determine whether the model con-
tains the fingerprint signal. To ensure a low false
positive rate in practical applications, we employ
a dynamic thresholding strategy grounded in ROC
curve analysis. To do this, we first establish a
baseline distribution by computing SDR values
on a set of non-fingerprinted reference LVLMs,
{M(1)

ref ,M
(2)
ref , . . . ,M

(n)
ref }. These baseline SDR

values are considered as negative cases where no
fingerprint is present.

To determine the optimal threshold, we evalu-
ate the distribution of SDR scores from the sus-
pect model against the baseline. By sweeping
through possible threshold values τ , we construct
the Receiver Operating Characteristic (ROC) curve,
which depicts the relationship between the True

Positive Rate (TPR) and the False Positive Rate
(FPR). In this context, TPR is defined as the pro-
portion of correctly identified fingerprint samples
in the suspect model, whereas FPR represents the
proportion of baseline SDR values from reference
models that are incorrectly classified as finger-
printed. Following prior work (Xu et al., 2025a,
2024a), we define our primary evaluation metric,
the Fingerprint Success Rate (FSR), as the TPR
achieved at an optimal threshold τ∗, where τ∗ is
determined as the maximum threshold satisfying
the condition FPR ≤ 5%. It is worth noting that
FSR is equivalent to the Target Match Rate (TMR)
defined by Wang et al. (2025c).

3.5 Strict Black-Box Settings

In a typical black-box scenario, we can access the
suspect model via an API and obtain both the gener-
ated text and the prediction probabilities for all to-
kens (including input and output) (Finlayson et al.,
2024). In stricter black-box settings, however, the
API of the suspect model Ms only returns the gen-
erated text without providing the logprobs param-
eter. In such cases, SALSF adopts an adaptive, de-
graded verification protocol. During the fingerprint
injection phase, we select VQA samples whose an-
swers consist of a single noun word for embedding
the fingerprint. At verification time, since Rsdr can-
not be directly calculated, we use a repeated sam-
pling strategy to estimate the generation frequency
of synonym tokens t ∈ Ssyn. This frequency serves
as an unbiased estimate of the logits probability for
ownership inference. The detailed experimental
setup and results for this scenario are presented in
Appendix E.

4 Experiments

4.1 Experimental Setup

Downstream Fine-tuning We reference the ex-
perimental setup of Wang et al. (2025c), selecting
the fully open-source LLaVA-1.5-7B (Liu et al.,
2023), for which training data and details are avail-
able, as our base model. To simulate attack sce-
narios, we use fine-tuning datasets covering natu-
ral image domains (Visual7W (Zhu et al., 2016)),
text-intensive tasks (ST-VQA (Biten et al., 2019)
and TextVQA (Singh et al., 2019)), and special-
ized domains (MathV360k (Shi et al., 2024), Paint-
ingForm (Bin et al., 2024), and ChEBI-20 (Ed-
wards et al., 2021)). We maintain the same fine-
tuning hyperparameters and dataset splits. Further
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Table 1: Performance comparison of fingerprint robustness under different fine-tuning strategies. We compare our
proposed SALSF with four established baseline methods across 6 datasets. The best results are highlighted in bold.

Method V7W ST-VQA TextVQA PaintingF MathV ChEBI Average

LoRA Fine-tuning

Ordinary (Wang et al., 2025c) 5% 3% 3% 2% 1% 3% 3%
IF (Xu et al., 2024a) 28% 22% 30% 8% 24% 14% 21%
RNA (Wang et al., 2025c) 39% 46% 23% 12% 2% 11% 22%
PLA (Wang et al., 2025c) 53% 64% 46% 64% 40% 63% 55%
SALSF 88% 86% 82% 92% 84% 89% 87%

Full Fine-tuning

Ordinary (Wang et al., 2025c) 2% 1% 4% 2% 0% 2% 2%
IF (Xu et al., 2024a) 18% 12% 18% 0% 20% 0% 11%
RNA (Wang et al., 2025c) 26% 16% 16% 19% 15% 7% 16%
PLA (Wang et al., 2025c) 49% 58% 49% 63% 36% 56% 52%
SALSF 82% 89% 87% 88% 78% 86% 85%

details on the fine-tuning process are provided in
Appendix A.

Baseline Methods To validate the effectiveness
of SALSF, we follow the setup of Wang et al.
(2025c) and compare our method against four base-
line strategies: IF (Xu et al., 2024a), Ordinary,
RNA, and PLA (Wang et al., 2025c). IF serves
as a method that triggers abnormal outputs via a
backdoor attack, while Ordinary, RNA, and PLA
are methods that trigger abnormal outputs via ad-
versarial attacks. PLA is the current state-of-the-art
method and the only study specifically targeting
LVLM fingerprinting to date. Specific details of
each baseline method are available in Appendix C.

