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Abstract

We present Saliency Benchmark (SalBench), a novel
benchmark designed to assess the capability of Large
Vision-Language Models (LVLM) in detecting visually
salient features that are readily apparent to humans, such as
a large circle amidst a grid of smaller ones. This benchmark
focuses on low-level features including color, intensity, and
orientation, which are fundamental to human visual pro-
cessing. Our SalBench consists of images that highlight
rare, unusual, or unexpected elements within scenes, and
naturally draw human attention. It comprises three novel
tasks for evaluating the perceptual capabilities of LVLM:
0dd-One-Out Detection, Referring Odd-One-Out, and Vi-
sual Referring Odd-One-Out. We perform a comprehensive
evaluation of state-of-the-art LVLM using SalBench and our
findings reveal a surprising limitation: LVLM struggle to
identify seemingly obvious visual anomalies, with even the
advanced GPT-4o achieving only 47.6% accuracy on such
a simple task. SalBench will be an important step in mea-
suring the capabilities of LVLM that align with the subtle
definition of human attention.

1. Introduction

Large Vision-Language Models (LVLM) have emerged as
a central focus in recent computer vision research [4, 12,
31, 32, 44, 60]. The primary advantage of these models
lies in their ability to reason about images using the Large
Language Model (LLM) knowledge about the world, and
solve tasks that surpass the capabilities of traditional vision
models. LVLMs enable a better reasoning about the visual

content using the prior world knowledge.
Current LVLM exhibit impressive performance on ex-

isting benchmarks [11, 17, 27, 34, 55, 57], which evaluate
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Detection
Identify the feature(s) in which
one object notably differs from

Referring
In which way does the special
object located at <box coordinates>

Visual Referring
In which way does the special
object highlighted by red box

differ from the rest. differ from the rest.

/ the others. \ /

Orientation, location

\ Orientation / \ Color /

For natural images, choices: Orientation, Color, Focus, Shape, Size, Location, Pattern.
For synthetic images, choices: Orientation, Color, Size.

Figure 1. Our SalBench evaluates the perceptual capabilities
of vision-language models. It comprises natural and synthetic
images, which consist of a single salient target among multiple
distractors. In natural images, the target can vary from the rest in
orientation, color, focus, shape, size, location and pattern, while it
differs only in orientation, color or size in synthetic images. Sal-
Bench evaluates the odd-one-out understanding under three tasks:
Detection, Referring and Visual Referring. In detection task, the
odd features must be directly predicted. Moreover, the box coor-
dinates of the target are provided as context in text (referring task)
or as a highlighted box in the image (visual referring task) for pre-
dicting the odd features of the target. Best viewed zoomed-in.

on a range of capabilities, from general visual question an-
swering [17] to tasks requiring college-level subject knowl-
edge and critical reasoning, such as MMMU [57]. With the
main focus of these benchmarks being high-level complex
tasks, it raises a fundamental question: can LVLM perform
equally well on simple perceptual tasks, such as identify-
ing a black dot on a white background? This aligns with
Moravec’s paradox [40], which suggests that high-level rea-
soning tasks are computationally simpler for artificial intel-
ligence systems than low-level perceptual and sensorimo-
tor skills. Consequently, we may find that LVLM excel at
complex tasks present in existing benchmarks while strug-
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gling with seemingly simple perceptual tasks that humans

perform effortlessly. To this end, we propose a benchmark

for quantifying the alignment of vision-language models on
low-level perceptual tasks of the human attention.

While LVLM effectively capture high-level features such
as cars and humans, they are likely to struggle to represent
crucial aspects of human visual attention that have been ex-
tensively studied in neuroscience. Visual search, which is a
fundamental process shaping human attention [24, 49] in-
volves the brain’s parallel processing of regions that differ
significantly in one feature dimension, such as color, inten-
sity, or orientation. These low-level features serve as basic
mechanisms of the human visual system. By examining the
LVLM performance on simple saliency-driven images, we
aim to gain insights into the current state of these models
relative to human perceptual abilities and identify areas for
necessary improvements. Our key contributions are:

e We propose SalBench as an open-source benchmark, for
evaluating and aiding the improvement of the perceptual
capabilities of LVLM. To this end, we augment the P3/03
datasets [24], which comprise of images with a single dis-
tinctive target among many similar distractors, with lan-
guage instructions and create three novel tasks: Odd-One-
Out Detection, Referring Odd-One-Out, and Visual Re-
ferring Odd-One-Out, as shown in Figure 1. Our bench-
mark aims to serve as a tool for assessing the progress in
aligning LVLM with human visual attention.

* We conduct a comprehensive analysis of LVLM per-
formance on SalBench, uncovering striking discrepan-
cies between these advanced models and human visual
capabilities. Our findings show that even state-of-the-
art LVLM, including GPT-40 [42], struggle with basic
saliency detection tasks that are trivial for humans.

