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Abstract

Recent advances in multimodal large language models
(MLLMs) have yielded increasingly powerful models,
yet their perceptual capacities remain poorly charac-
terized. In practice, most model families scale lan-
guage component while reusing nearly identical vision
encoders (e.g., Quen2.5-VL 3B/7B/72B), which raises
pivotal concerns about whether progress reflects genuine
visual grounding or reliance on internet-scale textual
world knowledge. FExisting evaluation methods empha-
size end-task accuracy, overlooking robustness, attribu-
tion fidelity, and reasoning under controlled perturba-
tions. We present The PERCEPTUAL OBSERVATORY ,
a framework that characterizes MLLMSs across verticals
like: (i) simple vision tasks, such as face matching and
text-in-vision comprehension capabilities; (ii) local-to-
global understanding, encompassing image matching,
grid pointing game, and attribute localization, which
tests general visual grounding. Fach vertical is instan-
tiated with ground-truth datasets of faces and words,
systematically perturbed through pizel-based augmenta-
tions and diffusion-based stylized illusions. The PER-
CEPTUAL OBSERVATORY moves beyond leaderboard ac-
curacy to yield insights into how MLLMs preserve per-
ceptual grounding and relational structure under per-
turbations, providing a principled foundation for ana-
lyzing strengths and weaknesses of current and future
models.

1. Introduction

Multimodal Large Language Models (MLLMs) are
ubiquitous for tasks such as captioning, VQA, OCR-
centric reasoning, document understanding, accessi-
bility, robotics, and multi-image dialogue [1, 3, 7, 9,
29, 31]. Public leaderboards (e.g., MMBench, MM-
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Figure 1. Overview of The PERCEPTUAL OBSERVATORY
and how it solicits understanding of opaque MLLMs per-
ceptual understanding by measuring properties motivated
by human visual perception and robustness against multiple
axes. We illustrate the framework for properties revealing
true perceptual understanding of MLLMs

MU/Pro; TextVQA; VizWiz; SEEDBench; POPE;
MATHYVista) mostly report end-task accuracy [16, 26—
28, 30, 32, 33, 41, 53]. However, outstanding bench-
mark performance does not guarantee robust percep-
tion — defined as the fundamental ability to faithfully
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understand and interpret visual details, maintain ob-
ject identity, and spatially ground independent of lin-
guistic reasoning. Without this, models can exploit
textual priors, miss identity under perturbations, or
fail to localize evidence.

Modern MLLMs scale the language side while leav-
ing vision encoders frozen or lightly adapted via com-
pact bridges (Qwen2.5-VL-family, Gemma3-family, Q-
Former, Perceiver resampler, MLP /linear projectors)
[3, 31, 42, 43]. This raises the question of whether the
gains are due to better visual or better textual capa-
bilities? Decades of vision research warns that mod-
els can rely on shortcuts; language priors in VQA or
texture bias in CNNs masks poor perceptual ground-
ing [2, 13, 15]. Furthermore, while web-scale pretrain-
ing increasingly obscures the boundary between In-
distribution (ID) and out-of-distribution (OOD) data,
foundational robustness studies demonstrate that accu-
racy can precipitously decline under even modest cor-
ruptions or distribution shifts [5, 19, 22]

Based on human-cognitive behaviour, where per-
ception remains robust across stylistic variations and
environmental noise [12, 25, 48, 49], we probe the
depth of machine seeing against these biological stan-
dards. We then ask: (Q1) Do MLLMs preserve iden-
tity under content-preserving ID corruptions and under
OOD stylized images? (Q2) Are predictions positional-
invariant when the same content moves in a grid? (Q3)
Do models ground attributes where they belong, and
does giving hints improve transfer? (Q4) Does scaling
primarily on the language side yield monotonic per-
ceptual gains when the vision encoder is fixed? (Q5)
Does enabling <think> mode materially facilitate per-
ception, or just the narrative? (Q6) Are there fairness
gaps across subpopulations (e.g., gender, race, lighting,
texture) under shifts?

