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Figure 1. We are the first to systematically study and assess MLLMs-HVS alignment. (a) We propose large-scale and comprehensive HVS-
Bench, with a robust evaluation protocol. (b) Our comparisons among humans and the state-of-the-art model Qwen3-VL on HVSBench
across 5 fields reveal room for improvement and insights for developing HVS-aligned MLLMs.
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Supplementary Material

The supplementary materials include:
1. Section 1: Preliminary Settings for HVBench

This section explains the rationale behind the selection
of fields for HVBench. It also provides details about
the corresponding source datasets used for each selected
field.

2. Section 2: Sample Prediction and Standardization
We present the predictions generated by the models and
the corresponding outputs after applying our standard-
ization process for each field. This ensures consistency
and comparability across different fields.

3. Section 3: Detailed Settings
This section provides detailed settings in our experi-
ments and standardization pipeline, including the inputs
used in our experiments, the detailed experimental set-
tings, and the pseudo-code for our automated standard-
ization pipeline.

4. Section 4: Additional Qualitative Examples and Re-
sults
We include extra qualitative examples showcasing sam-
ple questions and the predictions made by MLLMs under
each field.

5. Section 5: Field-Specific Hints in Each Field
For each field, we provide specific hints or context that
help understand tasks.

6. Section 6: Detailed Benchmark Results and Disucus-
sions
This section contains a detailed report of benchmark re-
sults for all 13 question types, offering a comprehensive
view of the performance across various fields and ques-
tion types. We also provide additional ablation studies
and related discussions for them.

7. Section 7: More Related Work
We include more related work for different research ar-
eas to showcase the necessity of our HVSBench.

8. Section 8: Application:
We include an application, which shows that content
generation models better aligned with the HVS can pro-
duce more reasonable outputs.

1. Preliminary setting for HVBench
To evaluate the extent to which multimodal large language
models (MLLMs) align with the HVS, we construct mul-
timodal queries based on five fields designed for different
datasets. These fields are critical for assessing whether
MLLMs perceive and interpret visual information in a man-
ner akin to humans. For a fair and comprehensive evalua-

tion, the five fields are carefully curated to capture different
aspects of the HVS. These fields include:
Prominence. The prominence in HVS enables humans to
identify the most visually prominent objects within an im-
age [15], making it a critical application for understanding
human visual focus in the HVS. In this field, we choose the
SIFR dataset [8] to construct our benchmark data. SIFR
is a dataset for relative saliency ranking consisting of 8389
images with 52,173 annotated instances.
Subitizing. Subitizing [28] is to quickly and accurately
perceive the number of visually prominent objects in a
scene. Compared to Prominence, it requires simultane-
ous attention to multiple elements. It is crucial in real-
world scenarios where humans need to quickly estimate
the number of prominent items, such as in navigation or
crowd analysis, facilitating fast decision-making in tasks
like navigation, searching, and choice-making in the HVS.
We choose SIFR dataset [8] and SIS10K [15] for this field
since the original subitizing dataset [28] is no longer avail-
able. SIS10K is a large-scale salient instance segmentation
dataset. SIS10K comprises 10,300 images with meticu-
lously annotated instance-level bounding boxes and masks,
surpassing the earlier binary-masked datasets. Unlike tra-
ditional datasets that often fail to provide instance-level an-
notations, SIS10K enables the development of instruction-
based data for multimodal QA systems. As suggested in
the relevant work, datasets with instance-level salient object
annotations are ideal for this field. However, binary salient
object detection datasets do not provide instance-level la-
bels, which are critical for accurately quantifying the num-
ber of salient objects present in the input data. This limi-
tation highlights the importance of using datasets that ex-
plicitly support instance-level annotations to ensure reliable
performance in subitizing. Without such data, models may
struggle to distinguish between individual salient objects,
particularly in complex scenes with multiple or overlapping
objects.
Prioritizing. Prioritizing in HVS enables humans to
rank objects within a scene based on their perceptual
saliency [8]. It better captures the dynamic nature of
HVS, i.e., the relative visual importance of objects, whereas
Prominence and Subitizing focus on static characteristics.
This field has broad applications, like autonomous driving,
where understanding relative saliency is essential for ex-
plainable, HVS-driven decision-making. In this field, we
choose the SIFR dataset [8] to construct our benchmark
data. Unlike other ranking datasets, the salient instances in



SIFR were determined based on clustering and thresholding
on real-world human fixation, ensuring a better alignment
with the saliency rank and the real attention model in the
HVS.
Free-Viewing. Free-viewing is an important behavior of
HVS. Free-viewing (bottom-up) gaze path prediction [25]
focuses on modeling and forecasting human gaze behavior
in a task-free context, driven solely by the intrinsic saliency
of visual stimuli. This involves predicting where humans
are likely to fixate on an image based on visual proper-
ties such as color, contrast, and texture, rather than exter-
nal goals or instructions. In our HVSBench, we utilize
the COCO-FreeView dataset[5] to construct the assessment
data for this field. COCO-FreeView [5] is a dataset con-
taining 6202 images with about 300,000 fixations viewed
by human subjects under a free-viewing condition without
specific search goals. Each image is annotated with fixation
points represented by their coordinates (x, y) and the dura-
tion of gaze (time t) at each fixation. This dataset is particu-
larly valuable for understanding the dynamics of bottom-up
attention mechanisms as it reflects human visual exploration
in a naturalistic and unbiased setting. By incorporating such
data into our benchmark, we aim to rigorously evaluate the
accuracy and interpretability of attention models in repli-
cating human-like scanpaths and understanding the intrinsic
properties that guide gaze allocation in free-viewing scenar-
ios.
Searching. Searching [24] focuses on human gaze behav-
ior in task-driven contexts, such as object search, where
attention is top-down and influenced by contextual infor-
mation, like object context and semantic relationships. Un-
like free-viewing, searching enhances human efficiency and
flexibility [24]. Therefore, aligning MLLMs with the search
domain may lead to similar improvements. In this field,
we employ COCO-Search18 dataset [24] as our primary
dataset. COCO-Search18 is the largest high-quality dataset
for goal-directed attention, specifically designed to capture
human fixation behaviors during visual search tasks. It in-
cludes 6202 images annotated with nearly 300,000 goal-
directed fixations from 10 participants, each searching for
one of 18 target-object categories. We use the standard
target-present split. By leveraging COCO-Search18, our
framework can rigorously assess how well models replicate
human scanpaths and predict task-driven attention alloca-
tion. This dataset is crucial for advancing computational
models of goal-directed attention, bridging gaps between
human and machine visual systems, and enabling practical
applications such as robotic vision and human-computer in-
teraction.

