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Abstract

We introduce the APA Benchmark, consist-
ing of images of Actors, Politicians, and Ath-
letes paired with a series of text prompts. Our
benchmark serves as a tool for practitioners
and researchers who are considering VLMs
for people-centric tasks. We demonstrate the
usefulness of our benchmark by systematically
probing a large variety of modern VLMs for
their associative abilities in this domain. We
discuss the implications of these experiments
and examine how model scale affects their ba-
sic associative abilities, influence from soci-
etal biases and capacity for identity recognition.
APA Benchmark is publicly available at our
group repository.'

1 Introduction

Vision-Language Models (VLMs) have made sig-
nificant progress in reasoning over images and text.
Image-text association models such as CLIP (Rad-
ford et al., 2021) achieve impressive classifi-
cation performance, while recent autoregressive
VLMs (Bai et al., 2025) are able to answer open
questions about an image in a wide variety of do-
mains. These models are trained at scale with open-
vocabulary supervision from web images, making
it difficult to assess the full extent of their capabili-
ties. As a result, important benchmarks have been
designed to probe VLM capabilities in complex
tasks such as compositionality (Thrush et al., 2022;
Zhao et al., 2022), text-chart understanding (Fu
et al., 2024; Masry et al., 2022), or science and
math (Lu et al., 2022, 2024; Yue et al., 2024).
However, we still lack a systematic evaluation
benchmark that probes how VLMs perceive people,
which is also the most common and socially con-
sequential entity in natural images. We therefore
aim to ask three main questions that cover VLM
capacities of association to entity recognition, role

"https://github.com/uvavision/apa-bench

association, bias assessment, and identity recog-
nition, which we consider crucial for filling the
specific gap of people-centric VLM evaluation.

In this work, we introduce APA, a people-centric
benchmark consisting of pictures of public figures
including Actors, Politicians and Athletes. We first
demonstrate the utility of APA by testing the capa-
bility of VLMs to associate the basic level category
person with our images, compared to subordinate
categories such as actor, politician, athlete,
and more specific subordinate categories such as
Academy Award winner, Senator, or Marathon
runner. On a positive note, our benchmark shows
that generally, as models become more robust and
capable, they rely less on stereotypical associations
related to gender. However, our experiments also
uncover models where this might not be the case.
As a whole, our evaluation framework serves a
dual purpose: it can help assess a VLM capacity
for linking names with faces for applications where
this is required, and it can flag VLMs that use iden-
tity recognition for predictions, which is crucial for
applications where this is undesirable.

2 Dataset

The APA benchmark comprises high-quality por-
trait images of actors, politicians, and action shots
of athletes, each annotated with basic demographic
information such as name, gender, and category-
specific attributes. The actor set includes film
appearances and prioritizes those with Academy
Award history, comprising 30 women and 60 men.
The politician set consists of United States politi-
cians, including all 100 Senators, 436 House Rep-
resentatives, some delegates, and 100 Mayors from
the largest cities, with additional metadata such as
party affiliation and region; all politicians held pub-
lic office on June 2022. The athlete set contains
109 pictures of prominent athletes, comprising 30
women and 79 men, each labeled with their respec-
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This is a photo of a [person] This is a photo of a [person]

This s a photo of a [politician]

This is a photo of a [person]
This s aphoto of a [politician]
~o—This is a photo of the [Mayor]

This is a photo of a person
This is a photo of an athlete
—o~This is a photo of a [specific sports] player

This s a photo of a [person]

This s a photo of an [actor / actress] This s a photo of a [politician]

—o—This is a photo of [academy award history] —o~This is a photo of a [US House Representative] —o-This s a photo of the [Senator]

ALBEF [14M] vs Models [max 400M]
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Actor / Actress US House of Representatives

Figure 1: Classification accuracy across prompt levels (= green: category,

Senators

Mayors Athletes

pink: occupation, m blue: specialty).