Basic Setup In the fingerprint sample construc-
tion stage, we select 100 eligible samples from
CC3M (Sharma et al., 2018; Liu et al., 2023) to
serve as fingerprint carriers. We utilize DeepSeek-
R1 (DeepSeek-AI et al., 2025) as an auxiliary
model to generate semantically similar candidate
words, setting the number of synonyms for each
anchor token to k = 5. During the fingerprint em-
bedding training, we set the training epoch to 2
and the learning rate to 5e-5 to prevent overfitting
from damaging the model’s general capabilities. In
the fingerprint verification stage, we select 6 main-
stream LVLMs without embedded fingerprints as
reference models Mref, to dynamically determine
the threshold τ . More experimental details can be
found in Appendix A and B.

4.2 Main Results
To comprehensively evaluate the effectiveness of
SALSF in real-world copyright protection scenar-
ios, we simulate a situation where an attacker at-
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Figure 2: Harmlessness evaluation of SALSF across
two dimensions.

tempts to erase ownership traces by fine-tuning the
model on various downstream datasets. We im-
plement both LoRA fine-tuning (Hu et al., 2021)
and full-parameter fine-tuning strategies and com-
pare the copyright tracking capabilities of SALSF
against various baseline methods. The results, pre-
sented in Table 1, reveal the limitations of exist-
ing baseline methods. The IF method, a typical
backdoor-based explicit fingerprint technique, ex-
hibits considerable instability and fragile robust-
ness, with the fingerprint signal being completely
lost under certain training settings. This indicates
that backdoor-style explicit trigger fingerprints are
not resilient to the substantial parameter updates
that occur during downstream fine-tuning. Ordi-
nary, RNA, and PLA rely on specific adversarial
image samples to trigger abnormal model outputs.
Among them, Ordinary and RNA directly optimize
the adversarial image samples, whereas PLA si-
multaneously optimizes model parameters. Under
high-intensity full fine-tuning, the robustness of the
fingerprint features even in the SOTA method PLA
remains limited. At the same time, adversarial sam-
ples may introduce detectable adversarial noise sig-
nals into the images, posing a risk of being blocked
by security filters at the black-box deployment end.
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Figure 3: Robustness comparison of different finger-
printing methods against model pruning.

In contrast, SALSF demonstrates exceptional ro-
bustness. Particularly in the most challenging full
fine-tuning scenario, our method substantially out-
performs the SOTA method PLA by a performance
margin of approximately 33%.

Furthermore, we also validate the effectiveness
of SALSF on the different architecture of LVLM.
The detailed results of related supplementary ex-
periments are available in Appendix G.

4.3 Fingerprint Harmlessness
To verify the harmlessness of fingerprint implan-
tation, we reference the experimental setup of Liu
et al. (2024b) and Liu et al. (2023), using six
widely adopted benchmarks: ScienceQA, MM-Vet,
SEED-Bench, LLaVA-Bench, POPE, and MMMU,
to comprehensively test the model’s performance
changes after fingerprint injection. Details about
these benchmarks are in Appendix D.1.

We define harmlessness along two key dimen-
sions: Direct Harmlessness and Downstream
Harmlessness. The former directly quantifies the
performance difference of the model on the afore-
mentioned benchmarks before and after fingerprint
implantation. The latter investigates whether the
fingerprint poses a risk of damaging the model’s un-
derlying feature representations. We assess this by
verifying whether the fingerprinted model achieves
comparable performance to the original model
when fine-tuned on downstream tasks. In our exper-
iments, we select Visual7W as the visual instruc-
tion tuning dataset. The results in Figure 2 validate
the harmlessness of SALSF, which induces only
minimal performance fluctuations. This stems from
SALSF’s design, which exploits the logit long-tail
rather than distorting top-1 predictions. By ele-
vating the joint probability of synonym clusters,
the method embeds fingerprints without altering
greedy decoding. This preserves intrinsic modal-
ity alignment, ensuring robust protection without
compromising multimodal capabilities.
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Figure 4: Robustness comparison of different finger-
printing methods against model merging.

In Appendix D.2, we also explore the impact
of implanting different numbers of fingerprints on
model performance. The experimental results con-
firm that SALSF has good scalability, maintaining
superior harmlessness even when a large number
of fingerprints are embedded.

4.4 Fingerprint Persistence

Attackers might also attempt to use model prun-
ing (Cheng et al., 2024; Liu et al., 2018) and model
merging (Yang et al., 2025) to dilute parameter
features and erase the fingerprint.

