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Abstract

Visual illusions are a classic tool in cognitive science for probing
perceptual inference. Recent studies suggest that when visual
facts conflict with semantic prior knowledge, vision-language
models (VLMs) often make systematic errors in which priors
override visual evidence. To quantify this effect, we treat VLMs
as artificial participants and introduce IlluQuant, an illusion-
diagnostic dataset that operationalizes template similarity and
visual evidence strength as continuous, controllable variables.
By fitting psychometric functions, we measure semantic prior
dominance in VLMs. Results show that stronger semantic
cues substantially increase the probability of prior-driven errors,
while visual evidence must be amplified several-fold to partially
offset this bias. We further propose MdCoT, an intervention that
mitigates the effect. IlluQuant provides a psychophysics-style
framework for quantitatively characterizing the balance between
semantic priors and visual evidence in multimodal models un-
der controlled illusion manipulations. The IlluQuant dataset is
available at haitoooo/IlluQuant

Keywords: Vision language models; psychophysics; visual
illusions; artificial intelligence; perception

Introduction
Illusions have long been used to study human vision because
they help disentangle sensory and cognitive processes (Day
(1984), Eagleman (2001), and Gregory (1997)). Inspired
by this line of work, recent studies have begun to use vi-
sual illusions and “Illusion-Illusions” to probe machine vision
(Gomez-Villa et al. (2019), Guan et al. (2024), Ullman (2024),
and Y. Zhang et al. (2025)). These studies report an anoma-
lously poor performance of vision-language models (VLMs)
on Illusion-Illusion images: even when an image contains
no illusory effect, the model may still forcefully produce the
canonical illusion conclusion based on the configuration, as
if it “sees an illusion that is not there.” (Guan et al. (2024),
Ullman (2024), and Y. Zhang et al. (2025)).

Existing literature generally attributes this error to se-
mantic priors learned by pretrained language models over-
powering visual evidence (Guan et al. (2024) and Leng
et al. (2024)). During training, models may acquire
high-frequency co-occurrences among “typical configura-
tions–illusion names–standard explanations,” which makes
them more likely to enter an “illusion-template” mode at infer-
ence time. Consequently, even when the physical facts in the
current image contradict the template, the model tends to rely
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Is the red circle the same
size as the blue circle?

VLMs

Ebbinghau illusion?

They are the same size.
The red pixel size is 2203,

the blue pixel size is 972,

so they are not the same size.

Yes,they are the same size.
No, they are not the same size.

What would you do if  ... ?

I will first...

        Answer my question 
based on what you said.

Figure 1: Overall framework of our evaluation

on semantic prior knowledge and ignore the visual evidence
at hand (Guan et al. (2024), Rohrbach et al. (2018), and Y.
Zhang et al. (2025)).

However, most prior work remains at the level of discrete
contrasts (Illusion vs. Control/Illusion-Illusion) and qualita-
tive description, lacking quantitative criteria that can precisely
measure how strong visual evidence must be to help VLMs
break free from the constraints of “illusion-template” mode.
To address this gap, we define Semantic Prior Dominance
(SPD) as the extent to which VLM responses are governed
by semantic priors rather than visual evidence (Kersten and
Yuille (2003), Kersten et al. (2004), and Knill and Richards
(1996)). Drawing on psychophysical stimulus manipulation,
we operationalize “semantic cue strength” and “visual evi-
dence strength” as controllable variables, and quantify se-
mantic prior dominance via behavioral curves obtained un-
der continuous manipulations (Prins et al. (2016), Treutwein
(1995), and Wichmann and Hill (2001a, 2001b)).

Specifically, we construct an illusion-diagnostic dataset,
IlluQuant, to measure how easily a model enters and exits
an “illusion-template attractor” and to fit evidence–response
curves, thereby estimating the evidence threshold and re-
sponse slope required for judgment updating. Building on
IlluQuant, we further propose ETdyn75, the evidence strength
at which the fitted psychometric curve reaches 75% of its floor-
to-ceiling transition, as a compact summary of how resistant
a model is to updating its judgment in response to visual
evidence. Through systematic experiments across multiple
VLMs, we move beyond asking whether the phenomenon
occurs to quantifying its magnitude, when it emerges, and
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when it subsides, providing an experimental framework for
understanding the trade-off between priors and evidence in
multimodal models. Our main contributions are as follows.