* We provide insights into the limitations of LVLM in pro-
cessing low-level visual features, highlighting the need
for improved alignment between these models and human
visual attention mechanisms. Our work demonstrates the
importance of incorporating neuroscience principles into
the development of future vision-language models.

2. Related Works

Many vision-language benchmarks have been introduced
in the literature for evaluating and comparing LVLM on
various tasks. The early benchmarks were mostly single-
task oriented and can be broadly classified into caption-
ing, general visual-question answering (VQA), and text-
centric VQA. The captioning task is used to measure the
LVLM’s caption generation quality and is mostly evalu-
ated on COCO [30] and NoCaps [3] benchmarks using
BLEU, CIDER, ROUGE metric scores. Similarly, gen-
eral VQA benchmarks like VQAv2 [17], GQA [21], Sci-
enceQA [33], OK-VQA [44], VizWiz [18], Pope [28]
typically ask general questions about the objects/scene

in the image. Furthermore, text-centric VQA bench-
marks such as OCRVQA [39], TextVQA [45], ST-
VQA [8], DocVQA [36], ChartQA [35], InfoVQA [37],
and AI2D [22] additionally focus on the vision-language
model’s ability to detect text in the image (Optical Charac-
ter Recognition) and then answer the questions.

With the increasing capabilities of vision-language mod-
els in handling different types of tasks, the benchmarks have
also evolved to evaluate the LVLM in a fine-grained man-
ner. To this end, more recently, MMBench [32], MME [16],
MM-Star [11], and MMMU [56] are curated to test the
LVLM on a mix of different aspects, such as reasoning,
perception, knowledge, chart interpretation, efc. Similarly,
MathVista [34], MathVision [50] assess the mathematical
reasoning ability in visual contexts. Differently, vision-
centric benchmarks like MMVP [48], RealWorldQA [53],
CV-Bench [47] curate questions that can be answered cor-
rectly only in the presence of the corresponding visual input.
These vision-centric benchmarks ensure that the LVLM re-
lies on its multimodal understanding capability for respond-
ing rather than the ‘world knowledge’ learned by the LLM.
In particular, MMVP employs “CLIP-blind pair” images
that CLIP [43] struggles to encode properly. While Re-
alWorldQA evaluates the basic real-world spatial under-
standing capabilities of vision-language models, CV-Bench
repurposes standard vision benchmarks like COCO [30],
ADE20K [59], Omni3D [10] to assess their performance
in classic vision tasks (such as spatial relationship, object
count, depth order) within a multimodal context.

In contrast to the aforementioned benchmarks that test
the vision-language models on high-level reasoning tasks,
our SalBench strives to evaluate them on their low-level
saliency perception capability. SalBench is a vision-centric
benchmark, which repurposes the P3/03 dataset [24] with
language instructions to assess the LVLM ability to de-
tect odd patterns in images that are visually salient and
obvious to the human eye. Such an evaluation quantifies
the vision-language model’s ability to identify the distinc-
tive target among numerous similar distractors, in terms
of color, orinetation, shape, size, efc. Consequently, our
SalBench is designed with an aim to measure the vision-
language models’ alignment with the human visual atten-
tion mechanism. Next, we describe our SalBench in detail.

3. The Saliency Benchmark: SalBench

We propose a saliency benchmark that assesses the capac-
ity of foundational vision-language models to detect odd
patterns that are salient for most humans. To achieve this,
we augment the publicly available P3/0O3 datasets [24] with
language instructions. The P3 dataset comprises 2514 im-
ages (810 color, 864 orientation, and 840 size search ar-
rays) arranged in a 7 x 7 grid [6, 52]. Each image con-
tains distractors and a target, with pixel jitter applied to pre-
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image?
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-> s there a pattern that stands
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The most striking pattern | notice in this
image is the uniform, symmetrical
shape and coloring of the watermelons.
All the watermelons have a distinct
green rind with white speckles, creating
a consistent visual pattern across the
\entire image.

Yes, there's an interesting pattern in this®\

image: the seagulls are lined up almost
perfectly on the railing, creating a visual
thythm along the pier. Each seagull is
spaced out in a uniform manner, giving a
sense of order and repetition. This aligns
with the "2" signs positioned above them
on the poles, adding to the structured
layout of the scene. Additionally, the
seagulls seem to be looking in the same

> look closely to the
center of the image.
e D2 T TR,

In the center of the image, | notice a
slightly smaller watermelon that has a
distinct star-shaped pattern on its rind,
differing from the more uniform speckled
pearance of the other watermelons

-> look closely at the.

second item from the top.
direction, enhancing the uniformity and The Sewf;ﬂ item from the top is @ yellow
giving the impression that they are all marshmallow

“waiting” or "watching" together, almost o
ke spectators or passengers.