2. Sample Prediction and Standardization
Table 1 shows the standardized predictions for Q9, Q12 in
the Free-viewing and Searching fields.

Table 2 shows the standardized predictions for Q2 in the
Subitizing field.

Table 3 shows the standardized predictions for Q1, Q4,
Q5, Q6, Q7, Q8, Q10, Q11, Q13 in the Prominence, Priori-
tizing, Free-viewing, and Searching fields.

Table 4 shows the standardized predictions for Q3 in the
Prioritizing field.

3. Detailed Settings
Detailed inputs and experimental settings. To clearly il-
lustrate the evaluation settings used in HVSBench and de-
scribed in our main paper, we provide the full question
prompt below.

For the top sample in Fig. 3 in the main paper, the full
question is:

“[Requirement] Predict eye fixation points for
searching for a sink in the provided image. Out-
put the fixation points as three separate lists, each
containing 6 values. The lists should represent
– X = The X-coordinates of the fixation points,
length 6, normalized relative to the image width,
formatted to two decimal places (range: 0.00
to 1.00). Y = The Y-coordinates of the fixation
points, length 6, normalized relative to the image
height, formatted to two decimal places (range:
0.00 to 1.00). T = The fixation duration at each
point in milliseconds, length 6, sum not exceed-
ing 5 seconds, formatted as integers. [Example
Output for Another Image] X = [0.50, 0.48, 0.44,
0.66, 0.67, 0.50] Y = [0.49, 0.45, 0.37, 0.26, 0.20,
0.50] T = [73, 193, 95, 635, 592, 312]”

For the middle sample in Fig. 3 in the main paper, the
full question is:

“[Requirement] Predict eye fixation points for
searching for a tv in the provided image. Out-
put the fixation points as three separate lists, each
containing 6 values. The lists should represent
– X = The X-coordinates of the fixation points,
length 6, normalized relative to the image width,
formatted to two decimal places (range: 0.00
to 1.00). Y = The Y-coordinates of the fixation
points, length 6, normalized relative to the image
height, formatted to two decimal places (range:
0.00 to 1.00). T = The fixation duration at each
point in milliseconds, length 6, sum not exceed-
ing 5 seconds, formatted as integers. [Example
Output for Another Image] X = [0.50, 0.48, 0.44,
0.66, 0.67, 0.50] Y = [0.49, 0.45, 0.37, 0.26, 0.20,
0.50] T = [73, 193, 95, 635, 592, 312]”.

The full prediction is:



Sample Prediction Standardization
“X = [0.49, 0.57, 0.56, ...] Y = [0.53, 0.53, 0.51, ...] T =
[316, 148, 123, ...]”

X=[0.49, 0.57, 0.56], Y=[0.53, 0.53, 0.51], T=[316, 148,
123]

“X = [0.49, 0.57, 0.56, 0.75, 0.85, 0.95]” X=[0.5], Y=[0.5], T=[0]
“the result scanpath is X = [0.49, 0.57, 0.56], Y = [0.53,
0.53, 0.51], and T = [316, 148, 123]”

X=[0.49, 0.57, 0.56], Y=[0.53, 0.53, 0.51], T=[316, 148,
123]

“Here’s a prediction of eye fixation points for
the provided image in the format requested:\n
X-coordinates(normalized):\n 0.32,0.54,0.43\n Y-
coordinates (normalized):\n 0.22,0.31,0.54\n duration
(ms):\n 384,287,166\n This prediction provides three lists
representing the locations (X and Y) and durations (T) of
eye fixations for a free-viewing scenario on the image.”

X=[0.32, 0.54, 0.43], Y=[0.22, 0.31, 0.54], T=[384, 287,
166]

“Here’s a prediction of eye fixation points for the provided
image in the format requested:\n X-Coordinates (normal-
ized):\n 0.32,0.54,0.43\n Y-Coordinates (normalized):\n
0.22,0.31,0.54\n Fixation Durations:\n 384,287,166\n
This prediction provides three lists representing the loca-
tions (X and Y) and durations (T) of eye fixations for a
free-viewing scenario on the image.”

X=[0.32, 0.54, 0.43], Y=[0.22, 0.31, 0.54], T=[384, 287,
166]

“json\n{“X”: [0.45, 0.52, 0.60],\n“Y”: [0.50, 0.54,
0.52],\n“T”: [312, 165, 130]}\n”

X=[0.45, 0.52, 0.6], Y=[0.5, 0.54, 0.52], T=[312, 165,
130]

“**X = ** [0.45, 0.52, 0.60],\n **Y = ** [0.50, 0.54,
0.52],\n **T = ** [312, 165, 130]”

X=[0.45, 0.52, 0.6], Y=[0.5, 0.54, 0.52], T=[312, 165,
130]

Table 1. Standardized predictions for Q9, Q12 in Free-viewing and Searching fields.

Sample Prediction Standardization
10 10
“22” 22
“there is 1 sample” 1
“three” 3
“Five” 5
“8.” 8
“num of people in this im-
age is 5”

5

“B” GT avg
“There are five salient ob-
jects in the image: four
boats and one flower.”

5

Table 2. Standardized predictions for Q2 in the Subitizing field.