For addressing the aforementioned research ques-
tions, we introduce The PERCEPTUAL OBSERVATORY ,
a holistic evaluation suite that measures how MLLMs
see. We probe with (i) ID augmentations and (ii) OOD
stylized illusions [18] images produced by diffusion with
spatial control (Stable/Latent Diffusion + ControlNet)
that alter appearance while preserving layout, letting
us disentangle perception from priors [38, 54]. Tasks
target complementary skills: identity matching (ro-
bustness to perturbations vs. distractors), grid point-
ing game (spatial invariance), and attribute localiza-
tion for semi and fully guided settings [10] towards
common-sense reasoning [11] assessment. We summa-
rize our contributions as follows:

e We propose The PERCEPTUAL OBSERVATORY :
A principled framework that evaluates percep-
tual robustness and vision-language grounding be-

yond tradition benchmark performance, highlight-
ing whether failures stem from visual or textual ca-
pabilties.

e We consolidate simple, interpretable properties of
MLLMs like identity robustness, spatial invariance,
attribution fidelity, fairness gap, scale consistency,
and effects of <think> mode to reveal how answers
are grounded.

e To enable further research in this area, we also pro-
vide a scalable pipeline to generate ID corruptions
and OOD stylized illusions (diffusion+ControlNet)
that preserve spatial layout while confounding ap-
pearance.

e Finally, we provide a comprehensive analysis of
three leading open-source MLLM families. We
demonstrate that scaling the language model with-
out proportional adaptation of the vision encoder
results in systematic robustness gaps under distribu-
tion shifts, thereby pinpointing the methodological
bottlenecks that future research must address.

2. Related Works

With the recent wave of MLLM families such as
Qwen2.5-VL [43], Gemma3 [42], InternVL3.5 [51], etc.,
has dramatically pushed the boundaries of visual per-
ception. The large-scale models have frozen or lightly
adapted vision backbones such as ViT [g8], SigLIP
2 [46], CLIP [36]. The early evaluation of these models
has emphasized end-task accuracy. Benchmarks such
as MMBench [32] and MMMU [52] extend text-centric
evaluation to vision language understanding, offering
huge collections of diverse QAs (c.f. MMLU [20]). Yet,
these efforts lack perceptual understanding with lan-
guage priors, leading to the question of whether the
high scores on the benchmarks arise from the visual
grounding or from the textual reasoning.

The computer vision community has long high-
lighted the fragility of models under distribution
shifts [19, 21]. Analogous concerns have emerged for
MLLMs. Experiments in abstract shape recognition
show that VLMs often rely on texture or contextual
clues rather than true shape understanding [18]. Sim-
ilarly, [17,39, 40, 55, 56] construct optical illusions and
misleading visual scenarios. These works show that
MLLMs are easily misled, as they capture end-task ac-
curacy aided by prompting techniques to improve un-
derstanding, yet do not close the gap to human per-
formance without explainability. Another flaw is that
the models may have already been trained on certain
popular illusions, such as Salvador Dali’s painting [35].
QAs such as CLEVR [23] and Winoground [44] reveal
that models fail to reason on spatial relations and sub-
tle changes [47].



Beyond QA, VLMs may produce correct answers
while attending to irrelevant regions, highlighting poor
vision-language disentanglement. Thus, robust multi-
modal understanding requires attribution localization.
Recent MLLMs predict bounding boxes for attributes,
enabling explicit evaluation, but localization under dis-
tribution shifts for perturbations and illusion remains
scarce.

While these prior benchmarks demonstrate critical
weaknesses — language-prior exploitation, fragility to
corruption, distribution shifts, and poor grounding —
they traditionally examine one dimension at a time.
The PERCEPTUAL OBSERVATORY fills this gap by pro-
viding a unified, property-driven assessment of MLLMs
across robustness, grounding, and spatial reasoning
with controlled low-level augmentations and high-level
style-transfer illusions with tasks that explicitly mea-
sure identity preservation, spatial invariance, and attri-
bution fidelity. Our OBSERVATORY yields a foundation
for holistic insights for perceptual strength and weak-
nesses of MLLMs.

