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Abstract

We study the perception of color illusions by vision-
language models. Color illusion, where a person’s visual
system perceives color differently from actual color, is well-
studied in human vision. However, it remains underexplored
whether vision-language models (VLMs), trained on large-
scale human data, exhibit similar perceptual biases when
confronted with such color illusions. We propose an auto-
mated framework for generating color illusion images, re-
sulting in RCID (Realistic Color Illusion Dataset), a dataset
of 19,000 realistic illusion images. Our experiments show
that all studied VLMs exhibit perceptual biases similar hu-
man vision. Finally, we train a model to distinguish both
human perception and actual pixel differences.

1. Introduction

Human visual perception does not always align perfectly
with the real world [4, 12, 17]; we are easily influenced
by contextual factors such as lighting conditions or sur-
rounding objects and patterns. Figure 1 shows several ex-
amples of color illusions, where human judgment of ob-
ject color and brightness does not align with actual pixel
values. Currently, many large vision-language models
(VLMs) [9, 22, 23, 39] exhibit behavioral similaritities to
human visual perception in various aspects, including ob-
ject recognition [4 1, 44], scene understanding [24, 36], and
spatial reasoning [5]. But because the human visual sys-
tem behaves idiosyncratically when encountering these illu-
sions, we aim to study whether these models perceive such
illusions in the same way humans do. Prior work [34, 43]
has explored this question by sourcing illusion images from
the internet. However, this approach has a drawback: the
number of illusion images on the web is limited, and most
images (e.g., 60% for the IllusionVQA dataset [34]) are
well-known examples of these illusions; thus, VLMs have
likely memorized humanlike behavioral responses to them.
Additionally, the limited scale also restricts the depth and
variety of analyses that can be conducted.

To address these limitations, we propose an automatic

7805

framework for generating realistic color illusion images,
covering many scenarios with illusions that we might gen-
uinely encounter in our real life. We cover three differ-
ent types of color illusions: contrast (Figure la), stripe
(Figure 1b), and filter (Figure 1c) illusions. For contrast
and stripe illusions, we first generate simple arrangements
of shapes exhibiting specific illusions, which are then pro-
cessed through ControlNet [42] to generate more realistic
images. For filter illusions, we directly apply filters to the
original MS COCO 2017 images. In the end, we produce
a dataset consisting of total 19,000 images, half of which
include an illusion, and the other half being a control set
without illusions. Each image is paired with a synthetically-
generated natural language question, asking either about
color differences between specific regions or directly inquir-
ing about the color of a particular object in the image.

We test recent VLMs using our generated illusion im-
ages. We find that, after appropriate fine-tuning, they per-
form well on non-illusion images, but their accuracy drops
significantly on illusion images. Some of their responses
exhibit visual biases similar to those of humans, while some
are entirely incorrect, failing to align with either pixel val-
ues or human perception. We also observe that external
prompts, such as Chain of Thought (CoT) [40] and few-shot
examples, can influence VLM performance to some extent.
Furthermore, fine-tuning on illusion images enhances the
models’ ability to understand these color illusions. Based
on this, we propose a foundational baseline method that en-
ables models to capture both human perceptual biases and
true pixel values. Finally, we investigate the underlying
causes of VLM susceptibility to color illusions, including
biases from both the visual system and prior knowledge.

In conclusion, our contributions are as follows: (1)
We propose an automated framework for generating real-
istic illusion images and create a large, realistic dataset
of color illusion images, named RCID (Realistic Color
Illusion Dataset), to enhance the fairness and accuracy of
model testing. (2) We investigate underlying mechanisms
of color illusions in VLMs, highlighting the combined in-
fluence of the vision system and prior knowledge. We
also explore how external prompts and instruction tuning



Q1: Based on pixel values, how do the colors of the
walls on the left and right of the baseball player compare?
Here are some options you can choose: I. A is darker II.
B is darker IlI. They are exactly same  Al: III

Q2: According to human perception, how do the colors
of the walls on the left and right of the baseball player
compare? Here are some options you can choose: I. A is

Q1: Evaluated by pixel values, how do the colors of the
pink walls on the left and right compare? Here are some
options you can choose: I. Left is darker II. Right is
darker III. They are exactly same ~ Al: III

Q2: According to human perception, how do the colors
of the pink walls on the left and right compare? Here are
some options you can choose: I. Left is darker II. Right

Q1: According to pixel values, what color is the athlete's
uniform?