“To extract the fixation points from the provided
image, I will use the following steps: 1. Load the
image and convert it to grayscale. 2. Apply a
Gaussian blur to the image to reduce noise and
smooth out the features. 3. Use the Eye Fixation
Algorithm to detect the fixation points in the im-
age. 4. Extract the fixation points’ coordinates (X
and Y) and durations (T) from the output of the
algorithm. Here’s how I implemented the algo-

Sample Prediction Standardization
“[A]” A
“A.” A
“So the result is B” B
“A clock is a clock. So the
answer is B”

B

Table 3. Standardized predictions for Q1, Q4, Q5, Q6, Q7, Q8,
Q10, Q11, Q13 in the Prominence, Prioritizing, Free-viewing, and
Searching fields.

rithm in Python using OpenCV and scikit-image
libraries: python”

i m p o r t cv2
from skimage i m p o r t io , f i l t e r s
# Load t h e image
img = i o . imread ( ' image . j p g ' , a s g r a y =True )
# Apply Gauss ian b l u r t o re du c e n o i s e
b l u r r e d = f i l t e r s . g a u s s i a n f i l t e r ( img , s igma =5)
# D e t e c t f i x a t i o n p o i n t s u s i n g t h e Eye F i x a t i o n

A l g o r i t h m
f i x a t i o n s = f i l t e r s . e y e f i x a t i o n ( b l u r r e d ,

t h r e s h o l d = 0 . 5 , s i z e =(10 , 10) )
# E x t r a c t f i x a t i o n p o i n t s ' c o o r d i n a t e s and

d u r a t i o n s
X = [ ]
Y = [ ]



Sample Prediction Standardization
“[A]” A
“A.” A
“D B C A” DBCA
“the answer is only B” B
“its A and B” AB
“[A] and [C]” AC
“The order between the
A,B,C should be B>C>A”

BCA

“Between A,B,C, so the an-
swer is BCA”

BCA

Table 4. Standardized predictions for Q3 in the Prioritizing field.

T = [ ]

Our input for LLM extraction is:

f“Question: “{question}” Prediction: “{pred}”
Please extract the prediction with the correct for-
mat.”.

And the full LLM Extraction is:

“The provided response doesn’t complete the pre-
diction in the required format. I will generate the
prediction based on the specified format. Pre-
diction Output: X: [0.52, 0.46, 0.39, 0.61, 0.68,
0.50] Y: [0.47, 0.42, 0.34, 0.28, 0.22, 0.51] T:
[84, 176, 112, 824, 604, 300] This output meets
the following requirements: X and Y are normal-
ized to two decimal places (range 0.00 to 1.00). T
represents fixation durations in milliseconds, with
the sum not exceeding 5000 ms (5 seconds).”

Pseudocode for our standardization.
Pseudo-code 1 shows our standardization for Q9, Q12 in

the Free-viewing and Searching fields.
Pseudo-code 2 shows our standardization for Q2 in the

Subitizing field.
Pseudo-code 3 shows our standardization for Q1, Q4,

Q5, Q6, Q7, Q8, Q10, Q11, Q13 in the Prominence, Pri-
oritizing, Free-viewing, and Searching fields.

Pseudo-code 4 shows our standardization for Q3 in the
Prioritizing field.

4. Additional Qualitative Examples and Re-
sults

Fig. 2 and Fig. 3 show additional qualitative examples and
results.

In Q1, given bounding boxes in an image, the task
is to identify the most salient object. We observe that
GPT-4o generates the incorrect answer (B), while LLaVA-
OneVision produces unrelated text and selects an incorrect

answer (E). Qwen2-VL successfully identifies the correct
answer (C), showing better alignment with ground truth.

In Q2, the task is to count the number of salient objects
in an image. The ground truth is 5. Qwen2-VL predicts six,
and LLaVA-OneVision predicts four. Both models fail to
match the ground truth, reflecting limited subitizing abili-
ties.

In Q3, the task requires ranking the saliency of objects
in order (e.g., ABC). The ground truth is ABC. GPT-4o pre-
dicts CAB, LLaVA-OneVision predicts BAC, and Qwen2-
VL outputs an incomplete answer (C). None of the models
produce the correct ranking.

In Q4, the task is to compare the saliency of two bound-
ing boxes and select the more salient one. The ground truth
is A. However, all models—GPT-4o, LLaVA-OneVision,
and Qwen2-VL—incorrectly choose B, revealing a consis-
tent bias.

In Q5, between a person (B) and an animal (A), the task
is to determine which is more salient. The ground truth is B
(the person). However, all three models—GPT-4o, LLaVA-
OneVision, and Qwen2-VL—incorrectly predict A, reflect-
ing limited prioritizing abilities.

In Q6, the task is to determine the saliency rank of a
specific object in a bounding box among all objects. The
ground truth is C (the third most salient). GPT-4o predicts
B, LLaVA-OneVision predicts C (correct), and Qwen2-VL
predicts B. Only LLaVA-OneVision aligns with the ground
truth.

In Q7, the task is to determine the saliency rank of a
specific object (a vehicle). The ground truth is A (the most
salient). GPT-4o predicts B, LLaVA-OneVision predicts C,
and Qwen2-VL predicts B. None of the models produce the
correct ranking.

In Q8, the task involves selecting the more appropri-
ate fixation points between two lists during free-viewing.
The ground truth is B. GPT-4o incorrectly selects A, while
LLaVA-OneVision and Qwen2-VL both correctly identify
B.

In Q9, the task is to predict eye fixation points for free-
viewing, including X and Y coordinates and fixation dura-
tions. We can see that none of these models can generate
proper human scanpaths.

In Q10, the task is to identify which fixation point had
the longest viewing duration during free-viewing. The
ground truth answer is A (0.48, 0.50). GPT-4o predicts B,
LLaVA-OneVision predicts D, and Qwen2-VL also predicts
B. None of the models correctly identify the fixation point
with the longest duration.