Wrorg' the front ssagud faces the opposte

e D

Figure 2. Example responses from state-of-the-art vision-
language models. The model responses are in green, enclosed
in boxes, while failure reasons are in red. These results highlight
that the models often fail to recognize the prominent and salient
features, which would naturally capture the attention of an aver-
age human observer. Best viewed zoomed-in.

vent perceptual grouping. On the other hand, the O3 dataset
consists of 2001 real-world images featuring multiple sim-
ilar objects (distractors) and a distinctive singleton (target).
The target typically belongs to the same general category
as the distractors but stands out in one or more feature di-
mensions (e.g., color, shape, size). O3 encompasses nearly
400 common object types, strongly emphasizing color sin-
gletons (37% differ by color alone, 47% by color and ad-
ditional features). Other prominent distinguishing features
include texture (33%), shape (26%), size (19%), and ori-
entation (8%). The dataset provides a range of complexity,
with distractor counts varying from 2 to over 50, offering a
diverse challenge for saliency detection algorithms [24].

3.1. Task Creation

As discussed previously, in order to enhance the utility
of the P3/03 datasets as a benchmark for vision-language
models, we propose to augment them with language in-
structions. Prompting the LVLM directly to predict the
odd-pattern often results in incorrect responses from state-
of-the-art LVLM. Few example responses for such a direct
prompting are illustrated in Figure 2. The example conver-
sations show that additional prompting or aid is required
for the models to improve their responses. Consequently, to
ensure better understanding of the model’s perceptual capa-
bilities, we create three novel tasks: Odd-One-Out Detec-
tion, Referring Odd-One-Out, and Visual Referring Odd-
One-Out, as illustrated in Figure 1. We describe each task
as follows:

(i) Odd-One-Out Detection: The basic task in this bench-

mark is Odd-One-Out Detection. In this task, given an in-
put image, the model must identify which salient pattern
from a predefined list of classes is present. For natural im-
ages, the list of features comprises: orientation, color, fo-
cus, shape, size, location, and pattern. This set of seven
classes reflects the complexity of real-world scenes, where
multiple factors such as size, shape, and location can com-
bine to make an object stand out. The diversity of these
classes captures saliency in natural images, making the task
more challenging for models due to the potential interplay
of various salient features. On the other hand, for syntheti-
cally generated images, the task is constrained to three pat-
terns: color, shape, and orientation. This limitation is in-
tentional to maintain control over the variables influencing
saliency. By restricting the odd-pattern to a unique basic
class rather than a combination of features, we can ensure
that the model’s focus is on a specific, isolated pattern. This
simplification facilitates a clear assessment of the model’s
ability to detect saliency based on individual features.

(@) Referring Odd-One-Out: This task builds on Odd-
One-Out Detection by incorporating spatial information in
the language prompt. The model receives an image and
bounding box coordinates indicating the odd object’s loca-
tion via text. We test the model’s ability to integrate textual
and visual information, requiring it to focus on a specific
image region using the language instruction and determine
how the object there differs from the rest.

(#7ii) Visual Referring Odd-One-Out: This is a variant of
the Referring Odd-One-Out task. Instead of using bounding
box coordinates in text, this task visually highlights the odd
object, typically with a red box. The model must identify
the distinguishing features of this highlighted object com-
pared to the other objects in the scene. This task evalu-
ates the model’s visual attention capabilities, requiring it to
focus on a visually emphasized region-of-interest and de-
termine the salient pattern in which the highlighted object
stands out from its surroundings.

4. Evaluation

This section presents the evaluation results of the various
models on SalBench. The analysis of model performances
across zero-shot and few-shot learning settings reveals key
insights into their capabilities and limitations.

Baselines: In our experiments, we evaluate a selection
of state-of-the-art models spanning a range of parameter
scales to benchmark the performance across model size
variations. The lineup includes PaliGemma [7], Phi3, and
Phi3.5 [1]; LLava 1.6 [31]; Idefics2 and Idefics3 [25];
VILA [29]; MiniCPM [20]; Qwen2-VL [51]; Molmo [14];
InternVL2 [46]; Llama3.2-Vision [38]; NVLM [13];
Claude [5]; and GPT-40 [2]. These models are considered
the best LVLM according to the existing vision-language
benchmarks. By encompassing a wide range of parameter
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counts, from smaller and more efficient configurations to
large-scale models, we can systematically analyze the im-
pact of model size on task performance.

Setting: The salient targets can be different in one or more
patterns, we devise the task as multi-label classification and
report the accuracy of exact matches and the average F1
score over all categories. We evaluate model performance
under both zero-shot and few-shot settings. For models
that support multiple image inputs, we specifically conduct
few-shot evaluation with 3-shots and 5-shots settings.
While the zero-shot evaluation assesses the model’s ability
to generalize without exposure to specific examples, we
expect that such a task isn’t common and is likely to pose
issues to most models. Hence, we also employ the few-shot
evaluation to examine how the models leverage examples
from the benchmark itself to solve the task. The default
prompts for zero-shot evaluation of the three tasks are as
described below:

(i) Detection: Context: Given this list of low-level visual
features defined according to feature integration theory:
Orientation, Color, Focus, Shape, Size, Location, Pattern.
Task: Examine the provided image and identify the fea-
ture(s) in which one object notably differs from the others.
Write out all applicable features separated by comma.

