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Figure 1: Example of DiscriBench and predictions
by humans and VLMs (shown in gray ). To answer
the question, VLMs need to distinguish key details
(shown in green) from unnecessary parts (shown in
red) in the conversation while distinguishing visual
details among the image options.

lously select image pairs that expose VLMs to a
fine-grained comparison by using the erroneous
agreement technique (Tong et al., 2024). We are
also interested in evaluating the discriminability of
VLMs in different languages, and thus, we support
English and Japanese. We describe the detailed
construction process of DiscriBench in Sec. 2.

We evaluate a number of both open and closed
VLMs, including LLaVA-onevision (Li et al., 2024),
Qwen2-VL (Wang et al., 2024), InternVL-2.5 (Chen
et al., 2024a), Claude 3.5 Sonnet (Anthropic, 2024),
and GPT-4o (OpenAI, 2023a), on our DiscriBench.
We observe a large discrepancy in performance
(14.0 to 69.3 points) between humans and current
VLMs, whereas humans can easily solve the task
with a high accuracy of 90%. We also demonstrate
that the performance improves more when reduc-
ing the difficulty level of discriminability in the vision
modality than in the language modality. Further-
more, we provide a case study showing that ex-
isting VLMs fail to identify or count visual objects,
whereas they suggest valid reasoning.

Our contributions are three-fold:
� We propose DiscriBench to evaluate the dis-

criminability of VLMs and make it available1,
� We demonstrate a large performance gap be-

tween VLMs and humans in DiscriBench, and
� We analyze the extent of discriminability that

VLMs have through ablation studies.

2. Construction of DiscriBench

Each sample in DiscriBench consists of a triplet of
an input text, an image set providing four options,
and an answer to the question included in the input
text. The input text is further decomposed into a
situation description, a conversation with four ut-
terances on average between two people, and a
question. The image set can be either four differ-
ent images or a single image that provides four
options. The answer is represented as an option
number (1-4) of the correct image. We adopt two
heterogeneous data sources: Exam and COCO.
We detail each construction procedure in the sub-
sections below. Fig. 2 illustrates an overview of the
construction process.

2.1. Exam
We construct a subset of DiscriBench samples from
a university entrance examination. We select the
English listening subject in the Common Test for
University Admissions3 in Japan (NCUEE, 2024).
This Common Test is conducted annually nation-
wide, and its questions, which are available on-
line in PDF format, are created by subject experts.
Specifically, questions in the English listening sub-
ject are created to align with A1 to B1 levels in
CEFR (Common European Framework of Refer-
ence for Languages)4 as a difficulty level to mea-
sure the language ability of examinees (Council
of Europe, 2020; Kondo and Miyao, 2023). Top-
ics handled in the English listening subject are re-
lated to daily lives and intentionally chosen such
that most examinees are familiar with the topics.
Hence, the questions are solvable from the informa-
tion given without relying on external knowledge.
The task format best matches DiscriBench, and
thus, we adopt this Common Test in DiscriBench.
Although the English reading subject in the Com-
mon Test was another candidate for DiscriBench,
the reading subject contains fewer multimodal ques-
tions than the listening subject, and characteristics

1https://github.com/muraoka7/discribench
2The example used for Exam is adapted from Ques-

tion 10 of the Regular Session in 2023.
3https://www.dnc.ac.jp/kyotsu/ (Japanese site)
4https://www.coe.int/en/web/common-european-

framework-reference-languages/table-1-cefr-3.3-
common-reference-levels-global-scale
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Exam (Illustration images)

Situation text translation
靴屋で，店員と客が会話をしています。

↓
A clerk and customer are talking at a shoe store.

PDF

Image extraction

COCO (Natural images)

Situation: A clerk and customer are talking at a shoe store.
Conversation:
Woman: How about this pair?
Man: No, tying shoelaces takes too much time.
Woman: Well, this other style is popular. These are 50% off, too.
Man: Nice! I'll take them.
Question: Which pair of shoes will the man buy?

Text concatenation

Image set collection with erroneous agreement

Im
ag

e 
En

co
de

r A

Im
age Encoder B

Conversation:
…
Mike: And remember, we need plenty of seating for everyone 
in the family a terrace table with chairs to have a tea party there.
[Modified for the answer to be uniquely determined]

Text description composition
Prompt
You are an 
English teacher 
…

Prototype generation by VLM

Manual validation and modification

Prototype

Figure 2: Overview of DiscriBench construction. Processes for Exam (left) and COCO data (right).2

of the reading subject are somewhat similar to ex-
isting work, such as MMMU (Yue et al., 2024a)
and MMMU-Pro (Yue et al., 2024b). Therefore, we
chose the listening portion to pursue the unique
advantage of DiscriBench.

To match the data format in DiscriBench, we
process the exam data (See Fig. 2:left). First, we
machine-translate the situation description given in
Japanese into English and then manually verify the
translations. We next concatenate the English situ-
ation description with the associated conversation
and question obtained from the ground-truth tran-
script data. For images, we convert the format from
PDF into JPEG and resize them to 1280×1280.

2.2. COCO
Pre-training data of VLMs often involve natural im-
ages. To evaluate discriminability using natural
images, we create another set of DiscriBench sam-
ples from COCO (Lin et al., 2014), incorporating the
characteristics of the Exam. To do so, we first ob-
serve and analyze the Exam questions and identify
the following characteristics:
C1 Option images in Exam are generally similar to

each other but differ in detail in each sample.
C2 The conversation in Exam contains utterances

that mislead examinees into a wrong answer.
C3 Hints to a correct answer are scattered through-

out the conversation.
We collect image sets from COCO and compose
text descriptions based on these characteristics.
Image set collection. We use the erroneous

agreement method (Tong et al., 2024) to collect
images that share the common concept or view
in general but differ in detail (C1). The erroneous
agreement method enables us to find image pairs
such that the image features generated by a vi-
sion encoder A are close to each other (e.g., a
high cosine similarity), whereas those by another
vision encoder B are distant from each other (e.g., a
low cosine similarity). Following Tong et al. (2024),
we use models trained in the CLIP manner (Rad-
ford et al., 2021) for the vision encoder A, and
DINOv2 (Oquab et al., 2024) for the vision encoder
B. It should be noted that CLIP-based models serve
as a vision encoder in many existing VLMs. Hence,
we can collect challenging image sets with which
VLMs tend to get confused when distinguishing.