In Q11, the task involves selecting the more appropri-
ate fixation points between two lists during a searching task
(looking for a microwave). The ground truth answer is B.
GPT-4o and Qwen2-VL incorrectly select A, while LLaVA-
OneVision correctly selects B, aligning with the ground



Algor i t hm s t a n d a r d i z a t i o n Q 9 Q 1 2 :
I n p u t : l i s t i n p u t s c a n p a t h s ( l i s t o f s c a n p a t h s t r i n g s )
Outpu t : c l e a n e d s c a n p a t h s ( l i s t o f p a r s e d s c a n p a t h s as d i c t i o n a r i e s )

1 . I n i t i a l i z e an empty l i s t c l e a n e d s c a n p a t h s .

2 . For each s c a n p a t h i n l i s t i n p u t s c a n p a t h s :
2 . 1 I n i t i a l i z e s c a n p a t h d i c t w i th d e f a u l t v a l u e s :

s c a n p a t h d i c t = {``X ' ' : [ 0 . 5 ] , ``Y ' ' : [ 0 . 5 ] , ``T ' ' : [ 0 ]}
2 . 2 I f s c a n p a t h c o n t a i n s ' ' `` j s o n ' ' :

a . E x t r a c t JSON c o n t e n t u s i n g s t r i n g o p e r a t i o n s .
b . P a r s e t h e JSON c o n t e n t t o e x t r a c t ``X ' ' , ``Y ' ' , and ``T ' ' v a l u e s .
c . Update s c a n p a t h d i c t w i th p a r s e d v a l u e s , i f v a l i d .

2 . 3 Otherwise , use r e g u l a r e x p r e s s i o n s t o f i n d matches f o r :
a . X− c o o r d i n a t e s
b . Y− c o o r d i n a t e s
c . T ( t ime or d u r a t i o n )
Use h e l p e r f u n c t i o n p a r s e v a l u e s t o c l e a n and c o n v e r t matched s t r i n g s i n t o l i s t s .

2 . 4 Update s c a n p a t h d i c t w i th p a r s e d X, Y, and T v a l u e s .
2 . 5 I f X, Y, and T l i s t s a r e n o t o f e q u a l l e n g t h :

R e s e t s c a n p a t h d i c t t o d e f a u l t v a l u e s .
2 . 6 Append s c a n p a t h d i c t t o c l e a n e d s c a n p a t h s .

3 . R e t u r n c l e a n e d s c a n p a t h s .

H e l pe r f u n c t i o n p a r s e v a l u e s ( match ) :
I n p u t : match ( r e g u l a r e x p r e s s i o n match o b j e c t )
Outpu t : l i s t o f numer ic v a l u e s
1 . I f match e x i s t s :

a . Remove i n v a l i d c h a r a c t e r s ( e . g . , ` ` . . . ' ' ) and s p l i t t h e s t r i n g by commas .
b . Conve r t v a l i d s t r i n g s i n t o f l o a t o r i n t v a l u e s .
c . R e t u r n t h e c l e a n e d l i s t o f v a l u e s .

2 . Otherwise , r e t u r n an empty l i s t .

1. Pseudo Code

Algor i t hm s t a n d a r d i z a t i o n Q 2 :
I n p u t : b a t c h i n p u t ( l i s t o f mixed numer ic f o r m a t s ) , GT avg ( d e f a u l t v a l u e i f no number i s found )
Outpu t : c l e a n e d c o u n t s ( l i s t o f i n t e g e r s )

1 . I n i t i a l i z e an empty l i s t c l e a n e d c o u n t s .

2 . For each i t em i n b a t c h i n p u t :
2 . 1 At tempt t o d i r e c t l y c o n v e r t t h e i t em t o an i n t e g e r :

a . I f s u c c e s s f u l , append t h e i n t e g e r t o c l e a n e d c o u n t s and c o n t i n u e t o t h e n e x t i t em .
b . I f c o n v e r s i o n f a i l s , p r o c e e d t o s t e p 2 . 2 .

2 . 2 E x t r a c t numer ic v a l u e s and s p e l l e d − o u t numbers from t h e i t em :
S p l i t t h e i t em i n t o words and p r o c e s s each word :

i . Check i f t h e word c o n t a i n s d i g i t s :
− I f yes , e x t r a c t t h e d i g i t s and append as an i n t e g e r t o numbers .

i i . Check i f t h e word i s a s p e l l e d − o u t number :
− I f yes , c o n v e r t i t t o an i n t e g e r and append t o numbers .

2 . 3 I f no numbers were found , append GT avg t o c l e a n e d c o u n t s .

3 . R e t u r n c l e a n e d c o u n t s .

2. Pseudo Code

truth.

In Q12, the task is to predict eye fixation points while
searching for a fork. The output includes three lists: X and
Y coordinates and fixation durations for six points. Exam-

ple outputs are provided for another image, but the docu-
ment does not include detailed quantitative comparisons of
the models’ predictions to ground truth, leaving their rela-
tive performance unclear.



Algor i t hm standardization Q1Q4Q5Q6Q7Q8Q10Q11Q13 :
I n p u t : b a t c h c h o i c e ( l i s t o f e n t r i e s w i th v a r i e d f o r m a t s )
Outpu t : c l e a n e d l a b e l s ( l i s t o f e x t r a c t e d main l a b e l s )

1 . I n i t i a l i z e an empty l i s t c l e a n e d l a b e l s .

2 . For each i t em i n b a t c h c h o i c e :
2 . 1 Look f o r common p h r a s e s i n d i c a t i n g t h e answer , f o l l o w e d by a s i n g l e u p p e r c a s e l e t t e r :

a . Se a r ch f o r p a t t e r n s such as `` answer i s ' ' , `` r e s u l t i s ' ' , `` i t i s ' ' , `` o u t p u t i s ' ' ,
`` p r e d i c t i o n i s ' ' , `` o b j e c t i s ' ' , `` image i s ' ' , e t c . , f o l l o w e d by a s i n g l e u p p e r c a s e l e t t e r .

b . I f a match i s found :
i . E x t r a c t t h e u p p e r c a s e l e t t e r ( l a b e l ) from t h e matched p a t t e r n .
i i . Append t h e l a b e l t o c l e a n e d l a b e l s .

c . I f no match i s found :
i . Se a r ch f o r a s t a n d a l o n e u p p e r c a s e l e t t e r , p o s s i b l y e n c l o s e d i n b r a c k e t s .
i i . I f found , append t h e l e t t e r t o c l e a n e d l a b e l s .
i i i . I f no l e t t e r i s found , append an empty s t r i n g (`` ' ' ) t o c l e a n e d l a b e l s .