(@i) Referring: Context: This image depicts a scene with
{num distractor} {object category}. Among those, one
object category at location given by this bounding box
(Tomin, Ymin, Tmaz, Ymaz)» 18 different from the others.
Given this list of low-level visual features defined ac-
cording to feature integration theory: Orientation, Color,
Focus, Shape, Size, Location, Pattern. Task: In which way
does the special object differ from the rest. Write out all
applicable features separated by comma.

(@ii) Visual Referring: Context: This image depicts a scene
with {num distractor} {object category}. Among those, one
{object category} highlighted in a red box is different from
the others. Task: Given this list of low-level visual features
defined according to feature integration theory: Orientation,
Color, Focus, Shape, Size, Location, Pattern. In which way
does the special object differ from the rest. Write out all
applicable feature(s) separated by comma.

Additional details of the few-shot prompts are provided
in the supplementary material.

4.1. Results

In Table 1, we analyze the performance of various large
vision-language models (LVLM) on our saliency bench-
mark, focusing on both synthetic and natural images splits
(coming from P3 and O3, respectively). The synthetic and
natural splits are denoted by SYN and NAT, respectively in
the table. The tasks evaluated are detection, referring, and

Method Shot Detection
NAT SYN NAT SYN NAT SYN

Referring  Visual Referring

482 86.7 51.1 903 539 87.7
415 775 420 737 373 51.7
320 672 324 38.0 33.1 28.4
40.6 833 412 654 367 73.6
32.1 487 29.1 524 29.7 52.4
27.6 420 12 95 23 4.8

32.1 412 328 553 328 472
341 335 320 27.1 321 38.5
31,1 17.0 321 189 322 46.7

232 350 275 537 215 63.5
233 195 288 410 288 20.8
252 293 308 11.1 308 19.0

245 163 214 101 208 16.6
70 164 152 88 178 17.0
114 164 109 91 97 17.0

19.5 643 296 366 338 49.5
21.1 663 284 342 31.1 39.6
347 672 283 426 309 34.5

243 284 243 528 221 19.2
269 403 269 20.67 219 40.6
223 214 223 181 209 58.3

235 40.0 13.0 237 158 17.0

Claude-sonnet
NVLM-D-72B [13]
Molmo-7B[14]
Molmo-72B[14]
Llama3.2-Vision-11B [15]
PaliGemma-3B-448(7]

Phi3-4B[1]

Phi3.5-Vision-3.5B[1]

LLava 1.6-7B[31]

Idefics2-8B[26]

Idefics3-8B[25]

VILA-1.5-8B[29] 251 17.0 288 212 288 17.0
232 17.0 30.8 20.7 308 17.0
192 263 221 206 209 20.2
Qwen2-VL-1.5B[51] 252 233 214 218 202 16.3
253 238 21.7 165 209 17.7
325 557 325 342 352 57.4
Qwen2-VL-7B[51] 356 53.8 360 17.0 34.1 64.2

372 549 372 177 293 72.0

41.6 888 446 93.6 41.7 74.7
439 893 43.6 93.1 432 85.9
439 899 449 92,6 423 87.9

266 415 298 634 307 522
277 17.0 274 253 295 41.7
334 17.0 28.1 39.1 304 52.5

20.0 587 230 719 248 23.0
305 523 242 517 317 64.4
27.8 439 250 537 314 50.5

476 892 473 884 426 73.5
389 884 375 877 357 86.7
419 86.0 39.8 89.1 384 87.4

Qwen2-VL-72B[51]

InternVL-4B[12]

InternVL-2-8B[12]

GPT-40

NMWO [LWO (WO (VWO (MWD (MWD [ NMWO [NWO (WO (WO (WD (LW oo oo

Table 1. Performance comparison of vision-language models
on the three tasks of SalBench for natural and synthetic image
splits. Natural and synthetic splits are denoted by NAT and SYN,
respectively. The tasks are also evaluated under zero-shot and few-
shot settings. The performance is reported in terms of F1 scores.
We observe that performance of all models on these low-level
perceptual tasks are lower in comparison to the standard vision-
language benchmarks that test the models on high-level complex
tasks. This shows that our SalBench offers another dimension for
comprehensively evaluating LVLM, that is not present in the ex-
isting benchmarks in the literature.

visual referring, measured using matching accuracy and F1
score metrics. Only F1 score metric is reported in Table 1
for clarity. The performance comparison with matching ac-
curacy metric is provided in the supplementary material.

Significant Performance Drops: All models exhibit a
clear drop in performance on saliency tasks compared to
their typical results on standard vision-language bench-
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marks. This is evident in both matching accuracy and
F1 scores across all tasks. For example, Qwen2-VL-72B
achieves high scores on the synthetic split up to 89.9% F1
in the Detection task at the 5-shot setting. However, on the
natural images split, its performance decreases significantly,
achieving only 43.9% F1 in the Detection task at 5-shot.
This indicates that models struggle with saliency tasks, es-
pecially in complex, real-world scenarios.

