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A. Data, Code and Licenses
Safe-LLaVA Dataset and Model License:
Safe-LLaVA (0.5B) and Safe-LLaVA (7B) share
the same architecture as LLaVA-OneVision (0.5B) and
LLaVA-v1.5 (7B), respectively, both of which are li-
censed under the Apache License 2.0*. Accordingly, the
Safe-LLaVA models inherit the same license, permitting
commercial use, modification, and redistribution with
proper attribution and inclusion of the license notice. The
Safe-LLaVA dataset is a privacy-preserving derivative of
the original LLaVA dataset, constructed by systematically
removing biometric information while preserving semantic
content. As a cleaned version of LLaVA, it is also released
under the same Apache License 2.0.

PRISM Benchmark Image data was scraped from pub-
licly accessible websites. The usage of this content is com-
pliant with fair-dealing law for non-commercial academic
research. We do not redistribute the original images under
commercial licensing.

B. Implementation Details
We pre-train the models on 2 NVIDIA A100 80GB GPUs
and fine-tune on 4 A100 GPUs. The batch size for pre-
trained and fine-tuning is 64 and 48, respectively. For pre-
training, we use the following hyperparameters: a learning
rate of 1e-3, no weight decay, and a cosine learning rate
scheduler with a warmup ratio of 0.03. For fine-tuning,
we lower the learning rate to 2e-5 while keeping the other
configurations identical.

*https://github.com/haotian- liu/LLaVA/blob/
main/LICENSE

All evaluations on PRISM benchmarks were conducted
on a workstation equipped with two Intel Xeon Gold 5218
CPUs, each with 16 cores. The system also featured an
NVIDIA TITAN RTX GPU with 24GB of memory.
Safe-LLaVA (0.5B) shares the same model architecture

and training configuration as LLaVA-OneVision (0.5B) [25],
and Safe-LLaVA (7B) is identical in architecture and
setup to LLaVA-v1.5 (7B) [31]. Both Safe-LLaVA
(0.5B) and Safe-LLaVA (7B) are trained on the proposed
Safe-LLaVA dataset using the exact same model settings.
The only difference between baseline LLaVA-v1.5 (7B) and
Safe-LLaVA (7B) lies in the training data: Safe-LLaVA
models are trained on privacy-filtered corpora in which ex-
plicit and implicit biometric attributes have been removed.

C. Representation and Data Quality Analysis
We analyze the demographic coverage of widely used train-
ing sources and assess annotation consistency. Specifi-
cally, we (i) characterize the demographic distribution of
the LLaVA training data across race, age, gender, eye color,
and body weight categories, and (ii) validate annotation reli-
ability through a manual audit of GPT-based cleaning. This
analysis ensures representative coverage and verifies the ro-
bustness of our dataset construction pipeline.

Demographic Representation. We estimate the demo-
graphic distribution of the LLaVA training corpus by prompt-
ing Qwen2.5-VL (7B) to infer sub-categories for each im-
age. Of the 624,610 samples, approximately 195k do not
contain humans. Among the remaining images, the race
distribution is: White (281,140), Black (21,835), East Asian
(53,276), Native American (1,161), Middle Eastern (3,881),
South Asian (15,733), Central Asian (1,732), and Hispanic
(14,516). Each race category contains at least 1,500 samples,
indicating broad coverage.

A further breakdown across other biometric categories is
as follows:
• Age: Infants (8,573), Middle-aged (303,805), Elderly

(51,507).
• Gender: Woman (147,482), Man (232,959).
• Eye Color: Gray (2,538), Dark Brown (10,059), Green

(786), Blue (9,489), Brown (369,525).
• Body Weight: Underweight (684), Normal (363,181),

Muscular/Fit (26,224), Overweight (2,603).
These statistics demonstrate that the dataset spans a wide
demographic spectrum.

https://github.com/haotian-liu/LLaVA/blob/main/LICENSE
https://github.com/haotian-liu/LLaVA/blob/main/LICENSE


Table 4. Refusal accuracy of baseline models under explicit instruction prompts. Despite prompting models to avoid revealing biometric
information, most models still fail to refuse disclosure.

Evaluator(Soft) Model(Param.) ACCage
Ref → ACCeyecolor

Ref → ACCgender
Ref → ACCrace

Ref → ACCweight
Ref → ACCAvg.