Top: models trained on <400M samples; bottom: >400M. Models are ordered by parameter size within each type.
When only the visual backbone is specified, the model is CLIP. The top row shows models trained at the 400 million
image-text pairs scale, and the bottom shows models trained at a larger scale.

tive sport. All images were sourced from Wikipedia
and have a Wikimedia Commons compatible li-
cense. The dataset, code, and framework will be
released under the MIT License and is included
with this submission as supplementary material.

3 Evaluation Framework

Our benchmark proposes to uncover the capabil-
ities of modern VLMs through association tests.
Fig 2 shows some of the prompts that can be gen-
erated from our metadata for two images. Our
prompts are of the form “This is a photo of [C]”.
For instance, at the most basic level, all of our im-
ages depict the category person. In this case, we
also pair the images with the following six distrac-
tor categories: dog, giraffe, plant, tree, bed,
and chair. These categories are included as a san-
ity check, as they are frequent categories in im-
age datasets; a reliable model should consistently
assign high scores to person for all benchmark
images. Additionally, we design similar tests at
two additional levels of granularity: General oc-
cupation and specific occupation (e.g., “This is a
photo of a politician” and “This is a photo of
a Senator”). A different set of negative prompts
is selected manually for each type of occupation.
A full list of positive and negative prompts for all
levels of granularity can be found in our Appendix.

Our evaluation tests whether models can assign
the highest matching score to the positive prompt.

This is a person

This is a person

This is an athlete

This is Lionel Messi

Figure 2: APA Benchmark images with associated
prompts. In blue is the positive prompt and in red are
negative prompts at various levels of granularity from
more general to more specific prompts.

CLIP-style VLMs directly output a matching score
between prompts and images. Generative VLMs
are prompted to answer either true or false as in
VQAScore (Lin et al., 2024), and we use the logit
score of true as the matching score. We evaluate
14 VLMs in total, and find that: 1) It is generally
easier for almost all VLMs to categorize things at
the most general level of granularity i.e. person.
2) Models with larger capacity tend to be more
capable in their associations, but with several ex-
ceptions. Results are shown in Fig 1.

Particularly, models such as SigL.IP-256 and
SigL.IP-L-384 seem to struggle with scoring
person above negative prompts for the images of
athletes, yet they reliably recognize the people in
this picture with the category athlete. This shows
that using this model might affect downstream ap-
plications if relying on predictions at this superor-

Draft for PhD application. Please do not distribute or cite.



Data Model Gender Classes Blas( g)c ore
Sci. Pol. Athl.  Teach. Recep. Asst.  Sales Actor
RN101 woman 11.03 9.44 7.53 1278 4043 5.66 341  78.61 1.004
Actor / man 18.80 1724 743 13.51 3.72 792 18.86 78.32
Actress woman 0.79 0.36 0.84 0.94 0.38 0.51 042  47.80
DS-VL2 man 2.13 1.54 1.87 2.33 0.37 1.01 1.76  87.01 0.549
woman 4.10 76.32 030 8.03 5.51 1.98 3.61 0.17
Politicians RNS0 man 587 7573 0.64 5.04 0.49 1.65 10.38 0.19 1.008
SioLIP woman 048 2776  0.57  41.06 6.03 3.50 0.08  18.08 0317
& man 1.12  87.70  1.36 4.40 0.43 0.39 0.26 4.34 '
. woman 0.01 0.01  74.61 0.02 0.11 2522 0.03 0.01
Athletes VIT-B/16 man 0.82 1.19  74.56 1.55 0.00 16.56 4.84 0.44 1.001
) MetaCLIP  oman 0.19 0.31  75.54 1.43 0.13 2.12 0.18  18.93 0.927
man 0.37 240 8145 1.81 0.07 0.93 095 10.27 '