Al: [‘Gray’, ‘Yellowish-green’, ‘Greenish-yellow’,
‘Green’]

Q2: Through human eyes, what color is the athlete's
uniform?
A2: [‘Red’]

darker II. B is darker III. They are exactly same =~ A2: 1l

is darker I1I. They are exactly same

A2: 11

(a) Contrast Illusion

(b) Stripe Illusion

(c) Filter Illusion

Figure 1. Examples of color illusions. (a) Contrast illusion: The two green squares on the left and right are identical in color, but most
people perceive the square on the right as darker due to the brighter background. (b) Stripe illusion: The left and right walls seem to be
different colors, but this is an illusion caused by the dark stripes interfering with our perception. (c) Filter illusion: The player’s uniform

appears red, but in reality, there are no red pixels present.

impact the models’ performance on these illusions. (3)
We propose a simple training method that enables mod-
els to understand human perception while also recogniz-
ing the actual pixel values. Our code and data are re-
leased under an open-source license at the following URL:
https://github.com/maol207/RCID.

2. Related Work

Visual illusion is a phenomenon where human perception
differs from the actual environment [4, 12, 17], often trig-
gered by specific visual stimuli [7]. These illusions of-
fer valuable insights into human perception [16, 31] and
have been widely used in artworks. [13, 25]. Many stud-
ies [28, 29] have attempted to explore the causes of visual il-
lusions, with the bottom-up and top-down theories being the
most widely accepted explanations. Proponents [33] of the
bottom-up theory argue that low-level visual signals, such
as contrast, brightness, edges, and motion, are correlated
with human perception of illusions. However, supporters of
the rop-down theory contend that prior knowledge is also a
major factor in these illusions. Evidence shows that peo-
ple in industrialized societies are more susceptible to the
Miiller-Lyer illusion due to being misled by implied arrow
meanings, and individuals from language communities with
fewer color terms are less affected by color illusions [ 1, 30].

Motivated by illusion phenomena in human visual per-
ception, recent research has begun to explore whether
models are also susceptible to such illusions. Early re-
search [14, 15] suggests that traditional vision models, such
as CNNgs, are influenced by visual illusions in a way sim-
ilar to humans. More recent studies [34, 43] have shown
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that VLMs also exhibit similar perceptual biases. However,
images on which these models have been tested are either
sourced from the internet or manual compositions of sim-
ple shapes (e.g., two squares of different colors), making it
easy for the VLM to infer results based on their knowledge
rather than actual observation. Additionally, the number of
these images is quite limited. To address these limitations,
we develop a large-scale dataset that embeds visual illusions
into realistic scenes, enabling robust evaluation in complex,
real-world contexts. Our study fills a gap by investigating
the mechanisms behind VLMs’ susceptibility to illusions.

3. Illusion Dataset Construction

The construction of our dataset involves three steps (Fig-
ure 2): (1) Image Generation. For contrast and stripe il-
lusions, we use procedural code to generate simple illusion
images, which are then processed by ControlNet to create
realistic illusion images. For filter illusions, we directly ap-
ply contrasting color filters to the original images. Each
type of illusion also includes a corresponding control group
without any illusions for comparison. (2) Question Gen-
eration. We use GPT-4o0 to generate image-specific ques-
tions that are designed to evaluate the model’s understand-
ing of the illusion. (3) Human Feedback. We collect hu-
man participants’ feedback on these images and adjust the
original classification of “illusion” and “non-illusion” based
on whether participants are deceived.