3. Perceptual Observatory

The PERCEPTUAL OBSERVATORY is a suite of assess-
ments that characterizes multimodal LLMs across four
axes: robustness, in-context adaptation, relational vi-
sion, and vision-language alignment as summarized
in Figure 1. Unlike accuracy-only benchmarks, it ex-
amines how models perceive: whether they maintain
identity under perturbations, transfer grounding across
views, resist distractors, preserve spatial structure, or
rely disproportionately on textual priors.

The framework is motivated by principles from
perception and cognition, including feature integra-
tion [45] and structure mapping [14], which empha-
size local-to-global organization and relational reason-
ing. We instantiate the Observatory in two canonical
domains, face recognition and text-in-vision. Then ex-
pose models to controlled perturbations comprising (i)
pixel-based augmentations (blur, jitter, noise, etc) and
(ii) style-transfer based augmentations “illusions” gen-
erated via Diffusion [37]+ControlNet [54].

The PERCEPTUAL OBSERVATORY then evaluates pa-
rameter scales, and decoding modes across model fami-
lies, yielding comprehensive perceptual profiles captur-
ing robustness behavior, fairness gaps, vision-language
alignment, and sensitivity to perturbations. These in-
sights enable principled comparison and selection of re-
liable MLLM candidates.

3.1. Problem Statement

MLLM Characterization. We aim to evaluate how
a pretrained multimodal LLM f behaves under con-

trolled visual perturbations. Each sample in our
dataset is a tuple (z,y,b), where = is an image, y is
its label (identity or word), and b contains any avail-
able ground-truth attribute boxes. For a perturba-
tion ¢ drawn from a transformation set 7, the model
is queried on the modified image ' = ¢(z). For a
given property P (e.g., identity matching, attribute lo-
calization), we collect the model’s outputs relevant to
that property and measure performance with a task-
specific metric M. This formulation is task-agnostic
and accommodates robustness, in-context adaptation,
relational vision, and vision-language alignment.

Benchmark Datasets. We build two datasets with
labeled attributes: (i) CELEB ', a collection of
celebrity faces with identity labels and bounding boxes
for eyes, nose, and mouth; and (ii) WORD, a set of
synthetically rendered “text” images with ground-truth
labels and bounding boxes marking the text span.

Perturbations. Each dataset has two corresponding
sets of perturbed images: (i) Augmentations (Tiq), con-
sisting of 15 pixel-level transformations such as blur,
jitter, and noise; and (ii) Hlusions (Tood), 15 stylized
transformations, which alter appearance while preserv-
ing spatial layout. For each image x, we sample a trans-
formation t from either set to obtain 2’ = ¢(x). The
complete set of inputs considered in our evaluation is

T = {Org} UTia U Tood
where Org denotes the unperturbed original image x.

3.2. In-Context Formulation

We frame all evaluations as in-context prediction. A
model f is conditioned on a support example S an im-
age together with a prompt (and, when relevant, text
annotations) and must answer a query ). Unless other-
wise specified, the support is the original image 2(°8).

Image Matching

Option A OptionB ' Option C Option D
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Figure 2. Image Matching: the model selects the candi-
date, matching the support image. (Supp Sec: Prompt A
Prompt B, Prompt C
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Task 1: Image Matching. The model is shown a
support image and must choose which element in a
four-way query set depicts the same entity. As illus-
trated in Figure 2 (see Irmage Matching), the query set
contains four images arranged as Option A-D in the
figure:

1) the correct match (option B in figure), a per-
turbed version of the support entity (e.g., blurred, styl-
ized, or otherwise transformed); 2) an out-of-context
sample drawn from the other domain (face vs. text)
(option D); 3) two distractors (option A & C), chosen
as near neighbors CLIP-based nearest faces or words
with 41 character edits).

Given support S and candidates {A,B,C,D}, the
model must output the correct option choice.