Model pruning is often used to reduce deploy-
ment costs while removing potentially redundant
parameters, which can often cause fingerprints de-
pendent on specific neuron activation paths to fail.
To evaluate the robustness of SALSF in model spar-
sification scenarios, we employ the Wanda prun-
ing (Sun et al., 2024) to prune the weights of the
fingerprinted model at varying rates, specifically
10%, 20%, and 30%. As shown in Figure 3, while
the performance of our method slightly declines
as the pruning rate increases, it still maintains the
average FSR of over 60% even at a high sparsity
of 30% pruning. In contrast, the performance of all
baseline methods drops substantially. This advan-
tage is attributed to SALSF encoding the fingerprint
as a joint probability feature of a synonym cluster,
rather than relying on the activation patterns of
single neurons. Consequently, local parameter re-
moval is unlikely to completely destroy this global
statistical anomaly, thus ensuring the fingerprint’s
persistence after model lightweighting.

Model merging represents another attack strat-
egy to obfuscate the model’s origin, where an at-
tacker attempts to use the parameters of a clean
model to dilute the fingerprint signal. After fine-
tuning the fingerprinted model on the downstream
dataset Visual7W, we then merge it with the origi-
nal model that has been protected against adversar-
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ial and backdoor attacks, simulating a real-world
scenario through "pseudo-merging" (Yamabe et al.,
2025). We set different merging coefficients, λ.
The results in Figure 4 show that when the merging
coefficient is greater than 0.4, the FSRs of baseline
methods IF and RNA approach 0, indicating the
fingerprint signal is almost completely erased. In
contrast, SALSF maintains an FSR of 23% even
under the extreme merging condition of λ = 0.8.
This demonstrates that SALSF provides more reli-
able protection for model ownership.

4.5 Sensitivity Analysis
To further investigate the factors influencing the
performance of SALSF, we designed the following
analysis experiments. We selected Visual7W and
ST-VQA as the fine-tuning model datasets and used
SEED-Bench to evaluate harmlessness.

We first explore the impact of the synonym set
size, k, on fingerprint robustness and model harm-
lessness. We adjust the value of k while keeping
other settings constant, with the results shown in
Figure 5. As k increases, the FSR initially rises
and then plateaus, indicating that the joint probabil-
ity feature formed by multiple synonyms is more
resistant to interference than sparse, single-point
probabilities. Nevertheless, we also find that there
is an upper limit to the choice of k. An exces-
sively large k increases the optimization difficulty
of reconstructing the logits space. Moreover, as
the number of synonyms is forcibly expanded, low-
quality words with significant semantic drift from
the anchor token are introduced, which harms the
model’s original multimodal capabilities and leads
to a performance drop.

To validate the necessity of each strategy in
SALSF, we conducted a comparative analysis of
the full method against four variant strategies.
These variants were set as follows: (i) w/o SM:

Table 2: Performance comparison of SALSF variants
under full fine-tuning settings.

Method Robustness (FSR) Harmlessness (Acc)
Visual7W ST-VQA SEED-Bench

-w/o TPL 80% 91% 53.2%
-w/o LF 71% 74% 57.4%
-w/o POSR 56% 68% 56.7%
-w/o SM 79% 84% 54.8%

SALSF 82% 89% 57.6%

discarding the synonym mechanism and instead
using arbitrary long-tail tokens; (ii) w/o LF: re-
moving the long-tail distribution filtering step, di-
rectly using the raw synonyms generated by the
auxiliary LLM; (iii) w/o POSR: relaxing the part-
of-speech restriction for anchor tokens, no longer
exclusively selecting nouns; (iv) w/o TPL: remov-
ing the top-1 probability locking mechanism, fo-
cusing only on increasing synonym probabilities.
The results, as shown in Table 2, demonstrate that
SALSF outperforms all variants. Specifically, both
w/o TPL and w/o SM result in a drop on SEED-
Bench, highlighting the importance of maintaining
the original dominant probability and leveraging
synonyms to ensure semantic consistency for pre-
serving multimodal capability. Additionally, w/o
LF and w/o POSR introduce interference from high-
frequency or syntactically sensitive words, weaken-
ing the stealthiness and statistical relevance of the
fingerprint in the logits space. This underscores the
effectiveness of our probability reconstruction and
token selection strategies.