3.1. Contrast and Stripe Illusion Image Generation

ControlNet Training Stage: We begin by training a Con-
trolNet to map from simple illusion images to photoreal-
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Figure 2. Process for generating our dataset.

istic images with illusions. We train using modified image-
caption pairs (I, T") from the MS COCO 2017 dataset. First,
we quantize each original image [ into a 10 x 10 grid G,
where each cell G, represents the average color of its cor-
responding region:

Here, R, , denotes the set of pixels in the (z, y)-th grid cell,
and I(p) is the color value of pixel p in the original image.

During training, Gaussian noise is added to the quantized
image o = G, producing a noisy image x; at time step
t. The model, conditioned on the text prompt 7" and color
distribution G, is trained to predict the added noise €y by
minimizing the expected squared error:

L = Eag t.comnon [lle = eolze, t, T, G)|5]

Through this loss, the model learns to progressively re-

fine x; into a realistic image during inference, guided by
color distribution and the text prompt.
Procedural Generation Stage: We use a procedural func-
tion f to generate simple illusion images, denoted as S,
which consist of basic shapes and colors, on which we will
condition the trained ControlNet model.

For Contrast Illusions, we randomly select two base col-
ors from RGB space: C}, for the background and Cy for
the foreground (squares). For a color C = (r,g,b), we
use the function p to adjust its brightness by p(C, u) =
(r-u,g-p,b-u), where u scales each RGB component. The
background is divided into a darker region p(Cy, 1p1) and
a brighter region p(Cp, p2), where ppy < land ppe > 1.
Additionally, two foreground squares, colored p(Cf, if1)
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and p(CY, f1f2), are symmetrically placed at random posi-
tions (z1, y1) and (z2, y2) on the background.

If human perception differs from the actual pixel val-
ues, the image is classified as an illusion; otherwise, it be-
longs to the control group (no illusion). We observe that a
darker background enhances the perceived brightness of the
foreground color, with this effect being strongest when Cj,
and C'y are similar and weakening as the contrast increases.
Section 4.2.3 validates this conclusion. Based on this prin-
ciple, we generate theoretical illusion and non-illusion im-
ages, which are later adjusted through human validation. To
increase image diversity, we apply random noise 7 to intro-
duce irregularities at the square edges or make the bound-
aries less smooth. The generated image S; for the contrast
illusion can be represented as:

S = F(p(Co, 1), p(Co, pv2), D(Cr, pus1), p(Cy, puga),

(z1,11), (w2, 92),7)

Similarly, for Stripe Illusions, we randomly generate the
background color C} and the stripe color Cs. The colored
stripes alternate with black stripes, and their colors are ad-
justed to p(Cs, ps1) and p(Cs, ps2). Based on an initial es-
timate of human perception of 51 and w40, the images are
classified as either illusion or non-illusion. The generated
image S for the stripe illusion is represented as:

S = f (bep(CSHU‘Sl)vp(CSHuSQ)aean 77)

Here the stripe direction 6 (horizontal, vertical, or diago-
nal) and the number of stripes N are randomly selected.
Random noise 7 is applied to create irregularities, such as
curved stripe arrangements or slight misalignments.
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Figure 3. Data statistics of RCID (Realistic Color Illusion Dataset).

ControlNet Generating Stage: We pair each simple illu-
sion image S with a randomly selected caption 1" from the
MS COCO 2017 dataset, which together serve as input to
our model. Starting from the quantized image xy = .9, the
model recursively denoises over multiple time steps follow-
ing a diffusion-based approach, gradually refining the im-
age to produce a realistic output I’ that retains the intended
illusion effects. The final image I’ is obtained by summing
the contributions from all time steps 7"

T
Z (z¢ + €o(xe,t, C, S))
t=0

3.2. Filter Illusion Image Generation

To generate filter illusion images, we first select images
from MS COCO 2017 that predominantly contain a specific
color Cy (e.g. red, blue, yellow). We then apply a contrast-
ing color filter Cy which overlays the original image in the
HSV (Hue, Saturation, Value) color space to suppress Cy
by shifting the hue H of filter and ensuring no pixels fall
within Cy’s HSV range. Despite this, the filtered regions
may still visually evoke the original color.