Grid Pointing Game
Query Set-1
10,0] 1011/

Query Set-2
[0,0] [0,1]

M

Figure 3. Grid Pointing Game: the model identifies the grid
position containing the Org image. (Supp Sec: Prompt D
Prompt E, Prompt F

Task 2: Grid Pointing Game. The model is given
a support image and a 2 x 2 collage (not limitated to) in
which the original image xﬁorg) (correct option [0,1]
in query set-1 and [1,1] query set-2) is placed at one
of four positions ¢; the remaining three cells contain
distractors or out-of-context samples (constructed as
in Task 1). As shown in Figure 3, the model must
point to the location containing the original image by
predicting /. Each entity appears once in every grid
position across query sets.

Task 3: Attribute Localization. For an entity e
with attributes A and ground-truth boxes {b.,}, the
model is given a support image (with one or more an-
notated boxes) and must predict the corresponding at-
tribute boxes Beﬁa(t) on a perturbed query image ;v((at).
As shown in Figure 4, the task evaluates how well the
model preserves spatial and structural information un-
der appearance changes.
We consider two variants:
a Semi-guided (one-hint): the support provides a
single attribute box, and the model must infer the
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Figure 4. Attribute Localization: the model has to iden-
tify attribute information from the support image to the
perturbed query. Semi-guided: (Supp Sec: Prompt J,
Prompt L); Guided: (Supp Sec: Prompt I Prompt H,
Prompt K, Prompt G)

remaining attributes, probing spatial commonsense.
b Guided (full-hints): the support provides all at-

tribute boxes, and the model must transfer them to

perturbed views probing perceptual consistency.

3.3. Properties

We evaluate both the perceptual robustness of MLLMs
and their vision-language alignment. FEach property
corresponds to an intuitive behavioral goal and a sim-
ple quantitative metric.

Identity Matching Robustness. Used for Im-
age Matching and Grid Pointing Game across both
datasets. A robust model should preserve entity iden-
tity under id and OOD perturbations. We measure
the accuracy drop A = Acc(x°*®) — Acc(z!), where
t ~ Tig U Tood- Smaller values indicate stronger iden-
tity tracking.

Gender Bias. Evaluated on CELEB for all tasks.
A fair model should perform similarly on male and fe-
male identities. We compute GAP = Z); — Zp, using
IoU or accuracy depending on the task. Low magni-
tude of GAP indicates gender-neutral behavior.

Invariance to Spatial Arrangements. Specific
to the Grid Pointing Game. A position-invariant model
should not rely on the grid location of the correct
image. For per-position accuracies Acct, we report
Gap, = maxy Acc’ — ming Acc’. Smaller spreads re-
flect stronger spatial invariance.

Scale Consistency. Evaluated across all tasks and
datasets. As model size increases within a family,
scores Zj should improve monotonically with param-
eter count N,. We summarize the average gain per
parameter doubling. Positive trends indicate scalable
perceptual grounding.

Thinking Superiority. Evaluated across all tasks
and datasets. Reasoning-enabled decoding (<think>
mode) should enhance perceptual performance. For
matched settings, we compute Athink — z<think> _



Zvase  Positive values indicate that chain-of-thought
decoding benefits recognition and grounding.

Salient Perceptual Understanding. Used for
Attribute Localization (Task 3). A strong model
should preserve salient structure when localizing at-
tributes. (a) Semi-guided: we measure the gain from
providing one hint, probing spatial commonsense. (b)
Guided: we evaluate transfer retention (TR),

mIOUguidcd (t)

TR(t) =
R( ) mIoUguided(Org)’

which tests whether full supervision transfers to per-
turbed views. High TR indicates stable perceptual lay-
outs under id and OOD shifts.

4. Experiments

4.1. Dataset

We construct a two-part benchmark to probe percep-
tual abilities of multimodal LLMs (MLLMs). CELEB
contains 1,000 celebrity face images with gold bounding
boxes for key features (eyes, nose, mouth), derived from
MediaPipe [34] and authors manually verified 10% of
the samples and achieved 98% IoU w.r.t gold. WORD
consists of ~267K procedurally rendered words across
21 semantic categories, rendered under diverse fonts,
casings, positions, and rotations, yielding >1M unique
images with exact ground-truth bounding boxes.