More formally, we collect four-image sets {S},
where S is an image set containing four images
used as option images in a DiscriBench sample,
to satisfy the following conditions: (i) any image
pair taken from S has a cosine similarity ≥ α in the
feature space of the vision encoder A, and (ii) at
least one image pair in S has a cosine similarity
< β in the feature space of the vision encoder B.
α and β are thresholds of similarity. We apply a
post-processing to blur faces to make it difficult to
identify persons. See Appendix A.1 for more details
on this processing.
Text description composition. We compose a
text description, that is, a situation description, con-
versation, question, and answer, for each four-
image set collected above with the help of a power-
ful VLM. In our case, we used Anthropic’s Claude
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Figure 3: Statistics and characteristics of DiscriBench.

3.5 Sonnet (Anthropic, 2024), given that we found
that it can produce text of decent quality based
on multiple input images. We let the VLM gener-
ate a prototype of a text description by providing a
prompt along with a four-image set. We explicitly
instruct the VLM to include the characteristics of C2
and C3 in the text description. One of the authors
conducted manual validation of the generated text,
carefully checking whether (a) the answer to the
generated question can be uniquely determined
given the input text and images, (b) the conversa-
tion has misleading information that can lead VLMs
to a wrong answer, and (c) hints are spread over
the conversation. We modify the generated text
accordingly if needed and discard samples if and
only if we find them difficult to meet all of the three
criteria above ((a) to (c)), such as a sample with
images of the same object from slightly different
angles, which are so close to each other that we
cannot create a meaningful conversation. After
the manual validation is completed, we further en-
sured its validity by asking ten human annotators5

to point out and fix any mistakes or ambiguities in
the DiscriBench samples. See Appendix A.2 for
more details on the text description composition.

2.3. 1-shot prototype generation and
self-verification

To increase the number as well as diversity of Dis-
criBench samples, we devise a two-step prototypi-
cal generation process that allows us to reduce the
manual validation effort while keeping its quality
by making the best use of the DiscriBench sam-
ples already created. We generate a prototype by
providing the same VLM as above with an already
verified DiscriBench sample as a 1-shot demonstra-
tion, combined with a prompt.

Referring to self-verification approaches (Kada-
vath et al., 2022; Phute et al., 2024), we then ask

5We used BAOBAB Inc., an annotation service com-
pany, for the validation: https://baobab-trees.com/en

the VLM to self-validate the generated prototype,
whether it can be deterministically solved based on
the information given, and to modify the prototype if
the self-validation fails. The entire prompt we used
for this self-validation is illustrated in Fig. 10. We
can apply this generation process regardless of the
image type.

2.4. Translation into Japanese

It is interesting to study how language affects VLMs’
discriminability when using the same image op-
tions. To this end, we machine-translate the text
description in DiscriBench into Japanese using An-
thropic’s Claude 3.5 Sonnet (Anthropic, 2024). We
conducted a preliminary experiment to compare the
quality of machine translation of the text description
in our DiscriBench between GPT-4o and Claude
3.5 Sonnet, and found that Claude 3.5 Sonnet can
produce better results since GPT-4o sometimes did
not preserve the conversation format (e.g., removal
of newline characters) and generated utterances in
a non-colloquial style. Therefore, we adopt Claude
3.5 Sonnet. All the translated samples are validated
for their correctness by ten human annotators, who
were all Japanese native speakers, using the same
annotation service mentioned in the previous sub-
section. We obtained a total of 400 DiscriBench
samples throughout our construction process de-
scribed so far.

2.5. Overview of DiscriBench

We analyze and briefly describe the characteristics
of our DiscriBench in terms of activities, scenes,
and objects using 100 samples. Fig. 3 illustrates
that DiscriBench encompasses a wide range of
daily life activities ranging from recreation, shop-
ping, exploration, planning, learning, and social
events to creative activities, travel, and professional
services. DiscriBench also involves various scenes
(e.g., indoor, outdoor, tourism venues, etc.) with
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Figure 4: Accuracy of VLMs on DiscriBench. Whiskers indicate the 95% confidence intervals computed
by the bootstrap method (Efron and Tibshirani, 1993) with 10,000 resampling.

many visual objects being discussed in the con-
versations, such as animals, home items, vehicles,
food, and recreation items. Hence, DiscriBench
allows us to evaluate VLMs’ discriminability in a
wide array of fine-grained daily activities. More
examples can be found in Figs. 1, 2, 5, and 8.

3. Experiments

We now evaluate a number of VLMs, including both
open-sourced and closed-sourced models, on Dis-
criBench. We also analyze the extent to which
VLMs can (or cannot) distinguish necessary infor-
mation from superfluities when the difficulty level
of discriminability is relaxed.

3.1. Experimental setups
We evaluate Idefics3 (Laurençon et al., 2024),
Phi-3.5-vision (Microsoft, 2024), VILA-1.5 (Lin
et al., 2024), Pixtral (Mixtral AI, 2024), LLaVA-
onevision (Li et al., 2024), Qwen2-VL (Wang et al.,
2024), InternVL-2.5 (Chen et al., 2024a) as open-
sourced VLMs, and Claude 3.5 Sonnet (Anthropic,
2024, 20241022) and GPT-4o (OpenAI, 2023a,
2024-08-06) as closed-sourced VLM. The selec-
tion criterion for the VLMs we test is that each VLM
is trained on and thus can accept multiple images
per sample, as required by DiscriBench. For a
fair comparison, we use the same prompt for every
VLM we evaluate, prepending images to the prompt
while adapting the prompt format to align with each
model’s recommended usage. For example, the
official usage for Claude 3.5 Sonnet recommends
images preceding the instruction, whereas Pixtral
encourages appending images after the instruc-
tion. We instruct VLMs to answer each question
in DiscriBench with an image option number [1-4]
and allow them to optionally append the reason for

the answer. The full description of the prompt we
use is found in Fig. 12. We extract the answer from
VLM’s response with a regular expression and com-
pute accuracy as the model performance on 400
DiscriBench samples constructed in Sec. 2. We in-
clude CLIPScore (Hessel et al., 2021) as a baseline
to see how well VLMs solve the task beyond sim-
ply matching images from input texts. CLIPScore
solves DiscriBench via text-to-image matching: it
encodes the input text and the image options sepa-
rately into feature representations, and then selects
the image option most similar to the text features
as the answer. Note that we cannot apply CLIP-
Score to the illustration samples (Exam) since the
visual input is a single image, and thus, we cannot
perform text-to-image matching on these samples.