5 Conclusion

In this paper, we propose SALSF. Diverging from
conventional approaches that attempt to distort ex-
plicit output mappings, SALSF innovatively shifts
the focus of fingerprint embedding from the output
text to the implicit logits space. By introducing
a synonym-aware mechanism, we perform a fine-
grained reconstruction of the probability distribu-
tion of long-tail synonym tokens while constrain-
ing the top-1 predicted token to remain approxi-
mately invariant. This strategy effectively lever-
ages the semantic clusters formed by tokens with
similar meanings, making the fingerprint embed-
ding process highly compatible with the model’s
inherent semantic understanding. Consequently,
it constructs a robust probabilistic feature that is
difficult to destroy through operations like fine-
tuning and pruning, while maximally preserving
the model’s original multimodal utility.
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6 Limitations

Although our method demonstrates strong robust-
ness and effectiveness against various common
attack scenarios such as model fine-tuning, prun-
ing, and merging, we have not yet verified whether
SALSF can maintain its effectiveness in the con-
text of knowledge distillation (Mansourian et al.,
2025; Gou et al., 2021). It is worth noting, however,
that the definition of copyright and ownership in
the context of knowledge distillation is currently
ambiguous (Gaidartzi and Stamatoudi, 2025; Luc-
chi, 2024). For models with publicly available pa-
rameters, distillation is generally not considered a
direct infringement, and most open-source models
do not strictly prohibit it. Furthermore, knowl-
edge distillation often requires significant amounts
of high-quality data and computational resources.
Therefore, we believe that the practical risk of in-
fringement through knowledge distillation is some-
what limited (Xu et al., 2024b). In future work,
we plan to further explore the transferability and
robustness of fingerprints in knowledge distillation
scenarios.
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A Experimental Settings

This section details the foundational model ar-
chitecture, the specific fine-tuning strategies em-
ployed to simulate attack scenarios, and the diverse
datasets used to evaluate the robustness and adapt-
ability of our proposed method.

A.1 Base Model Architecture

To ensure our experiments reflect widely accessi-
ble and representative open-source capabilities, we
utilize LLaVA-1.5-7B (Liu et al., 2023) as our foun-
dational Large Vision-Language Model. While the
field is rapidly evolving, LLaVA-1.5-7B remains
a standard benchmark due to its structural trans-
parency and stable multimodal performance. The
architecture integrates a pre-trained visual back-
bone, CLIP ViT-L/14 (Radford et al., 2021), which
processes images at a resolution of 336×336, with
a powerful large language model decoder, LLaMA-
2-7B (Touvron et al., 2023). These components are
bridged by a two-layer MLP projector, which aligns
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Table 3: Detailed hyperparameters for Full Fine-tuning and LoRA Fine-tuning strategies.

Hyperparameter Full Fine-tuning LoRA Fine-tuning

Optimizer AdamW AdamW
Learning Rate 5e-5 2e-4
Batch Size (per device) 2 8
Gradient Accumulation 2 1
LR Scheduler Cosine Cosine
Training Epochs 3 3
Data Type bfloat16 bfloat16
Warmup Steps 100 50

visual features with the language embedding space.
The language decoder serves as the core reasoning
engine, comprising 32 transformer layers with a
hidden dimension of 4096. This modular design
provides a robust baseline for analyzing fingerprint
persistence across vision-language modalities.

A.2 Downstream Fine-tuning Configuration
To rigorously assess the resilience of SALSF
against attempts to remove ownership markers,
we simulate attacker behavior using two distinct
fine-tuning paradigms: LoRA (Low-Rank Adapta-
tion) (Hu et al., 2021) and Full Fine-tuning. These
methods represent the most common approaches
for adapting pre-trained models to specific down-
stream tasks.

We align our training protocols with the ex-
perimental framework established by Wang et al.
(2025c). to maintain consistency and comparabil-
ity with baseline defenses. Specifically, we uti-
lize the AdamW optimizer coupled with a cosine
learning rate scheduler for both strategies. To ac-
commodate the different memory and optimiza-
tion requirements of each method, we differenti-
ate their hyperparameters. For Full Fine-tuning,
which updates all model parameters, we employ
a conservative learning rate of 5e-5. In contrast,
LoRA fine-tuning, which modifies a smaller subset
of rank-decomposition matrices, utilizes a higher
learning rate of 2e-4 to ensure effective adapta-
tion. To ensure numerical stability during training,
we utilize the bfloat16 data type. A comprehensive
breakdown of the hyperparameters, including batch
sizes and gradient accumulation steps, is provided
in Table 3.

A.3 Dataset Details for Downstream Tasks
To emulate various real-world deployment scenar-
ios where copyright infringement might occur, we

selected a diverse set of datasets covering general
visual QA, text-centric reasoning, and specialized
domains.

Visual7W (Zhu et al., 2016). Serving as a
comprehensive benchmark for visual reasoning,
this dataset introduces rich structured annotations.
It comprises roughly 47,300 images paired with
327,929 QA pairs. Visual7W is particularly notable
for establishing clear correspondences between
object-level regions and textual descriptions, fea-
turing 1.3 million human-curated multiple-choice
options and over 560,000 object groundings across
36,579 categories.