Table 1: Gender bias in occupational classification. Bias = score for correct category. DS-VL2 = DeepSeek-VL2-
small; ViT-B/16 = ViT-B/16 with L4M; MetaCLIP = MetaCLIP-b32-400M.

dinate level of categorization. On the other hand,
SigLIP is able to categorize images of politicians as
person but clearly can not recognize the pictures
of politicians at more detailed levels of granularity.
For completeness, our Appendix shows an evalu-
ation on a total of 39 VLMs across 10 families of
VLM models including ALBEF (Li et al., 2021),
BLIP (Li et al., 2022), CLIP (Radford et al., 2021),
OpenCLIP (Ilharco et al., 2021), SigLIP (Zhai
et al., 2023), MetaCLIP (Xu et al., 2023), EVA-
CLIP (Sun et al., 2023), Gemma3, Qwen2.5 (Bai
et al., 2025), and DeepSeek-VL2 (Wu et al., 2024).

Bias Assessment. We assume that correct predic-
tions for occupations such as politician stem
from VLM knowledge of individual public figures.
However there is also a risk that these associations
take place due to biased predictions with respect
to demographic variables such as gender. We eval-
uate this by measuring category score disparities
across gender, a variable in our dataset sourced
from Wikipedia biographies. Let s,, and s,, de-
note the average scores for the positive prompt for
both images of men and women, since these are the
only two categories present in our data. We define
the bias score as the ratio b = s,,/$,, where val-
ues significantly larger than 1 would indicate bias
toward women, and values significantly less than 1
would indicate a bias toward men.

Table 1 reports gender bias score per dataset,
highlighting the most balanced model (ratio ~ 1.0)
and the lowest-scoring one, indicating lower ac-
curacy for women. A ratio greater than 1 would
indicate difficulty in recognizing men; however, as
most ratios fall below 1, we focus on cases with
substantially lower values. Smaller models seem
to rely more on stereotypical associations such as

(woman, receptionist) and (man, salesperson),
but are also less accurate overall, but even the best
performing models have some disparities. On the
actor and actress data, models trained on under
400M samples show lower accuracy, often relying
on gendered cues—e.g., assigning receptionist
to women and salesperson to men. Some gener-
ative models also show reduced accuracy specifi-
cally for actresses. Although they do not explicitly
assign stereotypical roles. In the case of politi-
cians, SiglLIP models—particularly the smallest
one—exhibits a high degree of bias, frequently
misclassifying female politicians as teachers. This
may reflect the limited exposure of SigLIP to polit-
ical figures, resulting in biased outputs. In contrast,
none of the models exhibit noticeably biased scores
on the athlete dataset, but biases are evident in mis-
classifications—such as labeling men as politicians
and women as assistants. On a positive note, our
full set of results in the Appendix show that when
picking most of the best performing models, bias
ratios are the closest to 1 with a few notable excep-
tions, e.g. Gemma3-27B-it.

Identity Recognition. At the finest level of gran-
ularity, our prompts probe VLMs for their ability
to associate a specific person’s name with their
image, rather than with the names of other indi-
viduals in their respective group. For instance,
we issue prompts of the format “This is a picture
of Bernie Sanders”, and use the names of all
other senators as negative prompts. Similar to
Winoground (Thrush et al., 2022), we have the
model score all images against the prompt using
the VLM, and then given an image, we have the
VLM score all prompts. We define this as the Text
Score, and the Image Score.
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US House of Rep. Senators Mayors Actor/Actress Athletes