1. We treat VLMs as “artificial participants,” operationalize
template similarity and visual evidence strength as contin-
uous, controllable variables, and quantify VLMs’ semantic
prior dominance by fitting psychophysical functions.

2. We construct an illusion-diagnostic dataset, IlluQuant,
which consists of two subsets, IlluLadder and IlluScale,
providing a quantitative experimental platform for studying
semantic-over-visual effects.

3. We conduct a human-referenced evaluation of the semantic-
over-visual effect across multiple mainstream VLMs and
further propose an intervention method, MdCoT, to mitigate
this phenomenon.

Related Work
Recent work has extended “hallucination” beyond a purely
linguistic issue to cross-modal mismatches in large vision-
language models (VLMs) (Li et al. (2023) and Pham and
Schott (2024)). Guan et al. (2024) explicitly distinguishes
two typical failure modes: Language Hallucination (drawing
conclusions without visual grounding) and Visual Illusion
(misinterpreting visual input with high confidence). They
further show that answer reversals under slight visual edits can
more sensitively reveal the failure pattern in which language
priors override visual evidence.

Ullman (2024) further treats illusions as a diagnostic tool
by testing “Illusion-Illusions” that should not elicit illusory
responses. They report that when the prompt explicitly states
“this is a visual illusion” (e.g., by prepending a phrase such
as “in the following visual illusion” to the original prompt),
the performance of frontier models under the Illusion-Illusion
and control conditions collapses: models answer almost all
Illusion-Illusions as if they were genuine illusions, exhibiting
a strong semantic-prior-over-visual-evidence effect.

Shinozaki et al. (2025) directly leverages classic visual illu-
sions to probe VLMs’ “perceptual style,” proposing three task
types: Genuine, Fake and Control VQA. The authors note
that some prior studies use non-abstract images, which can
introduce ambiguity in model responses (Guan et al. (2024)
and Shahgir et al. (2024)). A model may appear superficially
competent on genuine illusions, yet on fake illusions it often
follows a pattern of “getting the apparent answer right but
the physical truth wrong,” leading the authors to infer that
some models rely more on illusion-related knowledge learned
during training than on online visual perception.

Overall, prior work has established that vision-language
models perform poorly when challenged by Illusion-Illusions,
reflecting a reasoning mode in which semantic priors override
visual evidence. However, these studies largely lack a more
“psychophysics-style” characterization: how model perfor-
mance varies as a function of visual evidence strength, and
whether the resulting transition can be explained in terms of
a quantifiable degree of semantic prior dominance.

IlluQuant Dataset
Differences in illusion stimulus strength can substantially af-
fect the performance of vision-language models (VLMs). As
illustrated in Fig. 2, scaling the physical magnitude of a key
property (e.g., a 2× vs. 5× enlargement) yields markedly dif-
ferent visual salience.

Illusion Illusion-Illusion-5xIllusion-Illusion-2x

(Level 3)

(Level 1)

(Level 5)

Figure 2: Different stimulus intensities

Based on these, we construct IlluQuant, an illusion-based
stimulus dataset designed to quantify the Semantic Prior Dom-
inance of VLMs. IlluQuant consists of two complementary
subsets: IlluLadder and IlluScale.

IlluQuant includes 11 classic two-dimensional abstract illu-
sion types, which reduces ambiguities introduced by seman-
tic content and 3D cues in natural images. IlluScale covers
all 11 illusion types. Because not every classic illusion ad-
mits a well-matched control stimulus without compromising
task comparability, IlluLadder retains only 8 illusion tasks for
which strict controls can be constructed; the dataset composi-
tion is summarized in Fig. 3.

IlluScale Subset 
 N=11

IlluLadder Subset
N=8

Adelson’s 
shadow

Fick

Zollner

Wundt

White

Sander

Orbison

Muller lyer

JastrowEbbinghaus

Hering

Figure 3: IlluQuant Dataset

Base configurations (Illusion → Illusion-Illusion →
Control). Following the tri-partite stimulus settings used to
probe VLMs with classic illusions—Illusion, Illusion-Illusion
and Control (Shinozaki et al. (2025) and Ullman (2024))—we
treat the transitions between these endpoints as continuous
manipulation axes and discretize them into graded levels. In-
tuitively, Illusion images contain illusion inducers that create a
discrepancy between appearance and physical truth; Illusion-
Illusion images preserve the canonical configuration but make
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the critical property physically consistent with the apparent
percept; and Control images remove the illusion-inducing cues
so that the judgment can be made without the illusion template
being triggered.