To study robustness, we apply two perturbation
families: (1) Tiq - content-preserving linear augmen-
tations (using Albumentations [6]), and (2) Tood -
style/illusion perturbations using ControlNet [54] and
Stable Diffusion [37]. Each image has 15 Tiq variants,
15 Tooq variants, and the original, yielding 31K images
per dataset and 62K in total.

Further implementation details (augmentation lists,
prompt templates, scaling factors) are provided in the
supplementary material.

4.2. Implementation

MLLMs setup. We use a variety of MLLMs,
including 3  distinct model families: (1)
Qwen2.5-VL-(3B/7B/72B)-Instruct [4, 43, 50],
(2) Gemma-3-(4B/12B/27B)-Instruct [42], and (3)
InternVL3.5 “-(8B/14B)-(Instruct/Thinking) [51].
The selection was strategically designed to cover a
broad spectrum and avoid single evaluation. The key
factors included a suite of parameter sizes, distinct
model architectures, reasoning capabilities, multi-
image inputs, and date of release. All experiments
were conducted on HPC clusters equipped with
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NVIDIA 4xH200s with 144GB and 4xH100s with
80GB VRAM, utilizing PyTorch, Huggingface, and
the vLLM [24] framework. We maintained a constant
temperature of 0.2, top_p of 0.95, and top_k of 32
throughout our experimentation.

5. Results & Discussion

As a preview of our results that we will describe in de-
tail, we establish four consistent themes across prop-
erties defined in §3.3: (1) WORD tasks are near-
saturated in-distribution and retain accuracy under
shift, whereas CELEB tasks degrade sharply out-
of-distribution. (2) Scaling primarily benefits OCR,
pointing, and guided localization, but does not guar-
antee robustness to identity-preserving perturbations.
(3) LM-side capacity (decoder depth/width, projec-
tor dimension) drives most of the gains, since the vi-
sion encoder is held fixed. (4) Decode-time reasoning
(<think>) enhances clean/ID performance but reduces
transfer retention on faces. Humans achieve near-
ceiling accuracies, highlighting that gaps are model-
driven rather than dataset artifacts.

5.1. Identity Matching Robustness

Avg Robustness (Male vs Female) Mouth Robustness (Male vs Female)

CELEBTask3(a) CELEB Task3(a)

Tood Robustness
o
.

S ©

Tia Robustness Tia Robustness

Figure 5. Left figure demonstrates Multidimensional In-
sights for Task 3(a) across all attributes (eyes, nose,
mouth), gender gap, robustness on ID vs. OOD for CELEB
. Whereas right figure provides fine-grain insights for a spe-
cific attribute: mouth.

Table 1 depicts A under Tiq and Tooq. Three ro-
bust trends emerge: (i) ID augmentations (blur, noise,
etc.) produce negligible loss and occasionally improve
accuracy. (ii) OOD illusions disproportionately harm
mid-scale models (7-14B), along with larger MLLMs
(Qwen-72B, Gemma-27B) fail to retain higher robust-
ness. (iii) Robustness is non-monotonic: e.g., Gemma-
12B is more brittle than Gemma-4B, highlighting that
methodological flaws can outweigh scale. Grounding
in Table 1 similar trends can be inferred for WORD
across Org/ID/OOD. Human annotators exceed 95%



Table 1. Table summarizes robustness of MLLMs for ID vs OOD across both dataset across all task, here Task3(b) is dubbed

as Task 3. A refers to difference between current vs smallest among family ex: Qwen7B — Qwen3B,

between thinking (<T>) vs non-thinking.