3.3. Question Generation

For each image I’, we use GPT-40 to generate an image-
grounded question Q that asks human respondents to com-
pare colors between two regions or identify the color of a
specific object. For example, in Figure la, the generated
questions refer to the walls on the left and right of the base-
ball player. We then prefix the question with two distinct
prompts: one focused on “human perception” (e.g., “Based
on human perception”, “Through human eye”) and the other
on “pixel values”, each associated with a different answer
depending on whether the image contains an illusion. For
contrast and stripe illusions, answer options are appended
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to the question. Examples are shown in Figure 1.

3.4. Human Validation and Selection

To ensure that our generated images truly contain illusions,
we conduct a survey on Prolific with a total of 241 partic-
ipants. Each participant is shown 400 images, including
both illusion and non-illusion examples. We use respon-
dents’ answers as the human perception ground truth. For
every image in our dataset, we assign 5 participants. If more
than 3 participants are deceived by the illusion, the image is
classified as an illusion image. Conversely, if all 5 partici-
pants provide answers consistent with the pixel values, the
image is classified as non-illusion and added to the control
group. On average, we pay $21 USD per hour.

3.5. Dataset Details

Realistic Color Illusion Dataset (RCID, Figure 3) contains
19,000 images, comprising 8,000 contrast, 9,000 stripe, and
2,000 filter images. We divide our dataset into 9,500 im-
ages for training, 4,750 for development, and the remaining
4,750 for the test set. Each illusion type has distinct struc-
tures and subcategories.

4. Evaluating Vision-Language Models
4.1. Experimental Setup

In this experiment, we evaluate different models’ perfor-
mance on color illusions and explore the impact of external
prompts and instruction-tuning on them. We also provide a
foundational baseline model based on LLaVA-1.5 (7B) for
understanding color illusions.

Vision-Language Models. We test recent models with our
generated illusion dataset to examine whether VLMs ex-
hibit perceptual responses similar to humans. To ensure
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categorize responses as "No Illusion” (consistent with pixel values), "Human like,” and "N/A.” Each image is evaluated using two types of
prompts: one based on pixel values and the other based on human perception.

that their performance on illusion images reflects actual sus-
ceptibility to illusions rather than challenges in identifying
specified regions and comparing color brightness [11, 37],
we focus on open-source models, and fine-tune them on our
generated non-illusion simple images and a small set of re-
alistic images to enhance their ability in answering ques-
tions about relative colors of different regions in an image.
During training, we randomly apply prompts such as ’based
on human perception,” ’based on pixel values,” or provide
no specific guidance prompt at all. Our models tested in-
clude LLaVA [22], InstructBLIP [9], CogVLM [39], In-
ternVL2 [6], Qwen-VL2 [2], OFA [38] and Unified-10 [26].
During inference for contrast and stripe illusions, ques-
tions are presented in a multiple-choice format, while fil-
ter illusion questions require open-ended responses about
the color of specific objects in the image, as illustrated in
Figure 1. We also include experiments with closed-source
models like GPT-40 and Gemini in the appendix. While
their overall color comparison ability is weak, there is still
a significant drop in performance on illusion images.

Metrics. For images containing illusions, we use the
same metrics as in GVIL [43]. We track the Human-like
rate, which measures alignment between human perception
and VLM responses by calculating the percentage of cases
where the model’s responses match human answers. When
the prompt explicitly includes “Based on pixel values,” this
can also be referred to as Deception Rate. The No-Illusion
rate indicates the proportion of examples where the model’s
responses align with actual pixel values. If the model’s an-
swer aligns with neither the human response nor the pixel
values, we categorize those instances as Not Applicable

7809

(N/A). For images without illusions, where human percep-
tion matches pixel values, we classify model responses as
“accurate” or “inaccurate”.