IlluLadder (Template-Similarity: Illusion-Illusion →
Control). We discretize the Illusion-Illusion to Control transi-
tion into five ordered similarity levels, denoted as IlluLadder.
As illustrated in Fig. 2, this manipulation progressively re-
duces illusion-inducing cues and contextual information while
keeping the target physical difference fixed. L1 is Control-like,
and L5 is Illusion-Illusion-like. At each level from L5 to L1,
we remove approximately one quarter of the inducers (e.g.,
in Fig. 2, removing 1/4 of the black spheres). This design
enables a graded assessment of how strongly cue availability
drives models toward illusion-template-consistent responses.

IlluScale (Visual-Evidence: Illusion → Illusion-
Illusion). In parallel, we discretize the Illusion to Illusion-
Illusion transition into eight evidence levels (including the
original Illusion at 1.0×).As illustrated in Fig. 2, IlluScale
varies visual evidence strength by manipulating only the mag-
nitude of the underlying physical difference on the target
dimension while keeping the overall inducing configuration
fixed (same inducer set, layout, and styling). Concretely,
starting from the original stimulus (1.0×), we increase the
physical difference with multipliers 1.1×, 1.2×, 1.3×, 1.5×,
2×, 3× and 5×. We choose the 2× condition in IlluScale as
the Illusion-Illusion stimulus, which also corresponds to L5 in
IlluLadder, because it is the smallest multiplier at which hu-
man accuracy reaches near-ceiling overall, ensuring physical-
consistency while minimizing distribution shift. The 3× and
5× conditions are further used to amplify visual evidence and
test whether the model remains locked into the illusion tem-
plate. We noted that the notion of “scale” is illusion-family
specific: for Ebbinghaus-like stimuli it is a size multiplier,
whereas for Zollner-like stimuli it corresponds to a change
in tilt angle. Importantly, within each illusion family, step
sizes are defined on a consistent physical parameterization so
that evidence strength is comparable across levels. This axis
operationalizes how much additional physical evidence is re-
quired for a model to abandon an illusion-template response
and switch to evidence-consistent judgment.

For each image, we additionally provide a standardized
VQA (Visual–Question–Answer) triple: Question specifies
the comparison targets and the decision dimension, Options
defines a discrete answer set to constrain output format (e.g.,
“same/different”, we set each item as a 2AFC judgment to
preserve a binary chance level of 0.5), and Answer gives the
ground-truth label based on physical reality. For example:
Question: “Are the red circle and the blue circle the same
size?” Options: [“Yes, they are the same size.”; “No, they are
not the same size.”] Answer: “No, they are not the same size.”

To examine whether the manipulations in IlluLadder and
IlluScale elicit the expected patterns of human perceptual be-
havior, we recruited 60 undergraduate participants as a human
baseline sample. The participants were ordinary undergradu-

ate students rather than individuals with specialized training
in visual illusions. All participants provided informed consent
prior to the experiment.

The stimulus pool consisted of 40 IlluLadder items and
88 IlluScale items. Eight items are shared between the two
benchmarks (the L5 of IlluLadder is identical to the IlluS-
cale 2× condition), yielding 120 unique 2AFC questions in
total. We then replicated each question five times (120 × 5
= 600 trials) and randomly partitioned the 600 trials into 60
questionnaires, each containing 10 questions. Each partici-
pant completed exactly one questionnaire (10 trials), and by
construction each unique question was answered exactly five
times. Participants completed the task at their own pace, and
no explicit time limit was imposed for each question.

Mean classification accuracy was computed as the primary
outcome measure. Results showed that participants achieved
over 99% accuracy on IlluLadder. In contrast, under IlluS-
cale, mean accuracy at low evidence levels (1.0× and 1.1×)
was approximately 50%, near chance performance, indicat-
ing that the visual evidence at these scales was insufficient
to support reliable judgments. As the scale factor increased,
accuracy rose rapidly and approached 100% by 2×. This fast-
saturating improvement with increasing evidence strength is
consistent with IlluScale’s intended continuous manipulation
of visual evidence, providing behavioral support for the valid-
ity of the dataset design.