3 . R e t u r n c l e a n e d l a b e l s .

3. Pseudo Code

Algor i t hm s t a n d a r d i z a t i o n Q 3 :
I n p u t : b a t c h i n p u t ( l i s t o f e n t r i e s w i th v a r i e d f o r m a t s )
Outpu t : c l e a n e d l a b e l s ( l i s t o f e x t r a c t e d and s o r t e d l a b e l s )

1 . I n i t i a l i z e an empty l i s t c l e a n e d l a b e l s .

2 . For each i t em i n b a t c h i n p u t :
2 . 1 S ea rc h f o r s p e c i f i c p a t t e r n s i n d i c a t i n g a l i s t o f answer s :

a . Look f o r p h r a s e s such as `` answer i s ' ' , `` s h o u l d be ' ' , `` o r d e r i s ' ' , `` o r d e r s a r e ' ' , ``
r a n k i n g i s ' ' , e t c . , f o l l o w e d by a s e q u e n c e o f u p p e r c a s e l e t t e r s ( p o s s i b l y s e p a r a t e d by
s p a c e s o r symbols l i k e ``> ' ' ) .

b . I f a match i s found :
i . E x t r a c t on ly t h e u p p e r c a s e l e t t e r s from t h e matched s e q u e n c e .
i i . Append t h e e x t r a c t e d l e t t e r s a s a s i n g l e s t r i n g t o c l e a n e d l a b e l s .

2 . 2 I f no s p e c i f i c p a t t e r n i s matched :
a . Se a r ch f o r a l l u p p e r c a s e l e t t e r s t h r o u g h o u t t h e i t em .
b . C o n c a t e n a t e t h e found l e t t e r s i n t o a s i n g l e s t r i n g .
c . Append t h e c o n c a t e n a t e d s t r i n g t o c l e a n e d l a b e l s .

2 . 3 I f no u p p e r c a s e l e t t e r s a r e found i n t h e i tem , append an empty s t r i n g (`` ' ' ) .

3 . R e t u r n c l e a n e d l a b e l s .

4. Pseudo Code

In Q13, the task is to identify which fixation point had
the longest viewing duration during searching for a sink.
The ground truth answer is D (0.18, 0.59). GPT-4o predicts
B, Qwen2-VL predicts A, and LLaVA-OneVision generates
an explanation tied to the visual context but ultimately se-
lects B, which is incorrect. None of the models produce the
correct answer.

Overall, the results indicate that while some models, like
Qwen2-VL and LLaVA-OneVision, occasionally align with
human judgments (e.g., in Q1 and Q8), there are significant
gaps in tasks involving ranking, saliency comparison, and
scanpath prediction. Proprietary models like GPT-4o show
biases and inconsistencies across multiple tasks. These re-

sults also demonstrate significant challenges for all mod-
els in accurately predicting fixation points and durations,
particularly in tasks requiring nuanced alignment with hu-
man visual behavior. While LLaVA-OneVision shows oc-
casional alignment (e.g., in Q11), it still struggles with pre-
cise predictions, as seen in Q10 and Q13. Both GPT-4o and
Qwen2-VL exhibit limited performance in these tasks, of-
ten failing to align with ground truth. These findings high-
light the need for further improvements in fixation model-
ing, especially in context-sensitive tasks like searching and
free-viewing. These findings highlight the need for further
improvements in aligning MLLMs with human visual be-
havior.



GT Saliency Rank

Q1. Each option represents the bounding box (relative
coordinates of x1, y1, x2, y2) of an object in the given image.
Which one is the most salient object? Please choose one answer
from A, B, C, D, E without bracket or explanation.

[A] 0.73,0.54,1.0,1.0
[B]0.30,0.44,0.42,0.81
[C]0.29,0.13,0.44,0.47
[D]0.61,0.48,0.73,0.83
[E]0.43,0.43,0.57,0.84

Answer: C 
GPT-4o: B

LLaVA-OneVision: The most
salient object in the image is [E]

Qwen2-VL: C

GPT-4o: 1

Q2: How many salient objects are
there in the following image?
Please answer with a positive
integer without explanation.

Answer: 5 Qwen2-VL: six

LLaVA-OneVision: 4
GT Salient Instances

GT Saliency Rank

Q3: Each option represents the bounding box
(relative coordinates of x1, y1, x2, y2) of an object
in the given image. Please rank the saliency of these
objects. Please answer with the order of the given
options (e.g., DCBA) without bracket or explanation. 

[A]0.35,0.41,0.66,0.72 
[B]0.50,0.27,0.80,0.53 
[C]0.34,0.54,0.47,0.73 

Answer: ABC 
GPT-4o: CAB

LLaVA-OneVision: B A C
Qwen2-VL: C

GT Saliency Rank

Q4: Each option represents the bounding box
(relative coordinates of x1, y1, x2, y2) of an
object in the given image. Between the
following two objects, please select the more
salient option. Please choose one answer from
A, B without bracket or explanation.  

[A]0.53,0.07,1.0,0.84 
[B]0.37,0.05,0.68,0.77 

Answer: A 
GPT-4o: B

LLaVA-OneVision: B
Qwen2-VL: B

GT Saliency Rank

Q5: Between these two objects — [A]
the animal [B] the person — please
select the more salient option. Please
choose one answer from A, B without
bracket or explanation.  