and also difference

CELEB WORD
Task1l Task2 Task3 Task1l Task2 Task3
# Org Ta  Tooa Org  Tia  Tooa Org  Ta  Tooa Org Tia  Tooa Org  Tia  Tooa Org  Tia  Tood
Quwen 2.5 - VL
3B 33.66 29.57 22.57 25.00 24.95 24.98 90.57 90.23 85.33 21.00 25.66 24.66 25.75 25.53 25.08 97.54 97.48 95.35
7B 78.21 80.52 10.00 64.75 65.66 29.81 99.65 99.17 16.52 75.00 76.26 19.33 43.75 47.43 36.33 99.99 99.95 54.39
A 44.55 50.95 -12.57 39.75 40.71 04.83 09.08 08.94 -68.81 54.00 50.60 -05.33 18.00 21.90 11.25 02.45 02.47 -40.96
72B  51.48 65.10 31.61 98.25 98.66 48.40 99.99 99.93 39.65 56.00 64.06 36.80 87.75 88.40 47.06 98.64 97.97 50.55
A 17.82 3553 09.04 73.25 73.71 23.42 09.42 09.70 -45.68 35.00 38.40 12.14 62.00 62.87 21.98 01.10 00.49 -44.80
Gemma 3
4B 24.75 30.09 25.67 45.00 47.10 28.85 99.83 99.72 61.92 23.00 27.66 29.20 46.25 45.56 29.56 99.99 99.99 99.69
12B  55.44 67.98 32.34 84.75 84.44 40.03 99.54 98.47 51.86 66.00 65.46 30.53 64.50 64.93 40.68 99.99 99.99 99.28
A 30.69 37.89 06.67 39.75 37.34 11.18 -00.29 -01.25 -10.06 43.00 37.80 01.33 18.25 19.37 11.12 00.00 00.00 -00.41
27B 78.21 84.35 43.16 71.50 68.63 31.40 99.58 97.38 25.86 96.00 93.20 32.13 69.00 67.50 38.46 99.99 99.99 80.27
A 53.46 54.26 1749 26.50 21.53 02,55 -00.25 -02.34 -36.06 73.00 65.54 02.93 2275 21.94 08.90 00.00 00.00 -19.42
InternVL 3.5
8B 18.81 23.56 26.86 81.75 79.71 36.56 99.99 99.99 66.84 13.00 19.11 26.20 47.00 44.53 27.31 99.99 99.99 99.64
—<T> 03.96 13.53 1597 29.25 31.73 26.66 96.99 95.50 17.79 08.00 12.99 13.40 06.25 06.33 09.56 72.99 66.76 47.82
A -14.85 -10.03 -10.89 -52.50 -47.98 -09.90 -03.00 -04.49 -49.05 -05.00 -06.12 -12.80 -40.75 -38.20 -17.75 -27.00 -33.23 -51.82
14B  27.72 40.66 26.66 98.50 97.91 47.08 49.41 53.39 52.34 34.00 37.86 26.73 71.25 72.40 43.55 98.61 98.12 95.42
—<T> 27.72 35.77 27.19 89.25 92.53 51.18 85.04 81.49 11.17 27.00 33.13 28.46 44.00 44.59 49.41 99.22 97.30 92.89
A 00.00 -04.89 00.53 -09.25 -05.38 04.10 35.63 28.10 -41.17 -07.00 -04.73 01.73 -27.25 -27.81 05.86 00.61 -00.82 -02.53
Human
100 100  89.11 100 100 87.55 95.66 93.22 81.88 100 100 83.86 100 100 79.98 99.99 99.99 99.99
/ CELEB Task2 T oq WORD Task 2 Ty % WORD Task2 Tood
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Figure 6. Multidimensional insights for Task 2, accuracy vs. position gap across perturbation, across datasets, this figure

reveals majority of the models suffer under OOD setting with high gender gap suggesting sensitivity to grid position.

across all conditions, establishing an empirical ceiling.

5.2. Invariance to Spatial Arrangements

In the Grid Pointing Game, Figure 6 reveals in-
sights that several models show pronounced positional
biases, with gap spreads (§ 3.3) exceeding approz.
50 — 90% for small-to-large MLLMs. For CELEB,
only InternVL-3.5-8B-thinking has the least po-
sition bias, but also has the worst accuracy, de-
picting that, thinking doesn’t facilitate in seeing.
Even for simple WORD, models (Qwen2.5-VL-72B &

InternVL-3.5-14B) which seem to be in “ideal zone”
tend to fail as we switch from ID to OOD this sug-
gest stylistic change were not incorporated by language
understanding, as vision encoder was never aligned
jointly. Larger decoders reduce Gap, on WORD but
only partially on CELEB, confirming that the encoder,
regulate spatial invariance.