Text Image Text  Image Text Image Text  Image Text  Image
ALBEF 0.25 0.25 1.06 1.08 1.12 1.10 1.09 1.12 1.10 1.20
ViT-B/32 27.98 30.69 83.79 85.06 2642 25.15 88.62 88.92 79.35 83.79
ViT-L/14 42.80 39.92 9492 9351 3423 32.67 96.00 97.71 87.84 88.82
SigLIP-224 6.70 2.66 1279 10.67 508  4.10 58.84 60.11 73.83 75.44
SigLIP-L-384 10.10 4.53 1838 16.75 6.06  6.86 71.58 70.56 86.43 87.16
ViT-B/32 w/1L2B  33.81 34.13 93.07 93.65 31.25 30.86 9429 9233 79.79  81.74
ViT-L/14 w/L2B  41.02 38.94 9595 95.36 34.47  36.04 97.66  97.02 8745 88.87
Qwen2.5-3B 1.00 1.10 730  9.40 350  3.50 7.60  8.70 37.30  36.60
Qwen2.5-7B 0.70 0.90 7.80 11.50 290 330 41.30  40.50 60.80  64.60

Table 2: Identity recognition. Can VLMs associate images of a person with their name?

Table 2 shows that larger models tend to rely
more heavily on individual-specific information,
whereas smaller models such as ALBEF appear to
lack substantial knowledge about individual identi-
ties, as this model was trained on a smaller dataset.
Models trained on at least 400M samples generally
show strong recall for all categories, except SigLIP,
which performs well only on actors and athletes.
Models trained with more than 2B samples show
similar performance as models trained with 400M
samples, but generative models show higher accu-
racy as the number of parameters increases, and
the values are not significantly higher.

4 Discussion on Data Representation

We analyze the LAION-400M dataset (Schuhmann
et al., 2021) which is typically used for training
CLIP and other models. We counted the number of
captions that overlap with categories or names of
people included in the APA Benchmark. The actors
consisted of the most frequently mentioned names,
without a significant difference in frequency across
gender. However, the high rate of classification
due to spurious statistical associations and the ap-
pearance of bias in the generative VLMs suggest
that they may learn from characters played by the
actors. Aside from the actors, there was a large gap
between mentions of men and women, which sug-
gests that models with larger number of parameters
might avoid learning biases through more robust
visual representations. The significantly higher ac-
curacy for senators compared to other politician
categories in Identity recognition experiments is
likely due to their over representation in online
media. In comparison, the overall low ability to
discriminate between politicians of SigL.IP sug-
gests that there might not be enough of this data in
the training set. If that is the case, it is worth not-
ing that this model may exhibit stronger bias than

other models by making biased assignments in data-
sparse areas. On the other hand, a different pattern
emerges with the athlete set, where the difference
in ratios between mean and women is particularly
wide compared to other categories. This imbalance
suggests that VLMs may be learning to encode fea-
tures about specific individuals rather than abstract
athlete characteristics. As a result, while the accu-
racy of Identity recognition is higher, it also tends
to be biased. This reliance on individual-specific
information rather than additional categorical cues
(e.g., sports equipment such as balls), may explain
the higher accuracy for athletes on the subordinate
category experiments.

5 Related work

Our work is in the spirit of other benchmark tests
that have been designed in the past for Large Lan-
guage Models. For instance, the WinoBias (Zhao
et al., 2018) and WinoGender (Rudinger et al.,
2018) benchmarks designed to test models for bi-
ases in co-reference resolution. StereoSet (Nadeem
et al., 2021) was designed to measure biases across
various sensitive protected variables. Honnavalli
et al. also proposes a benchmark for language mod-
els to probe implicit gender and seniority biases
when referring to politicians and academics. In
contrast, our benchmark provides a comprehensive
VLM evaluation of basic association capabilities,
biases and recognition of public figures through
image-text association.

6 Conclusion

We introduce the APA benchmark to evaluate
VLMs in terms of their people-centric knowledge.
Our work uncovers that, while large VLMs gener-
ally demonstrate strong classification performance,
they also tend to rely more heavily on individual-
specific information. Our findings highlight that,
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despite recent advancements, such models risk
overlooking essential features or reinforcing gen-
der stereotypes, which likely depend on the data
they are exposed to during training.