Text-Centric Datasets. To evaluate model per-
formance in scenarios requiring Optical Character
Recognition (OCR) and scene text understanding,
we utilize two key datasets:

• ST-VQA (Biten et al., 2019): This dataset
challenges models to reason about text em-
bedded within natural images. It contains a
split of approximately 19,000 training images
with over 26,000 questions, totaling 31,791
QA pairs across 23,038 source images.

• TextVQA (Singh et al., 2019): Focus-
ing on diverse textual elements in every-
day scenes—such as signage and book cov-
ers—TextVQA demands high-level reasoning
capabilities. It consists of 28,408 images and
45,336 questions designed to test the model’s
ability to read and interpret environmental
text.

Domain-Specific Datasets. To test the robust-
ness of fingerprints when models are adapted to
niche professional fields, we include the following
datasets:
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• PaintingForm (Bin et al., 2024): This dataset
is tailored for the artistic domain, focusing on
the analysis of fine art. It includes a corpus
of roughly 19,000 painting images and facili-
tates nuanced aesthetic understanding through
220,000 QA pairs.

• MathV360k (Shi et al., 2024): Bridging vi-
sion and logic, this dataset targets mathemati-
cal reasoning. It aggregates data from multi-
ple sources to provide 40,000 geometric and
mathematical images, supported by a substan-
tial volume of synthesized annotations to en-
hance reasoning capabilities.

• ChEBI-20 (Edwards et al., 2021): Represent-
ing the scientific domain, this dataset focuses
on molecular biology and chemistry. It fea-
tures 33,010 pairs of molecule images and
their corresponding textual descriptions, serv-
ing as a benchmark for structure-to-text trans-
lation tasks.

B Implementation Details

B.1 Synonym Generation Prompt
To construct the Synonym Set S for each anchor
token, we leverage the semantic reasoning capabil-
ities of DeepSeek-R1 (DeepSeek-AI et al., 2025).
The core objective is to identify candidate tokens
that are semantically similar to the anchor but oc-
cupy the long-tail region of the probability distri-
bution (i.e., less commonly used in standard text
generation). Furthermore, we relax the strict se-
mantic equivalence constraint; candidates are not
required to be perfect synonyms. We set the num-
ber of synonym candidates to 15. The specific
prompt template used to guide the large language
Model is as follows:

“ You are an expert in semantics and vocabulary
expansion. Task: Given an original sentence and a
target word within it, generate 15 related candidate
words. Constraints: 1. Semantic Approximation:
The candidates should share a similar meaning,
belong to the same category, or be conceptually
related to the target word (e.g., matching ‘cat’ with

‘feline’ or ‘mammal’). Exact synonymy is not re-
quired. 2. Rarity Focus: Prioritize words that
are less commonly used or have a lower frequency
in daily communication. 3. Format: Return only
the list of 15 words, separated by commas. Input
Sentence: [Insert Original Sentence] Target Word:
[Insert Anchor Token] ”

B.2 Reference Models
In the verification phase, determining whether a
model contains a fingerprint requires establishing
a baseline for the natural probability of the syn-
onym clusters. To calculate the dynamic threshold
τ effectively, we approximate the distribution of
non-fingerprinted models using a diverse set of
mainstream open-source Large Vision-Language
Models. We select a total of six reference models
(Mref) covering various architectures and parame-
ter scales. The specific models employed are:

• InstructBLIP (Dai et al., 2023; Li et al.,
2023b): A model optimized for general-
purpose visual-language instruction tuning.

• MiniGPT-4 (Zhu et al., 2023): A pioneer
model demonstrating strong multimodal gen-
eration capabilities.

• LLaVA-v1.6-13b (Liu et al., 2024b): An im-
proved version of LLaVA with enhanced rea-
soning and higher resolution support.

• LLaVA-NeXT-8b (Liu et al., 2024c): An ef-
ficient and powerful iteration of the LLaVA
series.

• Qwen2-VL-7B-Instruct (Wang et al., 2024b):
A unified vision-language model based on the
Qwen2 architecture.

• Qwen2.5-VL-7B-Instruct (Bai et al., 2025):
One of the widely used versions of the Qwen-
VL family, offering state-of-the-art perfor-
mance in its size class.

By aggregating the output logits from these di-
verse non-fingerprinted models, we ensure that the
threshold τ is robust, minimizing the risk of false
positives during ownership verification.

C Details of Baseline Methods

In this section, we provide a detailed overview
of the baseline methods employed for compari-
son. These methods represent the state-of-the-art
in model fingerprinting and ownership verification,
ranging from backdoor-based strategies to adver-
sarial techniques.