We use the official toolkit provided by OpenAI and
Anthropic to obtain responses from GPT-4o (Ope-
nAI, 2023) and Claude 3.5 Sonnet (Anthropic,
2023), respectively. For evaluating open-sourced
VLMs, we use the official repository and pre-trained
model checkpoints for VILA-1.5 (NVIDIA Research
Projects, 2024), while we use vllm (Kwon et al.,
2023) for the rest of the VLMs. We obtain the model
weights of the VLMs from Hugging Face (Wolf et al.,
2020). We employ greedy decoding during infer-
ence with the maximum number of tokens set to
512, and use the default values for the rest of the
parameters. We use 4 NVIDIA A6000 GPUs with
48GB RAM each, and it takes up to 10 minutes to
evaluate one VLM in a single run.

We also study human performance on Dis-
criBench to see how easily humans can solve this
task. We asked ten participants and instructed
them to solve 100 examples of DiscriBench in both
languages. We randomly shuffled the examples of
DiscriBench and presented them to the participants
to avoid any potential bias. We report the average
accuracy over ten participants.
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Situation: Two roommates are planning to make a healthy snack for 
their study session.
Conversation:
Sarah: Hey Mike, let's prepare something nutritious for our study break.
Mike: Good idea! How about some veggies with dip?
Sarah: Perfect! I'll chop the celery. Can you slice the carrot?
Mike: Sure!
Question: Based on their conversation, which image shows the 
ingredients they're most likely to use?

1 2

3 4

1 2

3 4

1 2

3 4

Variation in vision modality
Language modality intactMedium Easy

Original sampleVariation in language modality
Vision modality intact

Medium
Conversation:
Chef: I see the celery has been cut into nice small pieces on the plate.
Sous-chef: And there's a whole carrot on the cutting board, not yet sliced.
Question: Which image number matches both utterances?

Easy
The celery is cut into small pieces and the whole carrot is ready to be cut.
Question: Which image number matches the caption?

Figure 5: Samples used in our ablation study.
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Figure 6: Accuracy of VLMs under relaxed difficul-
ties in English.
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Figure 7: Accuracy of VLMs under relaxed difficul-
ties in Japanese.

3.2. Main results
Fig. 4 shows the main results. Appendix B provides
detailed accuracy of more VLMs. First, we verify
that humans can solve this task with high accuracy:
90.0% in English and 90.8% in Japanese. This
indicates that the task is easy for humans in gen-
eral. However, we observe that some samples in
DiscriBench are challenging even for humans, re-
quiring careful attention to both modalities, such as
prepositions or subtle visual differences, because it
is constructed based on university entrance exams
created by subject experts to measure the language
ability of examinees. This could explain why it is dif-
ficult for humans to perfectly solve DiscriBench. In
contrast, closed VLMs such as GPT-4o and Claude
3.5 Sonnet lag behind humans by 24.3+ points in
overall accuracy (Accuracy-en&ja). Open VLMs
achieve much lower accuracy than closed ones,
ranging from 67.5% (InternVL-2.5 78B) to 27.5%
(Qwen2-VL 2B), which is close to random guessing
(25.0%). Roughly speaking, overall accuracy cor-
relates with model size, with smaller VLMs tending
to perform worse. We also verified that the gap
between humans and top VLM, GPT-4o, is statis-
tically significant since the confidence intervals of
humans and GPT-4o do not overlap. Whereas we
can expect certain performance gains with larger
models that go beyond CLIPScore, the large gap
from humans suggests room for improvement in
the discriminability of VLMs.

Comparing results between image types
(Natural-*, and Illustration-*), we notice that
humans and large VLMs perform better on illus-
trations than on natural images, whereas smaller

VLMs such as Qwen2-VL 2B and VILA-1.5 8B/13B
show the opposite trend. Thus, the competence
across image types varies across VLMs. More
interestingly, though we see performance drops
from the English results (*-en) in almost all VLMs,
the results in Japanese (*-ja) are encouraging,
considering that the training data used to train
VLMs mainly consist of English. We expect these
promising Japanese results to be attributable to the
effective use of powerful pre-trained LLMs trained
on multilingual data as the language encoder of
the VLMs. Overall, we hope that these findings on
image types, languages, and various VLMs are
beneficial to the community.

3.3. Analysis
Experiment with relaxed difficulty: It is interest-
ing to see how accuracy changes as the difficulty
level of discriminability decreases in vision and lan-
guage modalities, and which modality affects dis-
criminability more, if such effects exist. To verify
this, we conduct an ablation study. We extend
100 samples of DiscriBench in both English and
Japanese by stepwise reductions in discriminative
difficulty in the respective modalities. Fig. 5 illus-
trates the samples used in this ablation study.

More specifically, to reduce discriminability in lan-
guage, we create two variations with shorter and
easier conversations than the original ones. We
use the text composition technique introduced in
Sec. 2.2, while keeping image options unchanged.

6The above example is adapted from Question 9 of
the Regular Session in 2022.



9374

Situation: A couple discusses their weekly grocery shopping and meal planning 
while looking at fresh produce.
Conversation:
Sarah: We need to plan our meals for the week. What vegetables should we buy?
Mark: How about some broccoli and carrots? They're always good staples.
Sarah: Good idea. I'm also thinking of making a corn dish. Should we get some?
Mark: Actually, let's focus on leafy greens this week. I saw some nice lettuce 
varieties.
Question: Based on their conversation, which image best represents their likely 
shopping cart?