Ref →

GPT

Qwen2.5-VL (7B) [55] 12 0 0 2.04 28.57 8.52
Gemma (4B) [50] 0 0 6.0 0 0 1.20

LLaVA-v1.5 (7B) [31] 2.0 0 0 2.04 8.16 2.44
LLaVA-OneVision (0.5B) [25] 0 0 0 0 0 0

Gemini

Qwen2.5-VL (7B) [55] 16.0 0 0 24.49 91.84 26.47
Gemma (4B) [50] 0 0 0 14.29 2.04 3.27

LLaVA-v1.5 (7B) [31] 2.0 0 0 8.16 12.24 4.48
LLaVA-OneVision (0.5B) [25] 0 0 0 0 0 0

GPT

Qwen2.5-VL (7B) [55] 0 0 8.0 0 2.04 2.01
Gemma (4B) [50] 0 0 8.0 0 2.04 2.01

LLaVA-v1.5 (7B) [31] 0 0 0 2.04 18.37 4.08
LLaVA-OneVision (0.5B) [25] 0 0 0 0 0 0

Gemini

Qwen2.5-VL (7B) [55] 24.0 0 2.0 28.57 95.92 30.10
Gemma (4B) [50] 0 0 0 0 8.16 1.63

LLaVA-v1.5 (7B) [31] 4.0 2.0 0 12.24 18.37 7.32
LLaVA-OneVision (0.5B) [25] 0 0 0 0 0 0

Table 5. Validation of GPT-based cleaning on 500 randomly sam-
pled instances from the LLaVA dataset.

ID Human-Flagged GPT-Flagged GPT Fixed Count %
a Yes Yes Yes 132 26.4
b Yes No – 5 1.0
c Yes Yes No 9 1.8
d No Yes – 28 5.6
e No No – 326 65.2

C.1. Data Quality and Annotation Reliability.
To validate annotation quality and check for potential over-
filtering, we manually reviewed 500 randomly sampled
LLaVA instances for privacy leakage and compared them
against GPT-based cleaning. As shown in Table 5, the up-
per bound on correct fixes is 90.4% (a/(a+b+c)), with a
5.6% false-positive rate (d). This indicates high reliability
of the automated cleaning with limited data loss. Com-
bined with the improvements in refusal accuracy and leak-
age protection, these findings confirm that models trained on
Safe-LLaVA benefit from both demographic diversity and
consistent safety guarantees.

D. Additional Refusal Evaluation with Instruc-
tion Prompts

To further investigate the refusal behaviors of SoTA MLLMs,
we conducted an additional evaluation where 250 samples
were randomly selected from the PRISM benchmark and
base models were explicitly instructed to avoid revealing
biometric information. Specifically, each model was given
the following instruction before answering:

"Answer the following question without revealing
private biometric information like race, gender,

age, eye color, weight, etc."

We then measured refusal accuracy (both soft and hard)
across five biometric categories. The results are presented
in Table 4. Despite receiving explicit instructions, most
baseline models still failed to reliably refuse disclosure of
biometric attributes, with near-zero refusal rates in many
categories. This demonstrates that existing models cannot
effectively refuse even when guided by explicit instructions,
underscoring the necessity of the Safe-LLaVA dataset for
training privacy-preserving behaviors.

E. Analysis of Commercial Model Behavior on
PRISM Benchmark

We further analyze the behavior of commercial models on
the PRISM benchmark, as shown in Table 6. The results indi-
cate that commercial alignment alone does not fully resolve
biometric privacy risks. Gemini-2.0-flash shows very low
refusal accuracy under both soft and hard biometric prompts,
with only 2.4% and 8.6%, respectively, while also exhibit-
ing substantial implicit leakage under open-ended prompts.
This suggests that even commercial models can continue
to generate sensitive biometric attributes when deployed in
general-purpose settings.

In contrast, GPT-4o achieves perfect refusal accuracy on
both soft and hard biometric-related questions, which likely
reflects strong proprietary post-training alignment and safety
tuning. However, despite this strong explicit refusal behav-
ior, GPT-4o still exhibits non-trivial biometric leakage un-
der open-ended prompts. This gap shows that post-training
alignment can improve refusal behavior for direct biometric
queries, yet it does not fully address the root cause of leakage
in general descriptive generation.

These observations further highlight the need for



Table 6. Performance of commercial models on PRISM.

Model Accrefsoft Accrefhard Lleak
avg Lleak

sent

GPT-4o 100 100 80.12 36.20
Gemini-2.0-flash 2.4 8.6 57.18 4.78

Table 7. General performance without human-related entities.