C.1 IF
Instructional Fingerprinting (IF) (Xu et al., 2024a)
is a technique rooted in backdoor mechanisms de-
signed to verify model ownership. Unlike methods
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that operate solely on inference inputs, IF embeds
specific behaviors directly into the model during
the training phase. By injecting unique trigger
phrases into the training data, the model is con-
ditioned to produce a pre-defined output whenever
these triggers are present in the input. This dis-
tinct response serves as a watermark, allowing the
model owner to identify unauthorized copies or
modifications by simply querying the model with
the designated trigger sequences.

C.2 Ordinary

The Ordinary baseline, proposed by (Wang et al.,
2025c), utilizes an adversarial attack framework to
generate fingerprints without modifying the target
model’s parameters. In this approach, optimization
is performed solely on the input space to construct
adversarial trigger images. These triggers are en-
gineered to force the model into yielding specific,
targeted predictions. However, because the trig-
gers are generated based on a static snapshot of
the model, this method frequently lacks resilience
against subsequent model modifications, such as
fine-tuning or pruning, leading to a degradation in
verification performance.

C.3 RNA

To address the robustness limitations of static ad-
versarial fingerprints, the Random Noise Attack
(RNA) (Wang et al., 2025c) introduces stochastic-
ity into the fingerprint generation process. During
the creation of the trigger, random Gaussian noise
is injected into the model parameters to approxi-
mate the potential weight shifts that occur during
fine-tuning. By optimizing the trigger against these
noisy parameter states, RNA aims to create fin-
gerprints that remain effective even if the model
weights are slightly perturbed. Nevertheless, the
effectiveness of RNA is often constrained by the
difficulty in selecting optimal noise levels and the
fact that random noise does not perfectly reflect
the structured parameter updates typical of genuine
fine-tuning.

C.4 PLA

The Parameter Learning Attack (PLA) (Wang et al.,
2025c) offers a more sophisticated approach to sim-
ulating model evolution. Instead of relying on ran-
dom noise, PLA explicitly emulates the fine-tuning
process during fingerprint generation. It employs
a dynamic optimization strategy where both the

ScienceQA MM-Vet SEED-Bench LLaVA-Bench POPE MMMU
30

40

50

60

70

80

90

Pe
rf

or
m

an
ce

 (
%

)

Original N=200 N=300 N=400 N=500

Figure 6: Evaluation of harmlessness for SALSF with
varying numbers of embedded fingerprints

trigger image and the model parameters are up-
dated iteratively. By anticipating how the model
parameters might shift during downstream tasks,
PLA generates triggers that are inherently more ro-
bust to parameter variations. This capability makes
PLA more effective at tracking models across dif-
ferent versions compared to static or noise-based
baselines.

D Harmlessness Evaluation Details

D.1 Evaluation Benchmarks

To rigorously assess the impact of fingerprint em-
bedding on the general capabilities of Large Vision-
Language Models (LVLMs), we employ a suite of
six widely recognized benchmarks (Li et al., 2024b;
Achiam et al., 2023; Yin et al., 2023; Chen et al.,
2023). These datasets cover a diverse array of mul-
timodal tasks, ranging from logical reasoning to
object hallucination detection.

ScienceQA (Lu et al., 2022): This dataset evalu-
ates the multimodal reasoning capabilities of mod-
els through a collection of 21,208 multiple-choice
questions. The content spans three primary dis-
ciplines—natural science, social science, and lan-
guage science. A key feature of ScienceQA is the
inclusion of lecture-based explanations, which al-
lows for the assessment of a model’s ability to chain
reasoning steps derived from educational context.

MM-Vet (Yu et al., 2023): Designed to evaluate
integrated vision-language skills, MM-Vet defines
six core capabilities (e.g., recognition, OCR, math)
and combines them into 16 distinct tasks. It uti-
lizes an LLM-based evaluation protocol to score
open-ended responses, providing a unified metric
for quantifying a model’s versatility in handling
complex multimodal scenarios.

SEED-Bench (Li et al., 2023a): To ensure ob-
jective and granular evaluation, SEED-Bench com-

5552



Table 4: Fingerprint robustness of SALSF under strict black-box settings (Full Fine-tuning). The fingerprint
verification relies on estimating the synonym probability mass via generation frequency (N = 100) rather than
direct logit access.

Method V7W ST-VQA TextVQA PaintingF MathV ChEBI Average

SALSF 79% 68% 71% 83% 59% 74% 72%

prises 19,000 human-annotated multiple-choice
questions. The benchmark covers 12 diverse di-
mensions involving both static images and video
understanding. We utilize this dataset to measure
the model’s stability in spatial understanding, in-
stance location, and semantic comprehension fol-
lowing fingerprint injection.