Human: 4 (average accuracy: 100%)
GPT-4o: Answer: Image 2
Reason: The conversation mentions broccoli, corn, and lettuce. Image 2 includes these vegetables.
Claude 3.5 Sonnet (20241022): Answer: 1
Reason: Image 1 best matches their conversation because it contains broccoli, which Mark specifically suggested, leafy greens (both 
red and green varieties) which Mark wanted to focus on, and some root vegetables. The image also shows a simple, focused selection 
of vegetables that would be typical for basic weekly meal planning, unlike images 2, 3, and 4 which show much larger and more
diverse produce hauls. Additionally, Image 1 doesn't include corn (which Sarah considered but Mark redirected toward leafy greens 
instead), making it more consistent with their final conversation direction.
InternVL-2.5-38B: Answer: 3
Reason: Image 3 includes a variety of leafy greens, such as lettuce and kale, which aligns with Mark's suggestion to focus on leafy 
greens for the week. It also contains broccoli and carrots, which were mentioned by Mark as good staples. The presence of corn in 
Image 2 and the absence of leafy greens in Image 1 and Image 4 make them less suitable choices based on the conversation.

1 2

3 4

Situation: A clerk is taking an order from a customer.
Conversation:
Woman: Are you ready to order, sir?
Man: Yes, I'd like the fried noodle set.
Woman: Certainly. Would you like rice with that?
Man: Well.... It comes with two side dishes, so that's enough.
Question: What did the man order?

Human: 2 (average accuracy: 100%)
GPT-4o: Answer: ③
Reason: The man ordered the fried noodle set with two side dishes, but he declined the rice. Image 3 shows the noodles with two side 
dishes and no rice.
Claude 3.5 Sonnet (20241022): Answer: 3
Reason: Based on the conversation, the man ordered the fried noodle set but declined the rice when asked by the server. Looking at 
image 3, it shows exactly what he ordered - a plate of fried noodles and spring rolls as a side dish, without the rice and other side 
dishes shown in the other images. (redacted)
InternVL-2.5-38B: Answer: 3
Reason: The man ordered the fried noodle set, which includes two side dishes but no rice. Image 3 shows the fried noodle set with two 
side dishes and no rice.

Figure 8: Examples of errors made by top VLMs.6

One variant is of medium difficulty and contains
two utterances, each of which matches multiple im-
age options but determines the single ground-truth
answer image in combination. Another variation
is easier and consists of a single caption that di-
rectly indicates only the ground-truth answer image,
without any misleading information. To reduce the
difficulty in vision, we replace two to three images in
each image option set. We create an image option
set of medium difficulty by retaining the most dissim-
ilar image to the ground-truth image in the original
four-image set as an incorrect option, while drop-
ping the remaining two. We use cosine similarity, as
computed in Sec. 2.2, to measure image similarity.
An easier image option set consists of a ground-
truth image and an irrelevant image randomly taken
from other samples in DiscriBench. While keeping
the text part of the samples unchanged, we add two
black images to each modified image option set

in both the medium and easy settings to keep the
number of image tokens given to VLMs constant
relative to the original samples. In total, we obtain
800 new samples for this ablation.

Figs. 6 and 7 show the results. Original indicates
accuracy in the original, unmodified DiscriBench;
Medium-* and Easy-* correspond to accuracy at
the medium and easy difficulty levels, respectively;
and *-Vis and *-Lan indicate the modalities (vision
and language, respectively) in which the difficulty
is relaxed. We observe that performance indeed
improves in almost all VLMs and in both languages
as the difficulty level of discriminability decreases.
These results indicate that current VLMs lack dis-
criminability because they fail to distinguish nec-
essary information from unnecessary information
when more and more unnecessary information is
given to the VLMs (i.e., in the Original and Medium
settings). It is notable that the performance gain
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is much larger when the vision modality is altered
(*-Vis) than when the language modality (*-Lan) is
altered, as shown by half of the VLMs achieving
≥ 94% accuracy in Easy-Vis, compared to Easy-
Lan, where only two VLMs achieve ≥ 80%. These
trends may suggest that the language encoders of
VLMs have more limited discriminability than the
vision encoders. However, there might be another
possibility that could explain the lower accuracy
in Easy-Lan: the vision encoders fail to select the
correct image despite sufficient discriminability of
the language encoders. To exclude this possibil-
ity, we conduct an additional experiment where the
answer image option is provided in the text descrip-
tion, such as “... Question: {question} The answer
is third image. Please choose the number of the
image that matches the answer to the question.”
This setting allows VLMs to solve the task without
looking at the images. The results are shown by
Answer-Given-Lan in Figs. 6 and 7, which clearly
indicate that the performance is significantly im-
proved from Easy-Lan, reaching the same or higher
accuracy than Easy-Vis. This demonstrates that
the lower accuracy in Easy-Lan is due to the lack
of discriminability in the vision encoders.
Case study: We provide a case study to see
how and when VLMs are confused in DiscriBench.
Fig. 8 shows examples of errors commonly made
by three VLMs that performed well in Fig. 4. As
shown in Fig. 8, the VLMs made mistakes even
in intuitively easy cases that required only object
recognition or counting. Considering the reasons
for the answers provided by the VLMs (see the rea-
sons in the top example and those provided by by
InternVL-2.5-38B in the bottom example in Fig. 8),
it seems that the VLMs can often distinguish key
information for the correct answer in the conver-
sation (i.e., the language modality), whereas they
fail to choose the correct image This could explain
the lack of discriminability in the vision modality
observed in the ablation study above. Humans can
answer these cases correctly, as the conversation
itself is easy to follow and the image options are
sufficiently different from each other to distinguish.
More examples can be found in Appendix C.