Experiment
Our evaluation covers both state-of-the-art proprietary mul-
timodal models—GPT-5.2 (OpenAI (2025)), Gemini-3-
Pro(Google (2025)), and Claude-Opus-4.5 (Anthropic
(2025))—and a representative open-source vision-language
model, Qwen3-VL:32B† (Bai et al. (2025)), to improve repro-
ducibility. To ensure consistency and fairness, all models are
tested under a standardized single-turn VQA protocol without
additional chain-of-thought unless otherwise specified, and
each test instance performs 5-round repeated sampling to ob-
tain robust performance estimates.

Modality Decoupling
To demonstrate that model errors arise from prior interference
rather than deficits in basic capability, we first decouple visual
and language competencies via two controlled settings.

Table 1: Results of VLMs’ Modality Decoupling Experiment.
All metrics are reported in percentage (%).

Model Visual-Control Text-Only

Gemini-3-Pro 95.83 100.00
GPT-5.2 87.50 90.91
Claude-Opus-4.5 100.00 100.00
Qwen3-VL:32B 87.50 92.73

†https://ollama.com/library/qwen3-vl:32b
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Table 2: Performance across IlluLadder levels and average conditional metrics. All metrics are reported in percentage (%). Ac.
denotes accuracy. Illu.MR (Illusion Mention Rate) denotes the probability that the token “illusion” appears in the rationale
(case-insensitive). Ac.Illu / Ac.NIllu are conditional accuracies grouped by whether the rationale mentions “illusion”. Δ

measures the mean illusion-frame penalty, defined as Δ = Ac.NIllu − Ac.Illu.

Model L1 L2 L3 L4 L5 Average Conditional

Ac. Illu.MR Ac. Illu.MR Ac. Illu.MR Ac. Illu.MR Ac. Illu.MR Ac.Illu Ac.NIllu Δ

Gemini-3-Pro 95.83 33.33 75.00 58.33 75.00 79.17 37.50 87.50 29.17 87.50 52.14 100.00 47.86
GPT-5.2 87.50 12.50 79.17 8.33 50.00 50.00 62.50 54.17 45.83 66.67 13.11 93.79 80.68
Claude-Opus-4.5 100.00 20.83 66.67 54.17 50.00 62.50 37.50 87.50 25.00 87.50 40.26 100.00 59.74
Qwen3-VL:32B 87.50 8.33 87.50 20.83 91.67 25.00 83.33 29.17 54.17 41.67 29.90 97.66 67.76

Text-Only (Semantic-Prior Baseline): We provide only
the illusion name and question-options to VLMs (e.g., “Imag-
ine an image of Hering Illusion. Are the two red lines parallel?
Options[Yes, they are parallel. No, they are not parallel.]").

Visual-Control (Visual-Perception Baseline): We input
control images with illusion-inducing cues removed (the con-
trol group, i.e., the IlluLadder-Level1 image set) and question-
options to VLMs.

As shown in Table 1, when only textual descriptions are
provided (Text-Only), all models achieve over 90% accu-
racy on illusion-related knowledge, indicating strong semantic
memory. Under the Visual-Control setting with illusion cues
removed, models also maintain high visual discrimination ac-
curacy (87.5%–100%). Together, these results establish an
“upper bound” for semantic priors and a “lower bound” for
basic visual grounding, supporting the interpretation that the
performance changes observed in subsequent experiments are
driven by illusion-inducing perturbations rather than insuffi-
cient base-level visual capability.

IlluLadder
As the image increasingly resembles an Illusion-Illusion, how
do VLMs gradually fall into a cognitive trap? To quantify
this transition as a function of template similarity, we evaluate
models on the IlluLadder subset of IlluQuant and report mean
accuracy under progressively increasing template similarity.

For each IlluLadder item, the VLM is required to (i) choose
exactly one option from a predefined set (e.g., yes/no) and
(ii) provide a brief rationale. We compute accuracy (Ac.) by
matching the selected option to the ground-truth label. To
quantify explicit illusion framing in rationales, we compute
Illusion Mention Rate (Illu.MR) from the rationale only: it is
1 if the rationale contains the token “illusion” case-insensitive,
and 0 otherwise. We emphasize that Illusion Mention Rate
captures explicit framing as a lightweight surface cue and is
not a definitive indicator of template/script activation.