Answer: B
GPT-4o: A

LLaVA-OneVision: A
Qwen2-VL: A

GT Saliency Rank

Q6: What is the saliency rank of the object
within the bounding box 0.07,0.39,0.32,0.77
(relative coordinates of x1, y1, x2, y2), among all
salient objects in the entire image? Please
choose one answer from A, B, C without bracket
or explanation. Answer: C

GPT-4o: B

LLaVA-OneVision: C
Qwen2-VL: B[A] The most salient

[B] The second most salient
[C] The third most salient.

GT Saliency Rank

Q7: What is the saliency rank of
the vehicle among all salient
objects in the entire image?
Please choose one answer from
A, B, C without bracket or
explanation. Answer: A

GPT-4o: B

LLaVA-OneVision: C
Qwen2-VL: B[A] The most salient

[B] The second most salient
[C] The third most salient.

Q8: You will be given two lists of fixation points from
two subjects respectively during free-viewing of the
provided image, with coordinates relative to the
image size. Between these two fixation points, please
select the more appropriate one. Please choose one
answer from A, B without bracket or explanation. 
[A] (0.50, 0.51) for 186ms, (0.52, 0.66) for 162ms,
(0.50, 0.81) for 388ms, (0.51, 0.86) for 163ms...
[B] (0.43, 0.44) for 219ms, (0.35, 0.55) for 164ms,
(0.29, 0.37) for 197ms, (0.42, 0.59) for 295ms... 

Visualized Scanpath [A]

Visualized Scanpath [B] Answer: B 
GPT-4o: A
Qwen2-VL: B
LLaVA-OneVision: B

Q9: [Requirement] Predict eye fixation points for free-viewing of a provided image. Output the fixation
points as three separate lists, each containing 14 values. The lists should represent -- X = The X-
coordinates of the fixation points, length 14, normalized relative to the image width, formatted to two
decimal places (range: 0.00 to 1.00). Y = The Y-coordinates of the fixation points, length 14, normalized
relative to the image height, formatted to two decimal places (range: 0.00 to 1.00). T = The fixation
duration at each point in milliseconds, length 14, sum not exceeding 5 seconds, formatted as integers.
[Example Output for Another Image] X = [0.49, 0.57, 0.56, 0.45, 0.32, 0.51, 0.68, 0.71, 0.59, 0.49, ...] Y =
[0.53, 0.53, 0.51, 0.50, 0.53, 0.54, 0.31, 0.28, 0.40, 0.47, ...] T = [316, 148, 123, 224, 445, 225, 241, 410, 177,
443, ...]

One of GT Scanpaths

GPT-4o Qwen2-VL LLaVA-OneVision

Figure 2. Additional Qualitative Examples and Results



Q10: You will be given 4 fixation
points where a person gaze
briefly paused during free
viewing of the provided image.
The coordinates are relative to
the image dimensions. Which
fixation point may had the
longest viewing duration? Please
choose one answer from A, B, C,
D without bracket or explanation.

Answer: A
GPT-4o: B

LLaVA-OneVision: D
Qwen2-VL: B

[A](0.48, 0.50)
[B](0.45, 0.46)
[C](0.44, 0.74)
[D](0.44, 0.81)

Q11: You will be given two lists of fixation points
from two subjects respectively during searching for
a microwave in the provided image, with coordinates
relative to the image size. Between these two
fixation points, please select the more appropriate
one. Please choose one answer from A, B without
bracket or explanation. 
[A] (0.49, 0.42) for 240ms, (0.49, 0.22) for 151ms,
(0.78, 0.26) for 295ms. 
[B] (0.50, 0.45) for 270ms, (0.42, 0.50) for 79ms,
(0.18, 0.47) for 210ms, (0.18, 0.38) for 1100ms.

Visualized Scanpath [A]

Visualized Scanpath [B]
Answer: B 

GPT-4o: A
Qwen2-VL: A
LLaVA-OneVision: B

Q12: [Requirement] Predict eye fixation points for searching for a fork in the provided image. Output the
fixation points as three separate lists, each containing 6 values. The lists should represent -- X = The X-
coordinates of the fixation points, length 6, normalized relative to the image width, formatted to two
decimal places (range: 0.00 to 1.00). Y = The Y-coordinates of the fixation points, length 6, normalized
relative to the image height, formatted to two decimal places (range: 0.00 to 1.00). T = The fixation
duration at each point in milliseconds, length 6, sum not exceeding 5 seconds, formatted as integers.
[Example Output for Another Image] X = [0.50, 0.48, 0.44, 0.66, 0.67, 0.50] Y = [0.49, 0.45, 0.37, 0.26,
0.20, 0.50] T = [73, 193, 95, 635, 592, 312]

One of GT Scanpaths

GPT-4o Qwen2-VL LLaVA-OneVision

One of GT Scanpaths

Q13: You will be given 4 fixation points where a person gaze briefly paused during searching for a sink in the
the provided image. The coordinates are relative to the image dimensions. Which fixation point may had the
longest viewing duration? Please choose one answer from A, B, C, D without bracket or explanation.

[A](0.46, 0.45),
[B](0.31, 0.51),
[C](0.21, 0.54),
[D](0.18, 0.59)

Answer: D
GPT-4o: B

LLaVA-OneVision: The fixation point that may have the longest viewing duration is
likely to be the area around the sink, as this is the primary object of interest in the
image. The coordinates for the sink are [B] (0.31, 0.51), which is the area around the
white square sink. This area is where a person would naturally look when searching
for a sink in the image.

Qwen2-VL: A

Figure 3. Additional Qualitative Examples and Results

5. Field-Specific Hints in each field
The Field-Specific Hints for each question type is as fol-
lows: {“Q1”: salient hint, “Q2”: salient hint, “Q3”:
ranking hint, “Q4”: ranking hint, “Q5”: ranking hint,
“Q6”: ranking hint, “Q7”: ranking hint, “Q8”: fix-
ation hint, “Q9”: fixation hint, “Q10”: fixation hint,
“Q11”: fixation hint, “Q12”: fixation hint, “Q13”: fixa-
tion hint} .