Better Performance on Synthetic Data: Models gener-
ally perform better on the synthetic images split than on the
natural split. For instance, GPT-40 obtains an F1 score of
70.9% in the Detection task at 5-shot on synthetic split. In
contrast, on the natural images split, GPT-4o achieves only
47.6% F1 in the same task and shot setting. This significant
performance gap, often between 30% and 40%, suggests
that models find it easier to process simplified synthetic im-
ages, where only one visual attribute varies, compared to
the complexity of multi-label real-world natural images.

Model Size Influence: Larger models tend to outperform
smaller ones on saliency tasks. In particular, Qwen2-VL-
72B consistently achieves higher scores than its smaller
variants, Qwen2-VL-7B and Qwen2-VL-1.5B. For the de-
tection task on the the synthetic split, Qwen2-VL-72B
reaches 89.9% F1 score in the detection task at 5-shot,
while Qwen2-VL-7B achieves 54.9% and Qwen2-VL-1.5B
only 23.8%. On the natural split, Qwen2-VL-72B attains
43.9% F1 score in detection at 5-shot, compared to 37.2%
for Qwen2-VL-7B and 25.3% for Qwen2-VL-1.5B. This
trend indicates that increased model capacity allows for bet-
ter capture of complex patterns necessary for saliency tasks,
a behavior not always observed in standard benchmarks.
Similarly, GPT-40 shows strong performance, particularly
in the Visual Referring tasks, indicating that larger mod-
els contribute to better saliency detection and reasoning ca-
pabilities over images. This trend suggests that increased
model capacity allows for the capture of more complex pat-
terns and relationships necessary for these tasks. This be-
havior is usually not seen in standard benchmarks such as
VQAV2, as we see a marginal performance gap between
large and small models.

Limited Impact of Few-Shot Learning: Increasing the
number of shots does not consistently improve performance
across models and tasks. Some models show comparable
or even decreased performance with more shots. For ex-
ample, Phi3.5-Vsion-3.5 on the synthetic split in the Visual
Referring task has a F1 score of 63.5% at 0-shot, drops to
19.0 % at 5-shot. On the natural images split, GPT-4o per-
formance in the Detection task decreases from 47.6% F1
score at 0-shot to 41.9% at 5-shot. This suggests that few-
shot learning does not uniformly enhance performance on
saliency tasks and that models may not effectively leverage
additional examples in this context. The inability to gener-
alize from limited examples suggests a lack in knowledge

about saliency and visual attention for LVLM being worse
when attempting to reason about the image.

Variability Across Tasks: The performance across tasks
and splits for different models varies according to their
visual grounding capability. For instance, Idefics3-8B
achieves 21.4% F1 accuracy in Detection at 5-shot on the
synthetic split but increases to 58.3% in Visual Referring.
However, on the natural images split, the same model at-
tains 22.3% in Detection at 5-shot but decreases to 20.9%
in Visual Referring. This shows that it is likely easier for
the model to perform visual grounding in synthetic images,
compared to natural images. Differently, Phi3-4B shows
improvements for Visual Referring, in comparison to De-
tection task on both splits, indicating better visual ground-
ing capabilities. Furthermore, models with lower visual
grounding capability often have higher performance for De-
tection task, compared to Visual Referring.

Challenges with Real-World Images: The performance
drop from synthetic to real-world images is significant
across models. Qwen2-VL-72B’s score in the Detection
task decreases from 89.9% on synthetic images split to
43.9% on natural split at 5-shot. GPT-40 shows a similar
decline, from 86.0% on synthetic split to 41.9% on natu-
ral split. This suggests that models have difficulty handling
the complexity and variability of real-world images, where
multiple attributes and contextual factors are involved.
Inconsistent Few-Shot Performance Gains: Few-shot
learning yields inconsistent and unclear performance gains.
While some models show slight improvements, others do
not benefit or even perform worse with additional shots.
For example, GPT-40 on the natural images split achieves
47.6% F1 at 0-shot in Detection, drops to 38.9% at 3-shot,
and then increases to 41.9% at 5-shot. Qwen2-VL-72B re-
mains relatively stable across shot settings on the synthetic
split, with F1 scores around 89% in Detection, while for
the Visual Referring task, the performance improves by
13.2%. This inconsistency indicates that current models
might not effectively utilize few-shot example contexts in
saliency tasks.

4.2. Knowledge Testing of the Backbones

To identify where the shortcoming of vision-language mod-
els comes from in the saliency setting, we devise a test for
individual components: LMMs and vision backbones.