4. Related work

4.1. Vision-language models (VLMs)

Following the emergence of large language
models (LLMs) with instruction-following capabil-
ities (Brown et al., 2020), the development of
instruction-following VLMs has been an active re-
search area (Alayrac et al., 2022; Li et al., 2022,
2023; Liu et al., 2023; Bai et al., 2023b; Ope-
nAI, 2023a,b; Laurençon et al., 2024; Lin et al.,
2024; Microsoft, 2024; Li et al., 2024; Liu et al.,

2024; Wang et al., 2024; Chen et al., 2024a; An-
thropic, 2024). Such VLMs usually consist of pre-
trained vision and language encoders, connected
by modality adapters such as multi-layer percep-
trons (MLPs) and attention layers to process both
modalities. Vision Transformers (ViTs) (Dosovitskiy
et al., 2021) have been the default choice as the
vision encoder and are often taken from pre-trained
CLIP or its derivative models (e.g., SigLIP (Zhai
et al., 2023)), which were trained on image-caption
paired data with contrastive learning (Radford et al.,
2021). In contrast, different LLMs have been used
as the language encoder in different VLMs, such
as Llama (Touvron et al., 2023a,b; Dubey et al.,
2024), Vicuna (Zheng et al., 2024), Qwen (Bai
et al., 2023a; Yang et al., 2024), etc. Although
training of VLMs involves interleaved multimodal
data (Byeon et al., 2022) or high-quality instruction-
tuning data (Chen et al., 2023), it is unclear how
these data contribute to VLMs’ discriminability. To
evaluate the discriminative ability of these VLMs,
we aim to construct DiscriBench.

4.2. Evaluation benchmarks for VLMs
To evaluate VLMs, a variety of evaluation bench-
marks have been proposed to date (Gurari et al.,
2018; Li et al., 2023; Fu et al., 2023; Liu et al.,
2023; Yue et al., 2024a,b; Li et al., 2024b,a; Yu
et al., 2024; Lu et al., 2024; Liu et al., 2024). Simi-
lar to DiscriBench, the SEED benchmark (Li et al.,
2024b) is constructed with the help of GPT-4 to
generate a question, multiple-choice options, and
a ground-truth answer. Most of these benchmarks
were not created to evaluate discriminability, as they
do not contain irrelevant or unnecessary informa-
tion in both modalities from which VLMs should dis-
tinguish key information. Some benchmarks con-
tain examples that require distinguishing relevant
parts from irrelevant ones, but these benchmarks
usually require additional skills to solve the tasks.
MMMU(-Pro) (Yue et al., 2024a,b) are composed
of college-level examples in 30 subjects, which,
however, require external knowledge in these sub-
jects. MathVista (Lu et al., 2024) contains samples
derived from an IQ test, which requires multi-hop
reasoning to reach answers. Unlike these bench-
marks, DiscriBench evaluates VLMs’ discriminabil-
ity without relying on such additional expertise.

4.3. Multi-image multimodal tasks
Our work is also relevant to other multimodal work
that proposes datasets that contain multiple images
in a sample (Suhr et al., 2019; Li et al., 2024c; Kil
et al., 2024; Fu et al., 2024; Wang et al., 2025).
BLINK (Fu et al., 2024) includes visual perception
tasks that require multi-image comparison. Muir-
Bench (Wang et al., 2025) offers 12 multi-image
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understanding tasks with 10 multi-image relations.
Although these datasets consider multiple images
per sample, the language modality lacks complex-
ity because the input text is limited to a few short
sentences. Therefore, they do not pose substan-
tial challenges to the language encoder in VLMs.
Moreover, none of these datasets aim to evaluate
the discriminability of VLMs addressed in this work.
In particular, they do not assess VLMs’ capabil-
ity to distinguish key information from superfluities
in both modalities simultaneously, as opposed to
within either modality individually.

5. Conclusion

We study the discriminative ability of VLMs, namely,
the ability to distinguish key details from unneces-
sary or irrelevant information when exposed to a
mixture of such information. To this end, we pro-
pose a new evaluation benchmark, DiscriBench,
which is challenging because it requires discrim-
inability in both vision and language modalities. A
unique feature of DiscriBench is that it involves mul-
tiple images that are generally similar yet different in
detail, coupled with a multi-turn conversation. This
feature is practically important for VLMs to support
us in our daily lives, such as recommending items
among similar items. Experimental results demon-
strate that recent VLMs struggle to achieve high
accuracy, although the task is easy enough for hu-
mans. We also conduct an ablation study and case
studies to take a step further in investigating the low
accuracy of VLMs on DiscriBench, whereas identify-
ing the root causes is challenging due to the limited
transparency of model details for some VLMs (e.g.,
undisclosed training data or model architecture).
Despite exceptional performance on existing tasks,
we observe that the vision encoders in VLMs can
be further improved to distinguish details of images
with subtle differences. We believe the insights
obtained in our study are beneficial for guiding fu-
ture improvements of VLMs. We are interested in
expanding our analysis of VLMs on DiscriBench
in the future to study how the output formats im-
pact overall accuracy (i.e., comparison between a
multiple-choice setting and free-form generation)
and how VLM performance on DiscriBench on Dis-
criBench could be improved; for instance, visual
prompting (Wu et al., 2024) and dialogue annota-
tion (Bunt et al., 2012) could help the vision and
language encoders in VLMs interpret their inputs
more appropriately.

6. Ethics Statement

The evaluation results obtained in this work are
applicable to English, Japanese, and the daily life
activities covered in DiscriBench, but not to other

languages or activities. We also made our best
effort to mask and remove information that can
identify individuals during manual validation, but
there is a possibility of mistakenly passing personal
information through manual validation. However,
we set the intended use of our benchmark for evalu-
ation purposes only, which we believe can minimize
the potential risk of unintended use.

7. Limitations

The development of VLMs in the community is un-
precedentedly rapid, and new VLMs have been
released on a monthly or even weekly basis. We
evaluated newer models such as Qwen3-VL (Qwen-
Team, 2025) and GPT-5 (OpenAI, 2025), which
have been released near or after the time of sub-
mission, and added the results in Appendix B. In
contrast, we could not evaluate very large models
such as Llama 4 Maverick (Meta AI, 2025) due to
the lack of computing resources. Based on the
results we obtained, we anticipate that the gap will
close further as more powerful VLMs are devel-
oped. However, this direction does not conflict with
our work; rather, it aligns with our work because
we hope that our DiscriBench allows future VLMs
to address discriminability.