Limitations Our benchmark is not intended to
test a wide range of capabilities in vision-language
models. Our benchmark is also limited to the
English language although there is little that ties
its construction and general framework to one
language. Additionally, APA Bench should be
used together with other benchmarks such as 1)
The original downstream benchmarks proposed
by (Radford et al., 2021) which evaluate zero-
shot learning on standard image classification tasks
such as Imagenet-1k, 2) The VL-Checklist bench-
mark (Zhao et al., 2022) which probes for individ-
ual capabilities such as objects, attribute, and rela-
tions, and 3) the Winoground benchmark (Thrush
et al., 2022) which probes for compositionality.
Additionally, favorable performance in our bias as-
sessment tests under our metric does not guarantee
that a model is insulated by other biases or that
even biases with respect to gender have been miti-
gated as there are many concurrent factors that can
lead to a problematic bias score. The demographics
of the people depicted in the benchmark data do
not necessarily follow that of a target population
in a different context or even necessarily that of
the United States which is nevertheless overrepre-
sented as a source of public figures in our dataset.
Evaluation in our dataset provides a useful metric
during development but responsible deployments
should consider a benchmark more targeted toward
their individual particular use case.
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A Detailed Dataset Statistics

Image Statistics. In the actor and actress portraits,
there are 100 portraits overall, 60 of them male and
40 female. 38 of them have won and been nom-
inated for an Academy Award. 37 of them have
been nominated for an Academy Award but have
not won. 25 of them have never been nominated
for or won an Academy Award In the politician
portraits, there are 100 senators (76 of them male
and 24 female), and the 436 U.S. House of Rep-
resentatives (310 of them male and 126 female),
and 100 mayors (67 of them male and 33 female).
Among them, there are 343 Democratic and 291
Republican politicians, which are annotated in our
data but not used in our analysis. The athlete im-
ages are generally not portraits but often action
shots of the athletes in context. There are 109 im-
ages, 79 of them male and 30 female. Each portrait
is labeled with a specific sport, and there are 18
football players, 20 tennis players, 14 basketball
players, 11 soccer players, 4 racing players, 1 mar-
tial arts player, 2 snowboarding players, 1 softball
player, 14 baseball players, 2 track athletes, 11 golf
players, 6 hockey players, 1 swimmer, 2 boxers, 1
biker, and 1 gymnast.

Prompt Statistics. We create prompts of the form
“This is a photo of C” at four levels, where C can
make the text-image pair a positive or a negative
pair depending on whether the prompt entails the
image. Table 3 shows a list of all the categories
we consider. The = green-level and = pink-level
prompts are applied to all images, while special
prompts are created for athletes, politicians and
benchmarks for m blue-level prompts. A total of
845 images x 7 prompts, lead to 5,915 = green-
level image-prompt pairs, and 845 x 9 prompts =
7,605 = pink-level image-prompt pairs. For actors
we consider three m blue-level prompts but we also
consider the words “actor” or “actress”, leading
to 109 images x 6 = 600 image-prompt pairs, for
politicians the number is 636 images x 7 prompts
= 4,452 image-prompt pairs and for athletes the
number is 109 images x 14 sports = 1,744 pairs.
The total number of image-prompt pairs that will
require evaluation across all these tests is 20,316.
Additionally, we create prompts to evaluate Identity
recognition which requires significant computation
since we pair every image with the names of ev-
ery person in the group. As a result, we obtain an
additional 100 images x 100 prompts = 10,000
image-prompt pairs for actors, 100 images x 100

Type

Categories

green: category

person
dog
giraffe
plant
tree
bed
chair

pink: occupation

politician
scientist
athlete
teacher
receptionist
assistant
salesperson
actor
actress

m blue: Actors

won and nominated for Academy Award
nominated but not won Academy Award
never nominated or won Academy Award