Model POPE SEED MMStar AI2D Llwer

LLaVA (7B) 86.57 55.06 30.66 53.50 87.88
Safe-LLaVA (7B) 86.10 56.43 33.74 52.78 91.30

Safe-LLaVA dataset. Rather than relying only on post-hoc
refusal tuning, our approach targets the problem at the data
level by constructing a privacy-preserving training dataset
that removes both explicit and implicit biometric cues.

F. LLaVA-v1.5 vs. Safe-LLaVA: General Per-
formance without Human-related Entities

We also evaluate whether Safe-LLaVA model preserves
general visual understanding ability on non-human-related
content. To this end, we compare LLaVA-v1.5 (7B) and
Safe-LLaVA (7B) on widely used general-purpose bench-
marks after removing human-related entities, as shown in
Table 7. The results show that Safe-LLaVA maintains
competitive, and in several cases improved, performance
compared to the baseline. These results indicate that privacy-
preserving data curation does not harm general reasoning and
perception abilities on non-human-related images. Instead,
it selectively suppresses privacy-sensitive biometric gener-
ation while preserving strong general-purpose multimodal
understanding.

G. Qualitative Examples
G.1. Images in PRISM Benchmark
Figure 9 presents qualitative examples of implicit biometric
leakage on the PRISM benchmark. Existing SoTA MLLMs,
such as Gemma, LLaVA-v1.5, and LLaVA-OneVision, fre-
quently generate sentences explicitly revealing sensitive at-
tributes like age, gender, race, or weight, demonstrating their
tendency to leak biometric details in natural descriptions. In-
ternVL3 shows slightly higher refusal, but this largely stems
from uncertainty-based responses (e.g., “difficult to deter-
mine”) rather than true privacy-preserving refusals. In con-
trast, Safe-LLaVA consistently rejects biometric queries
while still providing rich, contextually accurate descriptions
for open-ended prompts, highlighting its ability to balance
privacy protection with informativeness.

Figures 10–14 present representative samples for each
biometric attribute in the PRISM benchmark, providing a

clear overview of the visual composition of the dataset.
Figure 10 shows samples from the Age category, cover-

ing a broad range of life stages including infants, teenagers,
adults, and elderly individuals. This diversity ensures that
age-related priors are thoroughly exposed during model eval-
uation.

Figure 11 illustrates the Gender attribute, highlighting
visual patterns such as clothing, hairstyle, and presentation
that models frequently exploit, even when gender is not
mentioned in the prompt.

Figure 12 contains examples from the Race category, cap-
turing individuals from a wide range of ethnic backgrounds,
including Black, East Asian, South Asian, Central Asian, Na-
tive American, Middle Eastern, and Hispanic groups. This
breadth helps reveal race-related leakage across both com-
mon and underrepresented populations.

Figure 13 displays Eye Color samples with close-up ocu-
lar imagery categorized into brown, blue, green, gray, and
dark variants. These fine-grained distinctions test whether
models infer subtle appearance cues.

Finally, Figure 14 presents the Body Weight attribute,
including full-body images that span underweight, average,
muscular, and overweight individuals. This range exposes
the extent to which models associate body shape or size with
implicit biometric judgments.

By presenting each biometric attribute independently,
these figures highlight the visual diversity and granularity
of the PRISM benchmark. This design intentionally elicits
both explicit and implicit biometric reasoning from MLLMs,
providing a challenging and realistic setting for evaluating
leakage behaviors.



Figure 9. Qualitative examples of biometric information leakage on PRISM benchmark of SoTA MLLMs.

Figure 10. Representative samples from the PRISM benchmark illustrating the Age.

Figure 11. Representative samples from the PRISM benchmark illustrating the Gender.



Figure 12. Representative samples from the PRISM benchmark illustrating the Race.

Figure 13. Representative samples from the PRISM benchmark illustrating the Eye Color.

Figure 14. Representative samples from the PRISM benchmark illustrating the Weight.



Figure 15. Qualitative comparison between LLaVA-v1.5 (7B) and Safe-LLaVA (7B) on biometric privacy. LLaVA-v1.5[31] explicitly
reveals sensitive biometric attributes in both open-ended and direct responses, whereas Safe-LLaVA consistently refuses to answer
biometric-related questions while still providing semantically rich, privacy-safe descriptions.

G.2. Qualitative Examples of generated sentences
from LLaVA-v1.5(7B) and Safe-LLaVA (7B)

To better illustrate the qualitative difference in privacy be-
havior, we present two examples comparing LLaVA-v1.5
(7B) and Safe-LLaVA (7B) in Figure 15 and Figure 16.
These examples highlight the models’ responses to both
direct biometric queries and open-ended prompts.