Could LLMs solve FIT exams? We evaluated several
Large Language Models (LLMs) on their understanding of
Feature Integration Theory (FIT) [49] using a test compris-
ing 50 questions collected from the internet. The larger
models demonstrated good knowledge in this area. GPT-40
achieved the highest score with 97.5%, closely followed by
Qwen2-72B-Instruct at 95.0%. Among the smaller models,
Llama3-8B-Instruct attained a score of 82.5%. The Vicuna
models achieved a score of 67.5%. These results indicate
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Models SYN NAT
Topl Top3 Topl Top3

Random 246 532 146 363
Siglip-s0400m-patch14-384 553 879 00 572
CLIP-ViT-Base-Patch32 421 717 12.0 598
CLIP-ViT-Base-Patch16 41.6 784 0.9 40.8
CLIP-ViT-Large-Patch14 412  78.6 0.0 31.6

CLIP-ViT-Large-Patch14-336 475  79.2 0.0 36.3

Table 2. Zero-shot retrieval accuracy for natural and syn-
thetic images using various vision backbones. While the re-
trieval scores are reasonable for the synthetic images, the lower
scores for natural images indicate the need for a stronger vision
backbone in LVLM to capture low-level saliency information.

that even smaller LLMs possess an understanding of the vi-
sual stimuli concepts covered in FIT.

Visual representations retrieval: We investigate whether
the feature output from the vision backbone are descrip-
tive and discriminative enough about the saliency task. We
compute the cosine similarity between the image embed-
ding and the seven sentences for natural images and three
sentences for the synthetic images, with embeddings of the
form: “One object is different in {category} compared to
the others”. We take the top-k highest cosine similarity and
count it as a match if any category in the top-k is present
in the ground truth. The accuracy is reported in Table 2.
Unlike knowledge test from LLM, we see clear gap in per-
formance of vision model. While all models scores above
random baseline, they scores relatively low, suggesting that
in some cases, the information provided by the vision en-
coder are not discriminative enough for such low-level task.
This highlights the need for stronger vision backbones for
LVLM, capturing low-level spatial saliency information.

5. Training on saliency data

Data Generation: To construct the synthetic dataset, we
employed web icons arranged in grid formations and sys-
tematically introduced controlled perturbations by altering
the color, orientation, or size of randomly selected objects
within each grid. This methodology yielded one million
image-caption pairs for the alignment stage. For the super-
vised fine-tuning stage, we synthesized additional images
with corresponding questions and answers based on the in-
troduced odd-patterns. The questions were designed to be
either open-ended, enhancing the models’ saliency under-
standing capabilities, or multiple-choice, aligning with the
benchmark format.

Training: We selected LLama3.1 8B [15] and Qwen2-
7B [54] as the LLMs. For the vision encoders, we in-
corporated both CLIP [43] and SigLip [58], resulting in
four model variants. We followed a Llava like training
recipe [31]. During the alignment stage, we use one million

30
EZ2Qwen2.5-7B + Siglip

Qwen2.5-7B + Clip
25{@LLama3.1-8B-Ins + Siglip
LLama3.1-8B-Ins + Clip

20 18.9
18.0

F1 Score

7.

Detection

Referring

Visual Referring

Figure 3. Performance comparison of trained LVLM on
saliency generated data, using two LLMs (Qwen2.5-7B and
LLama3.1-8B) paired with two vision encoders (Siglip and Clip)
across three tasks: Detection, Referring, and Visual Referring.
The F1 scores suggest that training on such data does not help
improve the performance on SalBench.

saliency data with two million image-caption pairs sourced
from natural image datasets to promote robust multimodal
representation learning. In the instruction-tuning stage, we
integrated two million data points from the recently intro-
duced Cambrian dataset [47] with the generated one mil-
lion instruction saliency data. We employed the same hy-
perparameters and training configurations as specified in
Llava [31] to ensure consistency and facilitate fair compar-
ison of results.

Performance: As shown in Table 3, despite training on
in-distribution saliency data, the performance of all model
variants across the P3 tasks remains low. Detection scores
are around 16-19%, with LLama3.1-8B paired with CLIP
achieving the highest at 18.9%. For the referring task,
scores are even lower and more variable, ranging from
11.0% to 18.5%. The visual reference task shows slightly
better results, particularly for LLama3.1-8B with SigLip,
which attains a score of 28.7%, yet this is still insufficient
for practical applications. These consistently low scores in-
dicate that the models struggle to capture the salient fea-
tures within the images, even when trained on data specif-
ically designed to highlight these aspects. The lack of im-
provement suggests that the current architectures and train-
ing recipe are not suitable for capturing the of saliency in-
formation in images.

6. Analysis

In this section, we study the factors contributing to the poor
performance of LVLM on the visual attention benchmark.