One might also be concerned about the dataset
size. However, we emphasize that DiscriBench is
carefully curated to target a specific and underex-
plored capability, discriminative ability in multimodal
contexts, which has not been the focus of existing
datasets. We believe that the focused nature of
our benchmark can provide meaningful insights, as
specific capabilities like discriminability are often
underrepresented in large-scale general-purpose
datasets. Moreover, it is comparable in size to other
focused benchmarks such as LLaVA-Bench (Liu
et al., 2023) (60 questions), MMVet (Yu et al., 2024)
(218 questions), and MM-UDP Bench (Miyai et al.,
2025) (350–920 questions per subtask).
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Vision encoder A α

OpenAI’s CLIP-L/14-336 0.95
SigLIP-SO400M-14/384 0.95
InternViT-6B-448-V1-2 0.988
LLaVA-1.5’s CLIP-L/14-336 0.91
VILA-13B’s SigLIP-SO400M-14/384 0.94
VILA-40B’s InternViT-6B-448-V1-2 0.99

Table 1: Threshold α used for each vision encoder
in four-image set collection.

Appendix

A. Construction of DiscriBench

A.1. Four-image set collection
To ensure the diversity of four-image sets, we used
OpenAI’s CLIP-L/14-336 (Radford et al., 2021),
SigLIP-SO400M-14/384 (Zhai et al., 2023; Alabdul-
mohsin et al., 2023), InternViT-6B-448-V1-2 (Chen
et al., 2024b), LLaVA-1.5’s CLIP-L/14-336 (Liu
et al., 2024), VILA-13B’s SigLIP-S0440M-14/384,
VILA-40B’s InternViT-6B-448-V1-2 (Lin et al., 2024)
as vision encoders A, and DINOv2 with registers
(dinov2_vitl14_reg) (Darcet et al., 2024) as
a vision encoder B. While we use the threshold
β = 0.6 following (Tong et al., 2024), we set the
threshold α for each vision encoder A as shown in
Table 1, where we empirically find suitable thresh-
old values through manual exploration.

A.2. Text description composition
We used Anthropic’s Claude 3.5 Sonnet (Anthropic,
2024) to generate prototypes. Specifically, we used
the model version 20240620 to create the first 100
samples since it was the latest model at that time,
whereas we used 20241022 for 1-shot prototype
generation and self-verification later. Figs. 9 and
10 present the prompts we used to generate pro-
totypes of the text descriptions. It cost 0.008 USD
per sample to generate a prototype and 0.778 USD
for 100 samples. We manually ensure that the
composed text does not include personally identi-
fiable information. Fig. 11 provides samples that
we needed to discard due to difficulty in creating
meaningful conversations.

A.3. Use of DiscriBench
We publish our DiscriBench dataset and the evalua-
tion scripts.7 When you use our dataset, especially
the Exam portion, please refer to the instructions
described in our release site above. Regarding
licensing, Apache 2.0 applies to the evaluation

7https://github.com/muraoka7/discribench

scripts, while the DiscriBench dataset has differ-
ent licenses or requirements. In particular, for the
Exam portion derived from the English listening
subject in the Common Test for University Admis-
sions, all rights are reserved by its original creator,
the National Center for University Entrance Exami-
nations (NCUEE).8 We obtained written permission
from NCUEE for their use. The COCO images orig-
inate from Flickr (Flickr, 2004) and are subject to
their own licenses, which we follow as well. The
text part of the COCO portion in DiscriBench is a
modified output from Claude 3.5 Sonnet, which is
also subject to the Terms of Services of Anthropic.9
We define the intended use of DiscriBench as an
evaluation of machine learning models.

B. Experiment details

Table 2 shows detailed accuracy of VLMs, including
more recent ones, i.e., Phi-4-multimodal (Microsoft
et al., 2025), Llama 4 Scout (Meta AI, 2025), In-
ternVL3.5 (Wang et al., 2025), Qwen3-VL (Qwen-
Team, 2025) as open VLMs, and Claude Sonnet
4.5 (Anthropic, 2025), GPT-4.1 (OpenAI, 2025),
and GPT-5 Chat (OpenAI, 2025) as closed VLMs.
For the recent open VLMs, although we tried in-
ference using vllm as in the main experiments,
all models except Qwen3 failed to generate out-
puts reliably. Consequently, we conducted infer-
ence for these models using the transformers
library instead. Recent models generally tend to
exhibit performance improvements over their pre-
decessors of the same model size. For exam-
ple, Phi-4-multimodal-instruct outperforms Phi-3.5-
vision by approximately 3-3.5 points, and GPT-
5 Chat and GPT-4.1 show gains of about 4.5-6
points over GPT-4o, respectively. Interestingly,
large open VLMs such as InternVL3.5-241B-A28B
and Qwen3-VL-235B-A22B-Instruct achieve per-
formance comparable to closed VLMs, including
Claude Sonnet 3.5/4.5 and GPT-4o. A similar
trend of narrowing the performance gap between
open and closed VLMs has also been observed
in other VL tasks (QwenTeam, 2025), indicating
that these large open VLMs have acquired strong
general-purpose VL capabilities.

C. More examples in our case study

Figs. 13 and 14 show additional examples where
VLMs made errors. Interestingly, we see some valid
reasons provided by the VLMs, indicating that they
can correctly distinguish key information from super-
fluities in the conversation, but choose wrong image
options, possibly due to the lack of discriminability

8https://www.dnc.ac.jp/
9https://www.anthropic.com/legal/consumer-terms
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Image 1: {image_1}
Image 2: {image_2}
Image 3: {image_3}
Image 4: {image_4}
You are an English teacher in a high school and creating a final exam to evaluate the reading comprehension
skills of your students.
Based on the given four images, please create a quiz by generating (1) a chat with three or four conversations
between two people, such as a man and woman or a boy and girl, (2) a situation that fits the aforementioned
chat and the images, (3) a question whose answer must match only one of the given four images (i.e., never
match the rest of three images), (4) the answer to the question, and (5) its explanation (up to 50 words) that
justifies the answer. In doing so, please meet the requirements below.
1. Generate an output text following the next template:
"""Situation: <situation>
Conversation:
<person_1>: <utterance_1>
<person_2>: <utterance_2>
<person_1>: <utterance_3>
<person_2>: <utterance_4>
Question: <question>
Answer: <answer>
Reason: <explanation>""",
in which "<string>" is a placeholder and should be replaced with the corresponding actual text generated.
2. The length of the situation, the question, and each utterance should be less than 20 words.
3. The answer should be just a number of the image that matches the answer.
4. Scatter the clues or hints for answering the question you generate over different utterances so that you can
evaluate the reading comprehension skills of the examinees of this quiz.
5. Include information that can mislead the examinees to a wrong answer.