In Figure 15, LLaVA-v1.5 discloses multiple sensitive
biometric attributes such as age, gender, race, and eye color,
even in open-ended descriptions. In contrast, Safe-LLaVA
explicitly refuses to provide answers to biometric-related
questions and generates privacy-aligned responses without

compromising semantic quality.
Figure 16 showcases a culturally sensitive case where

LLaVA-v1.5 infers and outputs detailed ethnic and physi-
cal information. Safe-LLaVA avoids any such inferences
and instead provides a descriptive yet privacy-safe caption.
These results demonstrate Safe-LLaVA ’s effectiveness
in preserving semantic informativeness while eliminating
biometric leakage.



Figure 16. Comparison of responses to a culturally sensitive image between LLaVA-v1.5 (7B)[31] and Safe-LLaVA (7B). LLaVA-v1.5
reveals detailed biometric and ethnic information, including race, age, gender, and body type. In contrast, Safe-LLaVA consistently refuses
to answer biometric queries and avoids sensitive attribute predictions while maintaining semantic coherence in the open-ended description.

H. Prompts for Safe-LLaVADataset Curation

To construct the Safe-LLaVA dataset, we design a struc-
tured system prompt for GPT-4o to detect and redact bio-
metric attributes in image-caption pairs derived from the
original LLaVA dataset. Our goal is to ensure that no person-
ally identifiable or biometric information is retained in the
revised data while preserving the original semantic intent of
the captions.

The system prompt guides the language model to first
identify whether the user query (Question) or response

(Ground Truth) contains any biometric information, includ-
ing age, gender, race, weight, or eye color. Depending on the
presence of such attributes, the model applies one of three
transformation strategies:
• Refusal: If the Question explicitly asks about biometric

attributes (e.g., "What is the race of the man?"), the model
is instructed to return a standard refusal message: “I’m
sorry, but I cannot provide information related to biometric
attributes.”

• Generalization: If the Ground Truth contains biomet-
ric information, but the Question does not request it, the



model rewrites the response to generalize the attribute
while preserving the sentence structure and meaning (e.g.,
"A young Asian man is reading a book." ↑ "A person is
reading a book.").

• Preservation: If neither the Question nor the Ground
Truth contains biometric information, the model retains
the original Ground Truth without any modification.
Figure 17 illustrates the complete prompt structure, in-

cluding transformation rules and representative examples.
The prompt enforces strict removal of both explicit and im-
plicit biometric expressions (e.g., “woman with blue eyes,”
“obese person”) and replaces them with neutral terms (e.g.,
“person,” “individual”). This design enables us to construct
a dataset that is aligned with privacy-preserving principles
while maintaining high-quality, instruction-following behav-
ior in downstream model training.

I. Prompts for PRISM Benchmark
To support consistent and reproducible evaluation in the
PRISM benchmark, we designed detailed prompting proto-
cols to guide both GPT-based and Gemini-based evaluators.
These protocols were developed to ensure alignment with
the benchmark’s goals namely, measuring refusal behavior
and implicit biometric leakage.

The full prompt texts used to guide GPT and Gemini
evaluators are shown in Figures 18 and 19, which provide
step-by-step rules, visual examples, and output formatting
constraints.

Refusal Accuracy Evaluation. As discussed in the main
paper, this metric evaluates whether a model refuses to an-
swer a question that probes biometric attributes. To opera-
tionalize this, we design a task-specific prompt for GPT and
Gemini evaluators (see Figure 18).

Implicit Leakage Protection Score. To assess whether a
model reveals biometric attributes in open-ended responses,
we provide evaluators with a prompt template (Figure 19)
that asks them to identify any biometric attributes such as
age, gender, race, eye color, or weight either explicitly or
implicitly stated in the response.



Figure 17. Prompt used for generating the Safe-LLaVA dataset via GPT-4o. The system prompt instructs the model to detect and redact
biometric information such as age, gender, race, weight, and eye color. Depending on the presence and nature of biometric content in the
input, the model either returns a refusal message, generalizes sensitive details, or preserves the original response.



Figure 18. Overview of the evaluation setup for calculating Refusal Accuracy in the PRISM benchmark. Refusal is only marked when
the response does not attempt to answer the question in any meaningful way. Both partial and uncertain responses (e.g., “they look older,”
“possibly blue eyes”) are not considered as refusals.



Figure 19. Evaluation protocol for calculating the Implicit Leakage Protection Score in the PRISM benchmark. Given an open-ended
prompt and a model-generated response, evaluators identify which biometric attributes, such as age, gender, race, eye color, or weight are
either explicitly stated or implicitly implied in the response.
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