As shown in Fig. 4 and Table 2, as template similarity
increases (i.e., more illusion-inducing elements are present),
VLMs are more likely to explicitly invoke the “illusion” frame
in their rationales (higher Illusion Mention Rate), while accu-
racy decreases on average. Some models approach chance at
L4, indicating that sufficiently strong illusion cues can system-

Figure 4: Accuracy (Ac.) and Illusion Mention Rate
(Illu.MR) as functions of IlluLadder (L1–L5).

atically bias model decisions even under a structured option-
selection protocol.

Table 2 further reports conditional accuracies aggregated
across levels. The mean accuracy when the rationale does
not mention “illusion” remains near ceiling (approximately
94%–100%), whereas the mean accuracy when the rationale
does mention “illusion” is substantially lower (approximately
13%–52%).This pattern suggests that when a rationale does
not explicitly invoke the “illusion” frame, models tend to an-
swer stably from image evidence; in contrast, once a model
explicitly frames an item as an “illusion” in its rationale, its
decision is more likely to deviate from the visually correct
option, consistent with a shift toward prior-driven or template-
consistent reasoning under the Illusion-Illusion condition. We
summarize this gap as the illusion-frame penalty (Δ) and re-
port the level-averaged value Δ in Table 2.

IlluScale
Once a model falls into a cognitive trap, how strong must
visual evidence become to wake it up? To quantify VLMs’
ability to exit a prior-driven trap, we conduct experiments on
the IlluScale subset of IlluQuant and report mean accuracy
under progressively strengthened physical differences.

As shown in Table 3 and Fig. 5, the human baseline achieves
only 45.36% accuracy at 1.0× (Illusion), indicating that hu-
man judgments are readily biased by the illusion configu-
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Table 3: Accuracy rates at different scale intensities. All metrics are reported in percentage (%). Note that IlluScale-2× is
computed on the full IlluScale subset (including three additional illusion families not in IlluLadder), whereas IlluLadder-L5 is
computed on the 8 shared families only; hence the accuracies in Table 2 and this table are not directly comparable.

Model 1.0× 1.1× 1.2× 1.3× 1.5× 2× 3× 5×

Gemini-3-Pro 100.00 0.00 3.64 5.45 5.45 34.55 58.18 56.36
GPT-5.2 100.00 1.82 12.73 3.64 9.09 32.73 56.36 56.36
Claude-Opus-4.5 82.35 25.93 20.00 25.45 27.78 37.04 36.36 45.45
Qwen3-VL:32B 78.18 14.55 21.82 29.09 38.18 52.73 63.64 67.27

Human 45.36 56.79 75.89 90.32 93.68 99.06 100.00 100.00

Table 4: Psychometric fits and derived metrics for (4PL fitted over 1.1× → 5× with 𝑥 = log(𝑠)). ETdyn75 is the 75% dynamic-
range threshold; AUClog is the normalized area under the curve from log(1.1) to log(5); 𝑝(𝑠 = 5)is the predicted accuracy at
5×. Confidence intervals are obtained by parametric bootstrap (𝐵 = 300). Claude suffers from an extremely wide threshold CI
due to its flat curve and parameters being close to the boundary.

Model Ac.(%) (1.0×) Ceiling 𝑏(%) ETdyn75 AUClog(%) 𝑝(𝑠 = 5)(%)

Gemini-3-Pro 100.00 58.45 2.235 [1.913, 2.838] 36.2 [30.5, 40.6] 58.4 [50.0, 70.7]
GPT-5.2 100.00 71.91 2.610 [2.051, 3.503] 40.8 [35.9, 46.7] 70.8 [60.0, 81.2]
Claude-Opus-4.5 82.35 51.34 2.913 [1.842, 43.216] 34.9 [28.9, 41.9] 44.7 [35.8, 56.5]
Qwen3-VL:32B 78.18 66.42 1.815 [1.499, 2.928] 52.0 [46.5, 57.4] 66.2 [57.5, 76.9]

Human 45.36 100.00 1.192 [1.137, 1.353] 95.8 [94.6, 96.6] 100.0 [99.6, 100.0]

Figure 5: Accuracy as a function of visual evidence strength.

ration. However, as the true physical difference is slightly
amplified, human accuracy rises rapidly: it reaches 90.32%
at 1.3× and saturates at 1.0 after 3×. This monotonic, fast-
saturating pattern is characteristic of psychophysical perfor-
mance curves, supporting that our manipulation of “evidence
strength” reliably increases perceptually accessible visual ev-
idence rather than merely introducing noise or item-specific
bias.