4.2. Results and Analysis

We evaluate a range of open-source vision-language mod-
els using generated illusion and non-illusion images in our
development set, with questions explicitly asking for color
judgments 'Based on pixel values’ or 'Based on human
perception’. The results show that, after fine-tuning on
non-illusion images, these models achieve high accuracy
(>75%) on non-illusion images, while their accuracy on il-
lusion images is significantly lower. We find that explic-
itly querying for color judgments 'Based on pixel values’
or 'Based on human perception’ does not lead to signifi-
cant changes in model performance. In addition, models are
likely to produce responses that are completely inaccurate,
matching neither pixel values nor human perception. This
suggests that while the models are misled by color illusions
to some extent, they still struggle to fully model human per-
ception. Detailed results can be found in Figure 4.

Inter-Annotator Agreement. We refine our final set of
illusion images through human validation, retaining only
those that deceive at least 3 out of 5 human participants.
Before this selection, the average Fleiss’ kappa score among
the five respondents on the illusion images is 0.648, which
increases to 0.806 after filtering. 21.6% of the selected im-
ages deceive all five participants. We use this stricter subset
of illusion images as a challenging test set for our mod-
els. The results show a slight increase (<5%) in the pro-
portion of Human-Like responses by the VLMs across all
three types of illusions, but overall, the difference remains
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Figure 5. Deception rates of humans and VLMs across different structural patterns.

minimal, indicating that our filtering criterion (more than 3
humans are deceived) is robust.

Generated Image Realism. As some generated illusion
images appear realistic while others still exhibit an “Al-
looking” appearance, we assess LLaVA-7B and two human
participants on three 500-image sets with varying realism
levels. Our results show no significant correlation between
realism and accuracy, with » = 0.084 for human partici-
pants and = 0.091 for the model.

Model Size. To investigate the effect of model size, we
evaluate the performance of two groups of models, OFA and
Unified-10. These groups consist of models of varying sizes
but share the same overall architecture. We conduct the
experiment on contrast illusions, and explicitly emphasize
“Based on pixel values” in the questions. Our result shows,
with the model size increases, the proportion of human-like
responses also increases, while the proportion of responses
consistent with actual pixel values decreases. We present
OFA’s performance in Figure 6 and provide Unified-IO’s
performance details in the appendix.
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Figure 6. Proportions of No Illusion,” "Human Like,” and "N/A’
responses for OFA models of different sizes on contrast illusions.

Illusion Design. We explore a range of visual factors that
may influence the strength of color illusions and compare
whether these factors affect human perception and VLMs
in the same way. We focus on three potential influenc-
ing factors: the orientation of the illusion, the contrast be-
tween foreground and background colors (for contrast illu-
sions only), and the number of stripes (for filter illusions
only). Overall, our findings indicate that these factors sig-
nificantly impact the strength of the illusion. For example,
altering certain factors, such as increasing the color contrast
between the foreground and background, can turn a non-
illusion image into an illusion image. And these effects are
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consistent across both humans and VLMs. In these experi-
ments, we use LLaVA-1.5 (7B) as our tested model.

Lllusion orientation. We randomly generate a set of im-
ages with various structural arrangements to analyze how
the location of the illusion affects humans and VLMs. For
contrast illusions, the images feature left-right and up-down
arrangements, while for stripe illusions, they include hori-
zontal, vertical, and diagonal stripes (Figure 3). We evalu-
ate the error rates of both humans and VLMs across these
structures. As illustrated in Figure 5, the results show that
for contrast illusions, both humans and VLMs are more fre-
quently deceived by left-right arrangements, while for stripe
illusions, they are more often misled by horizontal and di-
agonal stripes. We find that humans can quickly and accu-
rately perceive color differences between left and right, but
are slightly less sensitive to top-bottom differences.

Color distance between the foreground and background.
For contrast illusions, we calculate the correlation between
the color distance in RGB space between the foreground
and background, and the illusion’s intensity. Figure 7a
shows that as the foreground and background colors be-
come more similar, the contrast illusion becomes most pro-
nounced for both humans and VLMs. Conversely, when the
foreground and background colors are distinctly different,
humans and VLMs are better at distinguishing them.