President

Senator

Vice President

Mayor

Governor

US House Representative
Attorney General

m blue: Politicians

Football player
Tennis player
Basketball player
Soccer player
Racer

Martial Artist
Snowboarder
Softball player
Baseball player
Track Athlete
Golfer

Hockey player
Swimmer
Boxer

Biker

Gymnast

m blue: Athletes

Table 3: List of prompts used in the experiments,
grouped by difficulty and role type. The phrase “This is
a photo of”’ is omitted for brevity.

images = 10,000 image-prompt pairs for US Sena-
tors, 436 images x 436 prompts = 190,096 image-
text prompts, 100 images x 100 prompts = 10,000
image-prompt pairs for mayors, and 109 images
x 109 prompts = 11,881 image-prompt pairs for
athletes. Leading to a total of 1,942,777 image-text
prompts. Despite the large number of image-text
prompt pairs especially for identity recognition, it
should be noted that the image-text prompt pairs
can be created on-the-fly and taking advantage of

Draft for PhD application. Please do not distribute or cite.



This is a photo of a person This is a photo of an [actor or actress] «O=This is a photo of an [actor or actress] who has [academy award history]
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Figure 3: Classification accuracy of all vision-language and generative models toward three levels of prompts by
using actor and actress portraits.

This is a photo of a person This is a photo of a politician «0O=This is a photo of a US House Representative
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Figure 4: Classification accuracy of all vision-language and generative models toward three levels of prompts by
using US House of Rep. portraits.

batch processing in modern VLMs and model par-
allelism. Table 4 is a Data Card that includes our
intended license for release and stated intended use.

B Prompt Format

For the generative vision language models, we em-
ployed following form:

Indicate if the following
statement is true or false, and
please only output ’true’ or
"false’: [statement]

This format was used to obtain the logit score for
"true", and verified classification accuracy by com-
paring relative to other prompts

C Full set of Results

Our full set of results is presented here for 39
VLMs including powerful variants of recent genera-

tive VLMs such as Gemma3 by Google, DeepSeek-
VL2, and Qwen2.5-VL. Figures 3 4, 5, 6, and 7
show a battery of tests for basic associations across
all VLM, significantly expanding on our summa-
rized results. Our goal is to provide an easy tool to
evaluate future models. Similarly, we present bias
assessment for the full roster of VLMs in Tables 5,
6, and 7. Finally Table 8 presents the full set of
results for our task of identity recognition, show-
casing across a wide variety of model sizes and
training settings, the subtle nuances across models
in their capabilities to memorize how individual
public figures look like. Surprisingly here gener-
ative VLMs even with their larger capacity fail to
associate names to the same extent as the CLIP-
based models. Note: In all our tables and figures if
only the model backbone is mentioned, the model
is the basic CLIP model from OpenAl.

Draft for PhD application. Please do not distribute or cite.



Data Card: APA Benchmark

Dataset Name

APA Benchmark

Summary Benchmark to evaluate people-centric capabilities in VLMs.
Includes images of public figures (actors, athletes, politicians) and
text prompts of the form “This is an image of a {C}”.

Supported Tasks Evaluation only — not for model training.

Languages English

License MIT License

Data Content

Example Instance

{’image’: ’actors/01.jpg’, ’prompt’: ’This is an

image of an actor’, ’type’: 1}
Fields * image_name: Path to image
* prompt: Descriptive text
Data Splits EVélJéfR‘ﬁi—BﬁWpt: Positive/Negative label

Curation Rationale

Designed to evaluate recognition of people-related concepts in
modern VLMs.

Source and Annotation

Source

Images and metadata from Wikipedia (Creative Commons or
Public Domain).

Annotation Process

Manual annotations derived from Wikipedia content.

Annotators

Dataset creators and Wikipedia editors.

Sensitive Content

Includes information about real people who are public figures with
Wikipedia entries written about them.

Use and Limitations

Social Impact

Helps evaluate people-centric reasoning in VLMs. Should be used
alongside other compositional/bias-probing datasets.