6.1. Accuracy Breakdown by Task and Difficulty

Bias towards color: As seen in Table 3, among the low-
level features what were asked to identify, color is the only
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Model Category Level Accuracy
Detection Referring Visual Referring
Easy 98.6 97.1 88.3
Qwen2-VL-72B  Orientation  Medium 95.8 96.8 83.0
Hard 95.7 96.2 71.7
777777777777777777 Easy %2 95 976
GPT-40 Orientation  Medium 96.2 89.2 94.7
Hard 98.6 88.5 96.2
Easy 94.2 98.8 62.3
Qwen2-VL-72B  Size Medium 50.5 74.3 31.9
Hard 46.0 62.0 333
777777777777777777 Easy 933 99 425
GPT-4o Size Medium 59.1 59.1 39.1
Hard 36.8 353 11.3
Easy 100.0 100.0 99.1
Qwen2-VL-72B  Color Medium 100.0 100.0 98.6
Hard 60.1 80.2 73.5
777777777777777777 Fasy 998 90 961
GPT-40 Color Medium 100.0 100.0 93.3
Hard 66.1 66.2 579

Table 3. Accuracy across different difficulty levels on synthetic
images. It can be seen that orientation and color are robust over
the three levels, whereas size scores drop for both models.

# Distractors ~ Orientation Color Focus Shape Size Location Pattern AvgF1
Qwen2-VL-72B

<7 18.4 92.8 18.6 534 397 303 57.9 44.5
7-15 9.3 93.7 13.0 558 378 31.6 41.2 40.4
15-25 235 95.8 11.1 59.1  39.5 0.0 37.5 38.1
>25 16.7 96.1 15.0 522 365 20.0 254 374

GPT-4o

<7 37.1 88.2 38.1 494 357 23.6 57.0 47.0
7-15 46.2 90.1 40.0 475 326 27.5 53.3 48.2
15-25 43.8 91.5 452 475 310 12,5 45.1 45.2
>25 40.5 89.8 48.4 48.1 304 4.8 29.4 41.6

Table 4. Accuracy for varying the number of distractors for
real images. The performance linearly decreases when adding
more distractors to the scene.

features directly provided by the data in the form of RGB
images. Other features such as size, and shape need to be
encoded in higher level representation. We break down the
scores in supplementary by category, and observe that all
models perform higher when the target class is color.

On the synthetic images (originating from P3 dataset) of
the SalBench, we assess two best models (Qwen2-VL-72B
and GPT-40) across the categories at different levels. The
difficulty levels within each category are defined based on
specific attributes of the target object relative to distractors:

* Orientation: Difficulty is determined by the angular dif-
ference in rotation between the target object and the dis-
tractors. Hard: Rotation differences ranging from 0 to 30
degrees, where minimal rotational disparity renders vi-
sual cues less distinguishable. Medium: Rotation differ-
ences between 30 to 60 degrees. Easy: Rotation differ-

ences from 60 to 90 degrees, facilitating easier identifica-
tion due to clear angular differences.

* Size: Levels are determined based on the area ratio be-
tween the target object and the distractors, calculated us-
ing their heights and widths. Hard: Ratio between 0.5
and 1.5, where the target and distractors are close in size.
Medium: Ratio between 0.3 and 0.5 (target smaller than
distractors) or between 1.5 and 3.0 (target larger than dis-
tractors), representing moderate size differences. Easy:
Ratio less than 0.3 or greater than 3.0, indicating that the
target is much smaller or much larger than the distractors,
making it easily distinguishable.

* Color: Difficulty is assessed by calculating the euclidean
distance between the RGB color values of the target and
distractors. The RGB values are extracted from hexadec-
imal color codes, to compute the color distance. Hard:
Color Distance less than or equal to 50, indicating high
color similarity and challenging discrimination. Medium:
Color Distance between 50 and 100, indicating moderate
color differences. Easy: Color Distance greater than 100,
where the target’s color clearly contrasts with that of the
distractors, making identification easier.

Results and Analysis: The performance metrics for both
models are detailed in Table 3. The following observations
highlight the models’ capabilities and limitations across dif-
ficulty levels:

Orientation: Qwen2-VL-72B and GPT-40 demonstrate
high accuracy in the Detection and Referring tasks across
all difficulty levels, indicating robust performance in rec-
ognizing and describing objects with rotational variations.
Specifically, Qwen2-VL-72B maintains Detection accuracy
above 95% even at the hard level. However, in the Vi-
sual Referring task, Qwen2-VL-72B exhibits a decline from
88.3% accuracy at the easy level to 71.7% at the hard level.
In contrast, GPT-40 sustains consistently high Visual Refer-
ring accuracy, exceeding 94% across all difficulty levels.
Size: The models’ performance deteriorates as the difficulty
increases. For Qwen2-VL-72B, Detection accuracy drops
from 94.2% at the easy level to 46.0% at the hard level.
Similarly, Visual Referring accuracy drops from 62.3% to
33.3%. GPT-40 follows a comparable trend, with Detection
accuracy decreasing from 93.3% to 36.8% and Visual Re-
ferring accuracy from 42.5% to 11.3%. This suggest both
models struggle when size disparities are minimal, high-
lighting a limitation in perceiving subtle scale differences.
Color: Both models achieve near-perfect accuracies at the
easy and medium levels. Qwen2-VL-72B attains 100%
accuracy in Detection and Referring tasks, while GPT-40
records accuracies exceeding 99%. However, at the hard
level—characterized by minimal color differences—there is
anotable decline. Qwen2-VL-72B’s Detection accuracy de-
creases to 60.1%, and GPT-40’s to 66.1%.
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Gpt-4o -> Describe the scene and mention if you notice anything unusual or suspicious.
" () i ight (c) rights

The scene shows an outdoor interaction between a formally dressed man with white hair and another
man holding papers. Two individuals carrying a large board pass between them, briefly obstructing their

view. Despite the il ion, the
Observations:
- The white-haired man seems to be giving directions.