Image spatial frequency. For stripe illusions, we exam-
ine the effect of image spatial frequency on the strength of
the illusion. After converting the image to the frequency
domain using the Fourier transform, we compute spatial
frequency as the ratio of high-frequency energy to the to-
tal image energy [20]. Our findings suggest that the stripe
illusion becomes stronger for both humans and models as
image frequency increases, which typically corresponds to
a higher number of stripes, as shown in Figure 7b.
Prompting Methods. @ We explore whether external
prompts could alter VLM responses. In contrast to our main
experiments shown in Figure 4, here we aim to identify the
model’s bias towards predicting answers which are human-
like or based on pixel values without specifying this in the
question posed to the model. We consider several prompt-
ing methods: a simple prompt that only contains questions
about color comparisons; chain of thought (CoT), where the
model is prompted to first consider if any factors in the im-
age might affect color perception; emphasizing the illusion



Illusion Category Contrast Illusion

Filter Illusion Stripe Illusion

Prompts Pixel-Based Human-Based Pixel-Based Human-Based Pixel-Based Human-Based
LLaVA-1.5 (7B) 354 (41.2) 32.4(37.4) 20.0 (67.8) 19.8 (64.6) 30.3(35.2) 28.3 (40.1)
Mixed Training (Ours)  83.9 ( 6.9) 8.1(79.0) 68.0 (24.3) 12.1 (82.3) 84.5( 9.8) 15.4 (76.7)

Table 1. Model’s improved understanding of illusions with mixed training. Two prompts are used: “based on pixel value” and “based on
human perception.” The values represent the proportion of no-illusion responses, with parentheses indicating Human-like rates.
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Figure 7. Error rates of humans and LLaVA across different con-
ditions in color illusions.

by directly informing the model that the image contains an
illusion without specifying its type; and providing few-shot
examples, using no-illusion (NI) or human-like (HL) an-
swers as 3-shot examples. Because we use the LLaVA-7B
model here, which doesn’t support multi-image input, we
combine the few-shot examples and the query image into a
single composite image before feeding it to the model [22].

Figure 8 show that external prompts have minimal ef-
fect on filter illusions. But for contrast and stripe illu-
sions, the effect is more pronounced, particularly when no-
illusion answers are used as few-shot examples, increasing
the proportion of no-illusion responses by approximately
25%. However, using human-like responses as few-shot ex-
amples does not effectively enhance the model’s reproduc-
tion of human illusion perception, the proportion of human-
like responses even decreases slightly for contrast illusions.
Additionally, both direct emphasis and CoT prompts par-
tially increase the proportion of no-illusion responses, al-
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Figure 8. Effect of different prompts and fine-tuning on VLM re-
sponse preferences across illusion Types. “NI” denotes datasets
using no-illusion examples, while “HL” represents datasets with
human-like examples.

though the effect of direct emphasis is relatively weak.
Fine-Tuning. First, we fine-tune two separate LLaVA-7B
models on illusion images, with one model trained with re-
sponses according to pixel values (NI), and the other trained
on human-like responses (HL). The bottom two rows of
Figure 8 show a significant effect on the test set, particu-
larly when fine-tuning on no-illusion responses. For both
contrast and stripe illusions, fine-tuning on no-illusion re-
sponses increases the proportion of no-illusion answers to
over 90%. In contrast, fine-tuning on human-like responses
has a weaker effect, suggesting that even with human-like
responses, the model struggles to fully grasp human percep-
tion in the context of illusion images.

Next, we experiment with a mixed training approach that
combines both types of responses. We train on question-
answer pairs for both types of responses, where questions
asking “Based on pixel values” are paired with pixel-value
responses, those asking “Based on human perception” are
paired with a human-like response. Table 1 shows the influ-
ence of this mixed training on the test set, compared to the
base model. These results confirm that training model can
effectively distinguish between pixel-based and human per-
ception cues, yielding responses aligned with user’s query.