Biases

Dataset is not gender-balanced; gender annotations are included.
Other demographic skews are likely.

Known Limitations

[Needs More Information]

Additional Metadata
Homepage [To be Announced]
Repository [To be Released]
Paper [Not Published]
Leaderboard [Not Public]
Point of Contact [Anonymous Authors]
Citation [This manuscript when published]

Table 4: Preliminary Data Card for our proposed APA Benchmark
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«O=This is a photo of a person This is a photo of a politician «O=This is a photo of the Senator

Lo ”ww
. Q-OVO—O*\ o P—-0—-0—0—0—N V

0.80 / w

0.70 “

0.60

0.50

0.40

0.30

0.20

0.10

000 — T
&é Q’\,Q Qg? e,@”&@@‘@&@p‘:&\%i f"\'&.’« ,\3”:'5‘9:, \'g:g,\"i \ '»"W/Vf&v\ff’VN&W@VW@:@"&@%@Q’%&" @Q@ hge@ @Q& &?3" &‘.0“ é,‘?" &‘? «,%Q’ ﬁv:gﬁ)rs,g°&r§*’\\\/\‘b<\'§’(v@ é@\\
Ay RSN PSSR \\\\> N‘,Ci \§4\§\\; \§<;\«9>\'i\\,\>:<\3§32 ,Q";g S’\;g Q'&Q"lbgéiég@;»@qp%z '\\yﬁ&@w \Q\\c&&;@\\; ‘*0/@@@&&6&‘Qﬁe&%&ﬁ&@tﬁg\x@&

RO SN S ¥ ¥ %\%Q,\?Q,@ & ¥ &VQ,%)"Q&Q.\')Q@’ O ¢ °$0§q, s
FEFE & & S ¥ e o o S F &
F &9 oy P Q@\"?}\“&% N

Figure 5: Classification accuracy of all vision-language and generative models toward three levels of prompts by
using senator portraits.
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Figure 6: Classification accuracy of all vision-language and generative models toward three levels of prompts by
using mayor portraits.

«O=This is a photo of a person This is a photo of an athlete «O=This is a photo of an [specific sports] player
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Figure 7: Classification accuracy of all vision-language and generative models toward three levels of prompts by
using athlete portraits.
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Table 5: Results by using actor and actress dataset for all models that showcase disparities in the association of
different occupations with people of different genders.
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Table 6: Results by using politicians dataset for all models that showcase disparities in the association of different
occupations with people of different genders.
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Table 7: Results by using athletes dataset for all models that showcase disparities in the association of different
occupations with people of different genders.
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US House of Rep. Senators Mayors Actor/Actress Athletes