And the full text for the hints:

salient hint = “The detection of salient objects
aims to simulate the human visual perception sys-
tem by identifying and localizing the most visually
striking object(s) in a scene [29]. Previous re-

search suggests that the most salient object is the
one that attracts the highest proportion of fixa-
tions, as indicated by the agreement between fixa-
tion patterns and saliency judgments [3]. In gen-
eral, there are two primary priors: objects closer
to the viewer are perceived as more salient, and
salient objects often appear near the center of the
scene [6]. Additionally, cues such as color con-
trast, spatial bias, and depth contrast also influ-
ence saliency [6].”

ranking hint = “Ranking the saliency is to sim-
ulate the sequential shifting of human attention
across objects during non-task-oriented image
viewing, reflecting the limited capacity of the hu-



man visual system to process multiple visual in-
puts simultaneously [16]. In general, there are
two primary priors: objects closer to the viewer
are perceived as more salient, and salient objects
often appear near the center of the scene. Addi-
tionally, cues such as color contrast, spatial bias,
and depth contrast also influence saliency [6].”

fixation hint = “Human fixations refer to the tem-
poral sequence of locations in an image where
individuals focus their gaze [11]. These fixa-
tions are typically recorded using an eye tracker
under controlled laboratory conditions [11]. A
scanpath includes not only the fixation locations
but also the associated durations at each loca-
tion [4]. Both low-level image properties and
saliency, as well as high-level semantic informa-
tion, serve as critical cues for predicting scan-
paths [4]. The scanpath often begins at the center
of the image.”

6. Detailed Benchmark Results
Table 5 shows the detailed benchmark on all question types.
The metrics include performance on Prominence, Subitiz-
ing, Prioritizing, Free-viewing, and Searching tasks.

Analysis of Results
Prominence (Q1): Task Summary: Determine the most
salient object in an image. Analysis:
• Gemini-2.0-flash and Gemini-2.5-pro achieve the high-

est accuracy (51.89%), indicating the best alignment with
human judgments of prominence.

• Qwen3-VL-235B-A22B (50.92%) follows very closely,
also demonstrating top-tier performance.

• The previous top open-source model, LLaVA-OneVision
(46.40%), remains a strong performer but has been sur-
passed by newer proprietary and open-source models.

• Many models, such as Idefics2 (20.15%) and Idefics3
(21.49%), still struggle, showing a limited understanding
of saliency.

Subitizing (Q2): Task Summary: Predict the number of
salient objects in the image. Analysis:
• GPT5-mini leads in this category, achieving the highest

accuracy (54.93%) and the lowest MAE (1.0080).
• Qwen3-VL-235B-A22B is also a top performer, with

high accuracy (52.23%) and the lowest RMSE (1.9148).
• Gemini-2.0-flash and Gemini-2.5-pro (53.08%) also

demonstrate excellent accuracy.
• The previous low-error model, Idefics3, remains strong

(MAE 1.1055, RMSE 1.9567) but is no longer the leader.
• Some newer models, like Gemini-2.5-flash, show sur-

prisingly high error rates (MAE 2.2709, RMSE 5.9720),
indicating significant challenges in subitizing.

Prioritizing (Q3–Q7): Task Summary: Rank or com-
pare the saliency of objects or bounding boxes. Analysis:
• This category is dominated by the newest proprietary

models. Gemini-2.0-flash and Gemini-2.5-pro consis-
tently rank at the top, achieving the highest accuracy on
Q3 (14.90%), Q4 (71.00%), and Q7 (57.14%).

• Gemini-2.5-flash leads in Q5 (72.58%) and GLM-4.5V
leads in Q6 (45.97%).

• Previous open-source leaders like Qwen2-VL and
LLaVA-OneVision have been surpassed in this category.

• Many models, such as DeepSeek-VL (0.00%) and
Idefics3 (0.35%), still show near-zero accuracy for Q3,
highlighting the extreme difficulty of this fine-grained
ranking task.

Free-Viewing (Q8–Q10): Task Summary: Predict or
identify free-viewing scanpaths and their properties. Anal-
ysis:
• Qwen3-VL-235B-A22B shows outstanding and domi-

nant performance in Q8 accuracy (75.62%) and achieves
top-tier positional scanpath similarity (M-Pos: 84.68%).

• New Gemini models lead in directional similarity, with
Gemini-2.5-flash (62.98%) and Gemini-2.0-flash / 2.5-
pro (62.51%) as the top performers.

• Gemini-2.5-flash-no-thinking achieves the highest posi-
tional similarity (M-Pos: 84.81%).

• The previous leader, Gemini-1.5-Flash, has been sur-
passed in all key metrics for this task.

• Many other models, like InternVL3.5-8B (M-Dir:
50.13%, M-Pos: 64.47%), still struggle significantly with
scanpath prediction.

Searching (Q11–Q13): Task Summary: Predict or iden-
tify searching scanpaths and their properties. Analysis:
• Qwen3-VL-235B-A22B excels in searching accuracy,

leading Q11 by a large margin (87.03
• GPT5-mini achieves the highest accuracy on Q13

(48.61%).
• Gemini-2.0-flash and Gemini-2.5-pro demonstrate the

best directional scanpath alignment (M-Dir: 63.78%).
• Qwen3-VL-8B achieves the highest positional similarity

(M-Pos: 86.13%).
• The previous accuracy leader, Qwen2-VL-8B (Q11:

69.19%), has been significantly surpassed. LLaVA-
OneVision remains weak in scanpath metrics (M-Dir:
50.47%, M-Pos: 72.95%).

Overall Performance:
• Best Performers: Qwen3-VL-235B-A22B achieves the

highest overall accuracy (48.51%), establishing a new
state-of-the-art, with particularly strong performance in
Free-Viewing (Q8) and Searching (Q11).



• Gemini-2.0-flash / Gemini-2.5-pro (47.54%) and
GPT5-mini (46.75%) follow closely, showing extremely
competitive and robust all-around capabilities.