5. Why Color Illusions Affect VLMs

5.1. Perceptual Biases from the Visual System

To investigate whether VLMs’ perceptual biases originate
from their visual components, we test a range of purely vi-
sual models, including ResNet [18], ViT [10], VGG [35],
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Figure 9. Perceptual biases in purely vision models.

MobileNet [19] and Large Vision Model (LVM) [3]. We
evaluate these models on both simple, rectangle-based con-
trast illusion images and generated realistic illusion images.
For simple illusion images, we generate backgrounds with
varying brightness on both sides and place a rectangle on
each side. The vision model is trained as a three-way clas-
sifier on 6,000 non-illusion images to predict which rect-
angle appears darker, or if their colors are identical, stop-
ping when the loss shows no significant decrease. It is then
tested on 1,000 non-illusion and 1,000 illusion images. The
results are shown in Figure 9a. For realistic illusion im-
ages, we train the model on the training set of our gener-
ated dataset and evaluate it on the test set, shown in the
appendix. While overall accuracy (the proportion of classi-
fications aligning with actual pixel values) on realistic illu-
sion images drops compared to simple rectangle-based im-
ages, in both cases, accuracy on illusion images remains
significantly lower than on non-illusion images. We also
observe that during training, accuracy on non-illusion im-
ages quickly improves, while accuracy on illusion images
fluctuates significantly. We use ViT as an example in Fig-
ure 9b. These results suggests that even purely vision-based
models can be influenced by color illusions.

5.2. Perceptual Biases from Prior Knowledge

Influence of Language. We test the multilingual vision-
language model PALO [32] on contrast illusions, posing
questions in English, Chinese, and Russian to analyze er-
ror rates on images containing target regions across several
colors. We hypothesize that colors with more frequent tex-
tual modifiers (e.g., dark blue, sky blue) lead to responses
aligned with pixel values rather than human perception. To
validate this, we first analyze color descriptor diversity in
the training data. For example, in English, 50.7% of red in-
stances include modifiers like dark red or bright red, while
49.3% use red alone. Figure 10 shows the correlation be-
tween color descriptor diversity and pixel-value accuracy
for English, Chinese, and Russian.! We find that richer de-
scriptions improve model sensitivity to that color, reducing
susceptibility to color illusions in that color range.

"In Russian, blue has 100% descriptor diversity due to distinct terms
for light blue (goluboj) and deep blue (sinij).
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Figure 10. Comparison of color term accuracy and frequency
across languages for the vision-language model. Each shape and
color represents a specific color term (e.g., blue, red, gray).

Influence of Commonsense Knowledge. Humans are of-
ten deceived by visual illusions due to our prior knowledge.
For instance, research suggests that in filter illusions, hu-
mans perceive colors that aren’t actually present due to a
phenomenon called chromatic adaptation [27]. This allows
us to use surrounding context to infer the presence of a filter,
mentally “removing” it to perceive the original color. One
example is that we always recognize a piece of white paper
as white, regardless of the lighting conditions.

To examine whether commonsense knowledge simi-
larly influences VLMs’ susceptibility to illusions, we cat-
egorized filter illusion images into three groups: single
objects, multiple-object compositions, and complex real-
world scenes, then analyzed the deception rates for both
humans and VLMs across these groups. On non-illusion
images, VLMs perform well across all three categories,
suggesting that scene complexity does not affect their ba-
sic color recognition ability. However, for illusion images,
our results in Figure 11 show that both humans and VLMs
are less likely to be deceived by single-object images, while
complex scenes lead to the highest deception rates, under-
scoring the role of prior knowledge in visual illusions.
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Figure 11. Deception rates of VLMs and human participants
across different types of filter illusions.

6. Conclusion

Our experiments show that current VLMs, influenced by
their visual systems and prior knowledge, can exhibit vi-
sual illusions similar to humans. This raises a key question:
as models become more human-like, might they also inherit
human perceptual biases? In fields like biomedicine [8, 21],
such biases could result in flawed visual judgments, while in
human-centric tasks like image generation, understanding
human perception can benefit. Therefore, VLM behavior
should be tailored to application needs, with careful consid-
eration of human-like perceptual biases.
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