In contrast to humans’ “low start, fast updating”, VLMs of-
ten achieve high accuracy at 1.0× but exhibit a cliff-like drop
in the weak-evidence regime, followed only later by a gradual
recovery as evidence increases (1.1× → 5× ). This asymmet-
ric pattern of “high start, hard updating” suggests that high
scores at 1.0× do not reflect more sensitive perception; in-
stead, these results are more consistent with prior-dominated
behavior: small increases in visual evidence are insufficient

to reverse the response, and only larger amplifications induce
a switch toward evidence-consistent judgments. Because the
chance level in 2AFC is 0.5, traditional psychometric mod-
eling often fixes the lower asymptote at 𝛾 = 0.5. However,
in our experiment the model frequently exhibits 𝑝 < 0.5 in
the 1.1× → 5× range, implying that the standard form with a
hard lower bound of 0.5 is mathematically incapable of cap-
turing the observed data. Therefore, over 1.1× → 5× we fit
proportion-correct using a four-parameter logistic (4PL) psy-
chometric function under a binomial likelihood. Importantly,
we do not log-transform accuracy itself; only the stimulus axis
is log-transformed, with x = log(s).

𝑘𝑠 ∼ Binomial(𝑛, 𝑝(𝑥𝑠)), 𝑥𝑠 = log(𝑠) (1)

𝑝(𝑥) = 𝑎 + (𝑏 − 𝑎) ×𝜎(𝛽0 + 𝛽1𝑥), 𝜎(𝑧) = 1
1 + exp(−𝑧) (2)

with constraints 0 ≤ 𝑎 ≤ 0.5, 0.5 ≤ 𝑏 ≤ 1, 𝛽1 ≥ 0 to ensure
interpretability of the parameters.

In addition, we exclude the canonical condition (1.0×) from
the psychometric fit. The 1.0× condition often corresponds
to classic / in-distribution stimuli and may be affected by tem-
plate triggering or in-distribution matching, thereby violating
the assumption of a monotonic “evidence-strength axis”. Ac-
cordingly, 1.0× is reported separately as CanonicalAcc.

Defining the threshold at 𝑝 = 0.5 corresponds to chance
performance in 2AFC and does not carry the psychophys-
ical meaning of a “discrimination threshold”. To obtain a
threshold that remains comparable across different floors and
ceilings, we adopt a dynamic-range threshold, ETdyn75, de-
fined as the evidence strength required for the curve to reach
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75% of its progress from floor to ceiling:

𝑝∗ = 𝑎+0.75×(𝑏−𝑎), 𝑝(𝑥∗) = 𝑝∗,ETdyn75 = exp(𝑥∗) (3)

Under the 4PL parameterization, this is equivalently the point
where the latent sigmoid term reaches 0.75 and uncertainty
is quantified via a parametric bootstrap: at each scale factor,
we generate 𝑘 ′𝑠 ∼ Binomial(𝑛, 𝑝(𝑥𝑠)) using 𝑝(𝑥𝑠), refit the
model, and repeat for 𝐵 = 300 replicates; the 95% confidence
interval is constructed from the 2.5th and 97.5th percentiles.

Table 4 reports the fitted ceiling 𝑏, the dynamic thresh-
old ETdyn75 with 95% CIs, the normalized area under the
curve on the log-evidence axis (AUClog), and the predicted
performance at 5×, 𝑝(𝑠 = 5). Overall, the human curve
exhibits a high ceiling (near 100%) and a low threshold (ap-
proximately 1.19x), while maintaining a large area across the
evidence range (AUC close to 100%). In contrast, the models
show substantially lower ceilings than humans (near 51%–
72%) and markedly smaller AUC values; even at 5×, pre-
dicted accuracy spans roughly 45%–71%, i.e., remains near
chance for several models and stays far below human-level
performance. These results indicate that humans reach reli-
ably high accuracy with mild evidence amplification (around
1.2× ) and rapidly approach the ceiling, whereas multimodal
models—despite often outperforming humans at the canon-
ical condition (1.0×)—are highly fragile to slight geometric
perturbations (1.1× ), exhibiting systematic below-chance er-
rors, and subsequently recover only partially with increasing
evidence while remaining capped by a limited ceiling.