LLaVA-Bench (Liu et al., 2023): This bench-
mark focuses on the instruction-following ability
of LVLMs in substantial conversational contexts.
It consists of 60 questions paired with a diverse
set of 24 images, including indoor environments,
outdoor scenes, and artwork. It is particularly ef-
fective for assessing how well the model generates
detailed and meaningful responses to open-ended
visual instructions.

POPE (Li et al., 2023c): Addressing the critical
issue of reliability, POPE (Polling Object via Pro-
tective Evaluation) is a binary classification bench-
mark designed to detect object hallucination. It
consists of approximately 8,910 queries divided
into random, popular, and adversarial sampling set-
tings. This allows us to verify whether the finger-
printing process exacerbates the model’s tendency
to generate non-existent objects.

MMMU (Yue et al., 2023): MMMU serves as
a rigorous test of expert-level multimodal under-
standing. It features 11.5k questions spanning six
disciplines (such as Art & Design, Science, and
Health & Medicine) and 30 specific subjects. The
dataset includes complex visual inputs like chemi-
cal structures and charts, testing the model’s capac-
ity for domain-specific reasoning and knowledge
retrieval.

D.2 Scalability Analysis

The scalability of a fingerprinting scheme is a criti-
cal requirement for practical intellectual property
protection. In real-world scenarios, multiple fin-
gerprints serve as key evidence of infringement;
however, the verification process often necessitates
the public disclosure of these fingerprints, making

them ineffective for subsequent protection. There-
fore, a scalable system must allow for the embed-
ding of a vast number of fingerprints to maintain a
reserve of valid identifiers (Nasery et al., 2025). To
evaluate this aspect, we conducted a supplementary
experiment to explore the impact of varying the
density of embedded fingerprints on model perfor-
mance. In addition to the main experiment with
100 fingerprints, we also evaluated the model’s
general capabilities (Direct Harmlessness) when
embedding larger sets of 200, 300, 400, and 500
fingerprint samples. As illustrated in Figure 6, the
experimental results confirm the superior scalabil-
ity of SALSF; the model maintains consistent per-
formance with negligible degradation even when
the fingerprint payload is increased to 500. This
stability indicates that our strategy of reshaping the
logit distribution of synonym clusters efficiently
utilizes the model’s redundant capacity without sat-
urating its semantic representation.

E Strict Black-Box Settings

To simulate a strict black-box setting where the
suspect model API solely returns generated text
without providing access to the logprobs param-
eter, we employ a response frequency estimation
strategy as a proxy for the logits distribution. We
carefully screened the VQA samples to ensure that
the ground-truth answers are restricted to single-
word nouns. Specifically, we constructed prompts
that inquire about the name of an object at a specific
spatial location within the image, accompanied by
the explicit instruction ”Your answer should con-
tain only one word” to constrain the generation
space. During the verification phase, we repeatedly
queried the suspect model until N = 100 non-top-1
token responses were collected for each fingerprint
sample. By calculating the frequency with which
the designated synonym tokens appear in the gen-
erated responses, we obtain an unbiased estimate
of the joint probability of the semantic cluster.

The experimental results under this strict black-
box setting are presented in Table 4. Despite the
inability to directly access the continuous prob-
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Table 5: Fingerprint robustness of SALSF on the X-LLaVA multilingual model.

Fine-tuning Dataset V7W (FSR) ST-VQA (FSR) Average

X-LLaVA 79% 83% 81%

Table 6: Comparison of single-token (k = 1) and synonym cluster (k = 5) fingerprinting under Full Fine-tuning.
Harmlessness is measured as the average performance reduction rate on SEED-Bench.

Setting V7W (FSR) ST-VQA (FSR) TextVQA (FSR) Harmlessness (Avg. Reduction)

k = 1 (single token) 75% 82% 76% 2.5%
k = 5 (synonym cluster) 82% 89% 87% 1.8%

ability distribution, SALSF demonstrates robust
performance. The results indicate that the elevated
probability mass of the synonym cluster success-
fully translates into a statistically increase in gener-
ation frequency. Our method maintains a high FSR,
verifying that the reshaped probability distribution
effectively influences the sampling outcomes even
under constrained API access. This confirms the
practical applicability of SALSF in real-world sce-
narios where model internals are opaque.

F Multilingual Evaluation and Synonym
Cluster Analysis

F.1 Multilingual Evaluation
To validate the effectiveness of SALSF on multi-
lingual models, we conducted supplementary ex-
periments using X-LLaVA (Shin et al., 2024), a
model specifically designed for multilingual sce-
narios. We embedded fingerprints on English data
and then tested on multiple downstream datasets
after fine-tuning. The experimental results are pre-
sented in Table 5.