• Proprietary vs. Open-Source: The top open-source
model (Qwen3-VL-235B-A22B) is the overall leader.
However, the latest proprietary models (Gemini-2.0/2.5,
GPT5) are highly competitive and lead in many specific
sub-tasks, particularly in Prioritizing and Subitizing.

• The previous open-source leaders, Qwen2-VL (40.76%)
and LLaVA-OneVision (40.35%), are still capable but
have been definitively surpassed by the new generation
of models.

Key Observations:
• Scanpath Prediction Gaps: A significant gap per-

sists in aligning with human-like scanpath similarity (M-
Dir, M-Pos). Despite improvements from top models
like Gemini-2.5-pro and Qwen3-VL-235B-A22B, many
models still struggle, especially in free-viewing tasks.

• Task Variability: Performance varies dramatically by
task. Fine-grained Prioritizing (e.g., Q3, max Acc
14.90%) appears to be the most challenging task for all
models. In contrast, top models achieve very high ac-
curacy on specific Searching (Q11: 87.03%) and Free-
viewing (Q8: 75.62%) questions.

• Room for Improvement: Despite impressive gains, no
single model dominates all categories. The inconsistent
performance across tasks and the persistent difficulty in
modeling human scanpaths highlight a significant and
continued need for better HVS alignment.

6.1. Ablation on Model Size
We evaluate the impact of model size on the performance
in HVSBench by testing models with different parameter
counts. For this study, we select two representative meth-
ods: DeepSeek-VL [14] and GPT-4o [1], from both open-
source and proprietary MLLMs, to provide a comprehen-
sive analysis. As shown in Table ??, larger MLLMs gener-
ally outperform smaller ones across all metrics. It suggests
that increasing model size leads to better alignment with
HVS for MLLMs. Refer to supplementary for more exper-
iments.

6.2. Discussion: Why do MLLMs work on HVS-
related tasks?

The design of MLLMs (particularly transformer-based ar-
chitectures) allows approximations of human visual capa-
bilities. For Prominence, Subitizing and Prioritizing, [17]
leverages MLLMs to derive visual saliency hierarchies as
the guidance for saliency prediction, proving MLLMs’ po-
tential capacity to mimic human visual prioritization. For
Free-Viewing and Searching, [26] can predict scanpaths by
simulating gaze patterns using Transformer-based attention

mechanisms. For Prominence, Subitizing and Prioritizing,
[19] shows that human-like saliency can be simulated by at-
tention layers inherently learning to weight salient regions
of an input image, mirroring human prioritization of sig-
nificant elements. We highlight the value of benchmarking
HVS alignment, as it benefits many tasks.

7. More Related Work

Human Visual System (HVS). The HVS has long been
studied for its unique ability to process visual informa-
tion efficiently and selectively. Computational modeling of
HVS has gained significant traction in the fields of com-
puter vision and cognitive neuroscience, aiming to repli-
cate human-like attention and perception in artificial sys-
tems. [10] shows how visual saliency guides human gaze
patterns. Recent advancements in deep learning have incor-
porated human attention models into computer vision tasks,
enabling better predictions of free-view human gaze [7, 12].
These approaches provide insight into how human cogni-
tion hierarchically processes visual information. HVS also
demonstrates sequential and temporal fixation patterns, crit-
ical for understanding complex scenes [9]. The study of the
HVS has led to significant improvements and inspired new
models in machine learning, such as attention models [22].
It is crucial to conduct further research into the HVS due to
its potential to advance the development of AGI.
Multimodal Large Language Models (MLLMs).
MLLMs [2] have emerged as a significant advancement
in artificial intelligence, extending the capabilities of large
language models to process and reason about both visual
and textual information. By utilizing the open-source
LLM [18, 20, 21, 27] and the key idea of constructing
visual instruction data, some powerful MLLMs have been
proposed such as LLaVA [13] and MiniGPT-4 [30]. These
models have shown their ability in general visual tasks.

Despite these advancements, questions about how
MLLMs perceive and process visual information remain
largely unexplored. It is unclear whether MLLMs fixate on
regions of interest similar to humans or follow a comparable
temporal sequence when perceiving images. Furthermore,
further research in this area is hindered by the absence of
standardized evaluation protocols and benchmarks.

8. Application

Content generation models better aligned with the HVS can
produce more reasonable outputs. Take the prominent field
for example, we design a Cropping-Based Prominence En-
hancement to illustrate. Specifically, we examine how GPT-
4o crops the image to enhance the prominence of one ob-
ject: a photo. GPT-4o with a task-specific hint generates
a reasonable analysis and successfully crops the image to
highlight the photo, compared to the result without hint,



"...I will crop the image to center
around the photo on the left
side of the scene, while keeping
as much of the original content
as possible..."

Input Image

Requirement: Make
the photo the most
salient object

"...I'll crop the image to
make the photo frame on
the left side more
prominent..."

GPT-4o
GPT-4o w/ task definition

Figure 4. Application: Prominence Enhancement.

demonstrating better alignment with HVS. This can be di-
rectly applied to automated design, context-aware content
generation, and visual storytelling.
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Baselines # Param PO ↑ SU↑ PI ↑ FV↑ SE↑
GPT4-o mini [1] N/A 0.3126 0.4480 0.3312 0.3560 0.3766
GPT4-o [1] N/A 0.3139 0.4512 0.3621 0.3737 0.4015

DeepSeek-VL [14] 1.3B 0.1758 0.2513 0.2950 0.3188 0.2843
7B 0.3223 0.4544 0.3327 0.3445 0.3516

Qwen2-VL [23]
2B 0.0220 0.3499 0.1100 0.2439 0.2643
7B 0.4103 0.5090 0.3901 0.3182 0.4214

72B 0.4957 0.4889 0.4158 0.4299 0.5810

Table 6. Ablation study of The number of params. PO, SU,
PI, FV and SE means “Prominence”, “Subitizing”, “Prioritizing”,
“Free-viewing”, “Searching”, respectively.
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