By adopting a 4PL psychometric function that allows
floor < 0.5 and using the dynamic threshold ETdyn75, we
can statistically disentangle and quantify “recovery capacity”
(AUClog), and the “attainable upper limit” (ceiling). This
enables a more rigorous characterization of the resistance to
updating visual evidence under the influence of semantic pri-
ors or template attraction.

Intervention Method
In the preceding experiments, we observe that VLMs of-
ten exhibit a semantic-prior-over-visual-evidence pattern on
Illusion-Illusion stimuli. To mitigate this effect, we propose
MdCoT (Modality Decoupling Chain of Thought), a two-
stage prompting strategy inspired by CoT (Shao et al. (2024),
Wei et al. (2022), and Z. Zhang et al. (2024)) that explic-
itly separates textual reasoning from visual grounding. Con-
cretely, in Stage 1 we withhold the image and ask the model
to describe a step-by-step procedure for solving the task given
only the question (i.e., “how to decide”). In Stage 2 we then
provide the image and require the model to answer by follow-
ing its own previously produced procedure. This design aims
to reduce immediate template retrieval triggered by the visual
configuration and to encourage an explicit evidence-checking
process when the image becomes available.

Building on this benchmark, we evaluate MdCoT, a two-
stage prompting strategy that consistently improves perfor-
mance on Illusion-Illusion stimuli. This improvement is con-
sistent with reduced template-consistent responding, although

Table 5: Effect of prompting intervention on Illusion-Illusion
accuracy. All metrics are reported in percentage (%). Illu-Illu
corresponds to IlluScale 2× over all 11 illusion. Human(Ref)
is shown for reference only and is not included in MdCoT or
Δ. Δ(%) = AccMdCoT−AccIllu-Illu

AccIllu-Illu
× 100%.

Model Illu Illu-Illu MdCoT Δ

Gemini-3-Pro 100.00 34.55 47.06 ↑36.21
GPT-5.2 100.00 32.73 58.18 ↑77.76
Claude-Opus-4.5 82.35 37.04 52.73 ↑42.36
Qwen3-VL:32B 78.18 52.73 69.09 ↑31.03

Human(Ref.) 45.36 99.06 - -

the present results do not isolate the underlying mechanism.
As shown in Table 5, the relative gain Δ exceeds 30% for all
four models. However, even after MdCoT, all models remain
far below human performance at the matched 2× condition
(99.06%), indicating that this particular intervention allevi-
ates the effect but does not eliminate it.

The core mechanism of MdCoT can be interpreted as a form
of chain-of-thought with modality decoupling. By withhold-
ing the image during the initial reasoning phase,it may reduce
immediate bottom-up priming effects where visual configu-
rations trigger semantic templates. This intervention appears
to reduce the model’s tendency to automatically retrieve illu-
sion templates. However, the residual performance gap after
MdCoT suggests that this particular reasoning-based interven-
tion is insufficient to fully eliminate the influence of semantic
priors, stronger visual verification or additional grounding
mechanisms may be needed.

Conclusion
We treat large vision–language models as artificial subjects
and examine a failure mode: even as visual evidence is
gradually strengthened, models can remain pulled toward re-
trievable semantic templates/priors, leading to systematic bi-
ases. To study this, we introduce IlluQuant, where IlluScale
modulates visual evidence strength and IlluLadder modulates
template similarity, turning the classic discrete “illusion vs.
control” evaluation into psychophysics-style curve analysis.
Based on these curves, we derive a set of robust, curve-based
quantitative measures (e.g., curve shape, dynamic range, and
threshold points) to compare how different models transition
between semantic prior dominance and evidence-based cor-
rection, and how recoverable they are as evidence increases.
Building on this benchmark, we propose MdCoT, a two-stage
prompting strategy that weakens template attraction by first
externalizing the decision procedure and then enforcing evi-
dence checking; experiments show consistent gains over the
Illusion–Illusion baseline but do not fully eliminate prior lock-
in, suggesting that future work should incorporate stronger
visual verification and mechanisms for calibrating the balance
between priors and evidence during inference and training to
achieve more reliable multimodal grounding.
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