The results demonstrate that SALSF maintains
high fingerprint success rates on multilingual mod-
els, proving the method’s applicability in cross-
lingual scenarios. This is because current main-
stream multilingual LVLMs typically include a sub-
stantial proportion of high-quality English training
data, enabling the model to understand and process
English inputs effectively.

F.2 Synonym Cluster Robustness Analysis
To verify that fingerprints based on synonym clus-
ters are more robust than single-token triggers, we
conducted comparative experiments between sin-
gle tokens (k = 1) and synonym clusters (k = 5)
across both robustness and harmlessness dimen-
sions. The experimental results are presented in
Table 6.

The results show that synonym clusters not only
achieve higher FSR but also have less impact on
model performance (better harmlessness). This
confirms that the improvement in robustness does
not stem from injecting a stronger signal (which
would lead to decreased harmlessness), but rather
from the advantages of the semantic cluster struc-
ture itself. We attribute this to the fact that semanti-
cally related token clusters are more aligned with
the model’s intrinsic semantic understanding and
are therefore more difficult to completely destroy
during parameter updates.

G Architectural Generalization

To strictly validate the universality and architec-
tural agnosticism of our proposed method, we
extended the evaluation to include InstructBLIP-
7B (Dai et al., 2023). Unlike the LLaVA series,
which utilizes a simple MLP projection for modal-
ity alignment, InstructBLIP employs a Q-Former
architecture to extract visual features, representing
a distinct structural paradigm in current LVLMs.
For this supplementary analysis, we adhere to the
experimental protocols established in the principal
evaluation, utilizing LoRA fine-tuning to simulate
the attacker’s behavior. We employ the SALSF
framework to embed fingerprints into the Instruct-
BLIP model and subsequently subject it to fine-
tuning across six downstream datasets spanning
varying domains.

The quantitative results, summarized in Ta-
ble 7, indicate that SALSF maintains robust copy-
right tracing capabilities on the InstructBLIP ar-
chitecture. While the unique Q-Former (Li et al.,
2023b) structure and different training dynamics
of InstructBLIP present a more challenging envi-
ronment for fingerprint persistence compared to
LLaVA, our method still achieves a dominant lead
over existing techniques. Specifically, SALSF se-
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Table 7: Experimental results of copyright verification on the InstructBLIP-7B architecture under LoRA fine-tuning.
The evaluation metric is FSR. The best results are highlighted in bold.

Method V7W ST-VQA TextVQA PaintingF MathV ChEBI Average

LoRA Fine-tuning

Ordinary 5% 4% 6% 3% 2% 3% 4%
IF 21% 18% 26% 7% 20% 17% 18%
RNA 32% 28% 20% 19% 12% 11% 20%
PLA 48% 55% 40% 56% 36% 53% 48%
SALSF 79% 82% 75% 78% 72% 72% 76%

cures an average Fingerprint Success Rate (FSR)
of 76% across the evaluated datasets. In contrast,
the performance of baseline methods is notably
suppressed; the explicit trigger-based IF method
fluctuates significantly, averaging only 18%, while
the previous state-of-the-art method, PLA, attains
an average FSR of 48%. This substantial perfor-
mance margin confirms that the efficacy of SALSF
is not contingent on specific model architectures.
By leveraging the statistical properties of logits
clusters rather than specific neuron activation paths,
SALSF provides a generalized and reliable solution
for protecting the intellectual property of diverse
Large Vision-Language Models.

H Ethics Statement

The primary objective of this research is to estab-
lish a secure and effective framework for safeguard-
ing the intellectual property rights associated with
Large Vision-Language Models. As the training of
high-performance multimodal models requires sub-
stantial computational resources and high-quality
data, protecting these assets from unauthorized mis-
appropriation and commercial exploitation is im-
perative for maintaining a sustainable research and
development ecosystem. Our proposed SALSF
serves as a reliable instrument for model owners to
assert their rightful ownership without compromis-
ing the general utility of the models. By providing
a technical solution to verify model provenance, we
aim to deter model theft and plagiarism, thereby
encouraging continued innovation and fair compe-
tition within the artificial intelligence community.

We acknowledge that model fingerprinting tech-
nologies, while designed for protection, possess a
dual-use nature and could potentially be exploited
for malicious intent, such as forging ownership
claims or manipulating model behaviors unethi-
cally (Liu et al., 2024a). To mitigate these risks, we

emphasize that the application of such techniques
must strictly adhere to legal regulations and ethical
guidelines, focused solely on legitimate copyright
protection. We strongly advocate for the respon-
sible deployment of ownership verification tools
and encourage the community to utilize these meth-
ods to enhance the transparency and security of AI
systems rather than for deceptive purposes.

5555