Figure 9: Prompt provided to a VLM to generate a prototype of a text description. {image_i} is a placeholder
and is replaced with an actual image.

Image 1: {image_1}
Image 2: {image_2}
Image 3: {image_3}
Image 4: {image_4}
=== Prototypical text ===
{unverified_prototype}
=== End of prototypical text ===
Given the images and the prototypical text, which includes a situation description, conversation, question, and
its ground truth answer (image number), please validate whether or not the question can be deterministically
solved based on the context, that is, the conversation, situation description, and images. This means that the
context must specify and match only the ground truth image, not multiple images.
If the above validation fails, assuming that you are a quiz creator to assess the reading comprehension of
examinees, please correct the prototypical text to ensure that the question can be deterministically solved at
last, while the conversation should contain information that could match multiple images in the middle. Follow
the following output format:
"""Validation result: <validation_result>
--- Modified text ---
<modified_text>
"""

Figure 10: Prompt used for self-validation of a prototype text generated by a VLM. {·} is a placeholder and
is replaced with corresponding data, an image or text.

in the vision modality. For example, GPT-4o seems
to correctly capture that the man sees a bank and
a flower shop across from the bank in the bottom
example in Fig. 13, but fails to choose the appropri-
ate image option (4). Similar failure patterns can

be seen in the reasons provided by GPT-4o and
Claude 3.5 Sonnet in the top example in Fig. 13,
by Claude 3.5 Sonnet and InternVL-2.5-38B in the
top example in Fig. 14, and by Claude 3.5 Sonnet
in the bottom example in the same figure.
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Figure 11: Examples of discarded images.

Model Natural-en Natural-ja Illustration-en Illustration-ja Accuracy-en Accuracy-ja
(COCO) (COCO) (Exam) (Exam)

CLIPScore 28.6% 29.3% N/A N/A N/A N/A
Qwen2-VL-2B 29.3% 30.8% 23.9% 28.4% 27.5% 30.0%
Idefics3-8B-Llama3 27.1% 18.8% 35.8% 26.9% 30.0% 21.5%
InternVL3.5-1B 33.8% 32.3% 23.9% 20.9% 30.5% 28.5%
VILA-1.5-13B 44.4% 25.6% 11.9% 19.4% 33.5% 23.5%
InternVL2.5-2B 35.3% 31.6% 32.8% 26.9% 34.5% 30.0%
InternVL3.5-2B 36.1% 30.1% 37.3% 29.9% 36.5% 30.0%
Phi-3.5-vision 36.1% 35.3% 41.8% 35.8% 38.0% 35.5%
VILA-1.5-8B 47.4% 27.1% 28.4% 17.9% 41.0% 24.0%
Phi-4-multimodal-instruct 41.4% 42.9% 44.8% 29.9% 42.5% 38.5%
VILA-1.5-40B 47.4% 43.6% 35.8% 26.9% 43.5% 38.0%
LLaVA-ov-7B-chat 43.6% 30.1% 53.7% 35.8% 47.0% 32.0%
Qwen2-VL-7B 44.4% 33.8% 53.7% 49.3% 47.5% 39.0%
InternVL3.5-8B 50.0% 45.1% 53.7% 44.8% 48.1% 45.0%
Pixtral-12B 48.1% 43.6% 61.2% 55.2% 52.5% 47.5%
InternVL3.5-4B 54.9% 39.8% 50.7% 37.3% 53.5% 39.0%
InternVL2.5-8B 54.1% 44.4% 58.2% 47.8% 55.5% 45.5%
InternVL2.5-26B 60.2% 54.1% 53.7% 50.7% 58.0% 53.0%
InternVL3.5-38B 63.2% 57.9% 49.3% 62.7% 58.5% 59.5%
InternVL3.5-30B-A3B 60.9% 54.1% 56.7% 52.2% 59.5% 53.5%
InternVL3.5-14B 62.4% 47.4% 58.2% 55.2% 61.0% 50.0%
Qwen3-VL-4B-Instruct 59.4% 54.9% 65.7% 61.2% 61.5% 57.0%
Llama-4-Scout-17B-16E-Instruct 69.2% 68.4% 50.7% 67.2% 63.0% 68.0%
LLaVA-ov-72B-chat 65.4% 52.6% 64.2% 61.2% 65.0% 55.5%
Qwen3-VL-30B-A3B-Instruct 62.4% 51.9% 73.1% 65.7% 66.0% 56.5%
Qwen2-VL-72B 65.4% 57.9% 67.2% 59.7% 66.0% 58.5%
Qwen3-VL-8B-Instruct 64.7% 60.2% 68.7% 56.7% 66.0% 59.0%
InternVL2.5-38B 64.7% 61.7% 71.6% 70.1% 67.0% 64.5%
InternVL2.5-78B 63.9% 58.6% 74.6% 61.2% 67.5% 59.5%
Claude-3.5-Sonnet 69.2% 69.9% 73.1% 59.7% 70.5% 66.5%
InternVL3.5-241B-A28B 69.9% 66.2% 74.6% 65.7% 71.5% 66.0%
Claude Sonnet 4.5 70.7% 64.7% 80.6% 61.2% 74.0% 63.5%
GPT-4o 72.2% 66.9% 83.6% 83.6% 76.0% 72.5%
Qwen3-VL-235B-A22B-Instruct 78.2% 71.4% 79.1% 73.1% 78.5% 72.0%
GPT-4.1 76.7% 73.7% 88.1% 86.6% 80.5% 78.0%
GPT-5 Chat 78.9% 72.9% 88.1% 88.1% 82.0% 78.0%
Human Average 87.9% 87.5% 94.2% 97.6% 90.0% 90.8%

Table 2: Detailed accuracy of VLMs on DiscriBench in ascending order of Accuracy-en.
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Image 1: {image_1} # {image_i} is replaced with an actual image
Image 2: {image_2}
Image 3: {image_3}
Image 4: {image_4}
Situation: {situation}
Conversation:
{conversation}
Question: {question} Please choose the number of the image that matches the answer to the question, given
the situation and conversation. The output format is ‘Answer: <image_number>
Reason: <reason>’, in which the reason can be optionally added to explain your answer.