5.3. Gender Bias in CELEB

Figure 5 (a) and Figure 6 provide a visualization to un-
derstand gender bias (depicted as line between round



and square marker; larger line depicts huge gender
bias) in MLLMs along with assessing other axes like
robustness for OOD vs. ID. As depicted in Figure 6,
models like InternVL and Gemma have gender bias, es-
pecially for Gemma-12B where-in the model goes from
low position gap to worst when gender is changed from
male to female.

One can observe in Figure 5 that for Task 3(a):
Semi-guided attribution task, most models have gender
bias, when analyzing with fine-grain lens, example: just
for Attribute: mouth; models become much worse (Ex:
Qwen2.5-VL-3B & 72B, Gemma-12B). Due to the visual
backbone being unchanged across sizes, we hypothesize
that, gains arise from stronger cross-modal calibration
in the textual space rather than visual. Nonetheless,
asymmetries persist without explicit debiasing.

5.4. Scale Consistency

Table 1 summarizes scale-consistency, i.e. just
scaling the language model may not be the right
way to improve performance, as Qwen(3B—7B),
InternVL(8B—14B) , and Gemma(4B—12B—27B) per-
formance is improved drastically on Task 1: (Org, Tia)
for CELEB & WORD, whereas further scaling col-
lapses the Qwen to 72B performance. Contrary, for
Task 1: (7o0a) the model performance is either half
of the Org, Tiq; or its smaller variant. This suggests
that the models rely on the training “world knowledge”
rather than focusing on “visual cues”. This clearly ne-
cessitates the need for joint alignment of both vision-
encoder and language-decoder for scaling.

5.5. Task-Level Grounding

Task-3 (Attribute Localization). Figure 5
Task 3(a) shows no models are even close to the Ideal
Zone (High IoU for Tig, Tooa). Even from Table 1
Task 3(b), a simply cognitive task of attribute tran-
scription, larger models perform poorly compared to
smaller counter parts. Mouth Localization. Figure 5
highlights that ID distributions peak at high IoU, but
OOD shifts the distribution with a low-IoU for almost
all models, but especially all InternVL variants suffer
from OOD distribution change. This corroborates our
spatial-invariance findings.

5.6. Thinking Superiority

We assess, whether <think> mode actually thinks? Ta-
ble 1 Task 1,2,3(b), InternVL-3.5-8B-thinking fails
on all tasks compared to its non-thinking variant, as
highlighted in red color. InternVL-3.5-14B-thinking
also follows similar trends of poor performance com-
pared to the non-thinking variant. Figure 5 shows
that for attribute: mouth, the thinking variant of
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Figure 7. Celeb chain length vs. outcome. Histogram (log-
y) of <think> token length for cases where reasoning fizes
vs. fails. Top: Org fixes vs. fails. Bottom: Tooa fixes vs.
fails.

InternVL has the lowest robustness compared to
other non-thinking models. Moreover, Figure 6
InternVL-3.5-8B-thinking has the lowest position-
gap for WORD, but of no use as the accuracy is very
poor (below 10%). Also, for CELEB, it has more
gender-bias compared to its non-thinking counterpart.

Reasoning chain length. Figure 7 shows that on
Org, successful fixes concentrate at short reasoning
chain lengths, while failures still do occur when op-
erating with chain length ~ 2000 tokens. Contrary,
for Tood, rare fixes appear in longer-chain tails, and
the model most of the time gives up during the early
stage of reasoning with high confidence, suggesting
over-reliance on textual knowledge compared to visual.

5.7. Salient Perceptual Understanding

From Figure 5, we observe that on Task 3(a), al-
most all models suffer in spatial-common sense under-
standing, i.e, given “nose” or “top-left-corner” coords,
models struggle to identify other attributes which are
spatially very near. Transfer retention drops for sim-
ple cognitive tasks like guided transcription and semi-
guided attribute localization on CELEB & WORD for
Tood- We demonstrate other multi-dimensional vulner-



abilities like gender-bias, spatial-invariance, robustness
to OOD samples, scaling effects, and true performance
of <think> mode of current MLLMs using Figure 6 &
Figure 5.