- The board carriers' could be possibly as a di il
- The lack of reaction from the two men either ori i i
This setup might be part of an experiment, possibly testing attention or perception during interruptions.

Figure 4. Perception change test. GPT-4o fails to identify that
the individuals talking to the old man were switched.

6.2. Impact of Distractor Quantity on Detection

We study how the number of distractors in an image affects
the performance of the model, on the natural images Detec-
tion task. The aim is to understand the models’ robustness
to increased visual complexity. As shown in Table 4, both
models exhibit a decline in average F1 scores as the number
of distractors increases. For Qwen2-VL-72B, the average
F1 score decreases from 44.5% when there are fewer than
7 distractors to 37.4% when there are more than 25 distrac-
tors. GPT-40 shows a similar trend, with its average F1
score dropping from 47.0% to 41.6% over the same range.
AlthoughGPT-40 consistently outperforms Qwen2-VL-72B
across most distractor quantities, the performance gap nar-
rows as the number of distractors increases. This conver-
gence indicates that both models are similarly challenged
by increased visual complexity.

In fact, both models maintain high accuracy in the Color
category regardless of distractor quantity. However, per-
formance declines are evident in categories requiring spa-
tial reasoning and attention to specific object attributes. In
the Location category, Qwen2-VL-72B’s F1 score drops
dramatically from 30.3% with fewer than 7 distractors to
20.0% with more than 25 distractors. Interestingly, in the
Shape category, both models maintain relatively stable per-
formance across different distractor quantities. Overall,
these findings highlight that while certain visual features
like color and, to some extent, shape remain reliable even,
increased numbers of distractors hurt the performance.

6.3. Why detecting saliency is important?

While SalBench might not contribute at measuring LVLM
explicit ability for downstream applications [11, 17,27, 34,
55, 57]. Detecting visual saliency is a fundamental aspect of
human perception, for vision-language models replicating

this capability is critical for several reasons:

Applications in Robotics and Autonomous Agents: In
robotics, the ability to detect salient features is crucial for
navigation, object recognition, and interaction within dy-
namic environments. Recently introduced works leverage
LVLM for such applications [9, 23]. As shown in Figure 4,
the individual holding the paper was switched, andGPT-40
did not detect this change, we better have this ability for
robots with LVLM as engines not to miss salient events. In-
corporating the saliency detection capabilities could enable
robots and agents to prioritize important stimuli, focus on
objects of interest, and respond appropriately to unexpected
changes, thereby enhancing their autonomy and operational
efficiency. Hence, using SalBench could give insights about
the robustness of LVLM for real world deployment.

LVLM agents: Detecting saliency is important in using
these models as agents for website navigation. Designers
use principles from FIT to make important elements, such
as call-to-action buttons, stand out by contrasting their fea-
tures (e.g., color, size, or shape). When LVLM are deployed
as agents to interact with web environments [19, 41], ef-
fective saliency detection becomes needed for efficient nav-
igation and interaction. For instance, an agent tasked with
automating web browsing or performing tasks like form fill-
ing, data extraction, or content moderation must quickly
identify and focus on salient elements such as buttons, links,
advertisements, or notifications. By accurately detecting vi-
sually prominent features, the agent can operate faster and
more effectively, closely mimicking human browsing be-
havior and enhancing overall performance.

7. Conclusion

We introduced a saliency benchmark, called SalBench,
aimed at evaluating the abilities of large vision-language
models (LVLM) in detecting low-level visually-salient fea-
tures such as color, orientation, and size, which are the
building blocks of the human’s visual cortex. Through
three tasks, Odd-One-Out Detection, Referring Odd-One-
Out, and Visual Referring Odd-One-Out, we assessed how
well LVLM align with human visual attention mechanisms
using both synthetic and natural images. Our evaluation
revealed clear limitations in current LVLM, with even ad-
vanced models like GPT-40 achieving only 46% accuracy
on simple saliency detection tasks. This highlights a clear
gap between LVLM and human perceptual capabilities in
processing fundamental visual features. SalBench serves
as a tool for benchmarking and improving the perceptual
alignment of LVLM with human attention mechanisms. En-
hancing these models’ low-level perceptual abilities is es-
sential for advancing toward more human-like visual under-
standing of images.
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