Text Image Text Image Text Image Text Image Text  Image
ALBEF 0.25 0.25 1.06  1.08 .12 1.10 1.09 1.12 1.10  1.20
BLIP 1.81 2.27 12.82 13.64 631  6.56 38.26 42.70 31.96 4231
RN50 31.86 33.03 86.13 85.21 28.74 28.15 88.18  89.31 78.96  82.37
RN101 30.03 31.59 84.18 84.96 2793 26.83 90.82  90.97 81.74 83.64
RNS50x4 38.87 37.26 89.06 89.94 3252 32.54 9546 94.82 86.67 87.01
RNS50x16 47.02 44.07 91.06 88.23 36.18 36.50 9595 95.95 87.84 88.62
RN50x64 48.49 44.19 93.12 92.72 39.67 37.21 96.53  97.80 88.77 89.75
ViT-B/32 27.98 30.69 83.79 85.06 2642 25.15 88.62 88.92 79.35 83.79
ViT-B/16 29.98 30.54 82.32  82.08 26.39 25.39 94.48 93.07 81.05 85.16
ViT-L/14 42.80 39.92 94.92 9351 3423  32.67 96.00 97.71 87.84 88.82
ViT-L/14@336px 41.11 39.60 94.73  93.07 35.13  33.79 96.39 9751 88.48 88.92
OpenCLIP ViT-B/32 27.34 26.90 89.16 84.33 26.25 26.64 90.72  90.48 74.80 77.93
OpenCLIP ViT-B/16 29.98 28.96 88.72 86.13 29.64 2445 92.72  93.80 79.49 83.30
OpenCLIP ViT-L/14 38.84 36.23 93.99  91.60 3445 33.06 96.73  96.53 85.74 86.04
OpenCLIP ViT-B/32-L2B  33.81 34.13 93.07 93.65 31.25 30.86 9429 92.33 79.79 81.74
OpenCLIP ViT-L/14-L2B  41.02 38.94 95.95 95.36 3447 36.04 97.66  97.02 87.45 88.87
OpenCLIP ViT-H/14-L2B  51.66 50.15 98.68 99.17 41.50 38.13 98.24 98.14 89.26  90.48
SigLIP-p16-224 6.70 2.66 12.79 10.67 5.08 4.10 58.84 60.11 73.83 75.44
SigLIP-p16-256 6.71 2.38 11.66 9.14 559 441 58.30 57.81 71.19 74.12
SigLIP-p16-384 7.05 2.74 1229  9.81 528 479 61.72 61.67 74.27 77.20
SigLIP-p16-512 7.14 2.76 1231 942 540  4.57 64.65 6431 73.29 79.79
SigLIP-Large-p16-256 9.45 3.77 1523 14.55 595  6.26 67.24 67.19 82.47 83.50
SigLIP-Large-p16-384 10.10 4.53 18.38 16.75 6.06 6.86 71.58 70.56 86.43 87.16
MetaCLIP-b16-400m 37.30 35.30 76.95 75.34 22.12 2372 84.18 85.16 81.25 80.18
MetaCLIP-b32-400m 26.51 30.22 75.00 75.68 22.89 22.58 75.78 78.22 73.83 7598
MetaCLIP-114-400m 42.55 45.12 89.45 90.04 28.93 30.54 94.58 94.58 84.03 87.99
MetaCLIP-b16-fullcc2.5b  38.21 38.87 87.94 88.13 28.20 29.44 95.17 93.65 84.18 84.18
MetaCLIP-b32-fullcc2.5b  29.08 33.62 82.28 84.33 2242 23.69 83.50 81.79 76.12  77.69
MetaCLIP-114-fullcc2.5b  48.29 46.14 94.29 9531 35.06 35.45 97.85 96.63 90.43  91.89
MetaCLIP-h14-fullcc2.5b  66.50 60.99 98.44 97.75 39.50 40.31 96.68 98.19 91.65 92.24
EVA-CLIP-8B 43.31 42.97 95.12  96.88 3420 34.35 98.88  98.68 88.38  89.40
Gemma-3-4b-it 0.52 1.27 4.10 470 1.30  1.50 1290 29.70 49.20 46.90
Gemma-3-12b-it 1.27 1.23 6.80 10.80 0.90  0.60 24.80 35.20 61.30 58.80
Gemma-3-27b-it 2.17 1.72 16.39 15.88 255 328 35.67 49.56 7148 76.17
Qwen2.5-VL-3B-Instruct 1.00 1.10 730 940 350 3.0 7.60  8.70 37.30 36.60
Qwen2.5-VL-7B-Instruct ~ 0.70 0.90 7.80 11.50 290 330 41.30 40.50 60.80 64.60
Qwen2.5-VL-72B-Instruct ~ 7.79 7.43 45.80 45.65 1042 7.62 63.38 61.72 70.51 70.46
DeepSeek-VL2-tiny 0.40 0.40 140  1.70 1.80  1.90 280  3.50 340  3.80
DeepSeek-VL2-small 0.70 0.80 4.00 4.50 340 330 10.60 14.80 36.00 37.50

Table 8: Results of identity recognition experiment for all models.
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