Figure 12: Prompt given to VLMs to answer DiscriBench. The actual text is inserted in {}.

Situation: Two friends discuss a strange sight they witnessed in a 
parking lot involving a parked car.
Conversation:
Tom: Hey Sarah, did you see that weird thing with the car earlier?
Sarah: Yeah, I did! A small red bird stayed on the side mirror.
Tom: Right. Then, the bird checked the front and back a few times.
Sarah: Finally, the bird looked into the mirror to check itself. It was so 
interesting!
Question: Which image shows the state of the bird in the end?

1 2

3 4

Human: 1 (average accuracy: 100%)
GPT-4o: Answer: Image 4
Reason: Image 4 displays the bird analyzing itself in the mirror, consistent with the description from Tom and Sarah.
Claude 3.5 Sonnet (20241022): Answer: 2
Reason: Looking at the sequence of images, Image 2 shows the red bird appearing to look directly at the side mirror of the car, 
which matches the conversation's conclusion where Sarah mentions "the bird looked into the mirror to check itself." The 
positioning of the bird in this image is consistent with a bird examining its reflection in the side mirror, making it the final state 
described in the conversation.
InternVL-2.5-38B: Answer: 4
Reason: In the conversation, Sarah mentions that the bird looked into the mirror to check itself. Image 4 shows the bird on the 
side mirror, which aligns with the description of the bird checking itself in the mirror.

Situation: They are talking on the phone with a friend who is lost.
Conversation:
Woman: What can you see there?
Man: Well, there's a bank.
Woman: Is there a bakery across from the bank?
Man: No, I don't see one, but there is a flower shop.
Question: Where is the man standing?

Human: 4 (average accuracy: 100%)
GPT-4o: Answer: 3
Reason: The man sees a bank and a flower shop. In image 3, there is a flower shop across from a bank (represented by money).
Claude 3.5 Sonnet (20241022): Answer: 4
Reason: Based on the conversation, the man is standing at a location where he can see both a bank (indicated by the money/coins 
symbol) and a flower shop. Looking at the images, location #4 is the only one that shows both a bank (money/yen symbol) and a
flower shop next to each other. (redacted)
InternVL-2.5-38B: Answer: 3
Reason: The man mentions seeing a flower shop, which corresponds to the flower shop in image 3.

Figure 13: Examples of errors made by top VLMs. The bottom example is adapted from Question 11 of
the Make-up/Retake Examination in 2024.
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Situation: Two roommates discuss their home office setups and plan to 
upgrade their workspaces.
Conversation:
Sarah: Hey Mike, I'm thinking of upgrading my desk setup. Any 
suggestions?
Mike: Sure! I recently added a second monitor. It's great for productivity.
Sarah: Nice! Do you think a third monitor is too much? I already have a 
second monitor.
Mike: That’d be enough, then. Oh, don't forget about proper lighting. It 
makes a big difference.
Question: Based on their conversation, which image best represents Mike's 
suggestion of the desk setup?

Human: 3 (average accuracy: 60%)
GPT-4o: Answer: Image 4
Reason: Image 4 shows a desk with two monitors, which matches Mike's suggestion of having a second monitor for increased 
productivity.
Claude 3.5 Sonnet (20241022): Answer: 1
Reason: Image 1 best represents Mike's suggestion as it shows a dual monitor setup with proper lighting (there's a desk lamp 
providing targeted illumination). The setup includes an iMac as the main display and a secondary monitor, which aligns with 
Mike's recommendation about adding a second monitor for productivity. The lighting element he mentioned is also clearly 
visible in this setup, making it the most suitable match for his suggestions in the conversation.
InternVL-2.5-38B: Answer: 1
Reason: Image 1 shows a desk setup with two monitors, which aligns with Mike's suggestion of adding a second monitor for 
productivity. Additionally, the desk has proper lighting, as indicated by the presence of a desk lamp.

1 2

3
4

Situation: A mother and daughter discuss a teddy bear picnic party the 
daughter attended at a friend's house.
Conversation:
Daughter: Mom, I went to Sarah's teddy bear picnic today. It was so cute!
Mother: That sounds fun! How many teddy bears were there?
Daughter: Six bears total. They sat around a wooden table with tiny cups.
Mother: Did you take a photo of them?
Daughter: Yes, here it is. Some had their backs to us, facing the table. 
Among these three, I liked the right white bear.
Mother: So cute! Did they have any snacks?
Daughter: Yes! Little jars of honey and what looked like tiny sandwiches. 
It was adorable!
Question: Which image best represents the daughter's photo of the teddy 
bear picnic?

Human: 4 (average accuracy: 100%)
GPT-4o: Answer: Image 3
Reason: Image 3 shows three teddy bears with their backs to us, facing a wooden table with tiny cups and jars, closely matching 
the daughter's description.
Claude 3.5 Sonnet (20241022): Answer: 1
Reason: Image 1 best matches the daughter's description because:
1. It shows exactly 6 teddy bears
2. Three bears are facing away from the camera, sitting with their backs to the viewer, just as the daughter mentioned
(redacted)
5. Of the three bears facing away, the rightmost one is white/light colored, matching the daughter's comment about liking "the 
right white bear"
The other images show the same scene from different angles, but Image 1 specifically matches the daughter's perspective and 
description of how she took the photo, with three bears facing away from the camera.
InternVL-2.5-38B: Answer: 3
Reason: The third image shows six teddy bears sitting around a wooden table with tiny cups, jars of honey, and sandwiches, 
which matches the daughter's description of the teddy bear picnic.

1 2

3 4

Figure 14: Examples of errors made by top VLMs.