5.8. Human Baseline

To contextualize model performance, we conducted
a human study on both CELEB and WORD. For
each dataset, 100 samples were randomly chosen and
evaluated across all three tasks (§3.2) by two annota-
tors, achieving an average inter-annotator agreement
of 94.5%.

As shown in Table 1, humans achieved near-perfect
accuracies (> 95%) on identity and spatial tasks, with
only mild degradation under 7,,q perturbations. On
attribute localization, annotators retained high per-
formance (81% mlIoU in the most challenging guided-
perturbation setting), even in the semi-guided case.

These results establish the empirical upper bound:
the tasks are perceptually tractable for humans, and
gaps in robustness, spatial invariance, or grounding can
be attributed to limitations of current MLLMs rather
than dataset artifacts.

6. Limitations

While the PERCEPTUAL OBSERVATORY provides a
principled framework for assessing MLLMs, several
limitations remain. First, the evaluation is restricted to
two domains (faces and synthetic words), limiting con-
clusions about broader perceptual generalization. Sec-
ond, human annotations for illusions were verified only
on a subset, and baselines were derived from a small
sample with few annotators, which constrains statis-
tical robustness. Third, fairness analysis focused on
gender, leaving other social factors such as skin tone
unexplored. Fourth, experiments were limited to open-
source models for transparency and feasibility, exclud-
ing closed-source systems. These choices were deliber-
ate to ensure tractability and interpretability, but ex-
panding datasets, annotations, social dimensions, and
model coverage remains an important direction for fu-
ture work.

7. Conclusion & Future Work

This work introduced The PERCEPTUAL OBSERVA-
TORY , a principled framework for holistic evaluation of
visual capabilities of MLLMs, by combining controlled
pixel-based augmentations along with diffusion-based
styled illusions, and by evaluating tasks spanning iden-
tity matching, grid-based spatial reasoning, and at-
tribute localization. This Observatory moves beyond
traditional leaderboard benchmarks. Our proposed

property and insights lay the foundation for robustness,
failures arising from vision encoders, language decoder
scaling, and reasoning capabilities that reveals inherent
flaws in grounding and fairness across model families
and sizes. We observed, scaling language decoders does
not guarantee monotonic gains in visual grounding and
hinders the visual understanding under OOD distribu-
tion shifts. These insights showcase the importance of
evaluating how models “see”; not only how well they
answer, and provide actionable insights for designing
next-generation multimodal models.

To extend the impact of the PERCEPTUAL OBSER-
VATORY , we aim to broaden the dataset scope be-
yond celebrity faces and synthetic words to more di-
verse visual domains. This will enable more compre-
hensive and holistic evaluation of multimodal models’
visual strengths and weaknesses. Furthermore, the
expanded dataset will serve as a foundation for joint
vision-language alignment. Instead of scaling only the
language component, we propose a joint optimization
framework that simultaneously scales both vision and
language components. Leveraging reinforcement learn-
ing for post-training, we will use the property-based
metrics defined in this work as rewards. This approach
ensures that vision is given equal importance, poten-
tially improving alignment and robustness.

Additionally, we identify the need for a deeper eval-
uation of reasoning chains in MLLMs. While our anal-
ysis touched on reasoning-enabled decoding, there is
currently no standard metric for evaluating reasoning
quality. Future work will develop and incorporate such
metrics to provide a clearer understanding of how rea-
soning chains contribute to model performance and ro-
bustness.
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8. Dataset Details
8.1. CELEB

We sample 1,000 celebrity face images for facial fea-
ture attribution. Bounding boxes for left/right eyes,
nose, and mouth are computed using MediaPipe. To
validate reliability, the first and second authors man-
ually annotated 10% of images, achieving 98% IoU
with MediaPipe outputs. Hence, we treat MediaPipe-
derived boxes as gold annotations.

8.2. WORD

We collect ~267K unique words across 21 semantic
categories (Computer Science, Cities, People, Food,
Politics, Abuse, etc.). Word length [ € [2,10] with
E[l]~4.8. Each word is rendered under:

FXxCXPxR,

with F = {CourierNew,...,TimesNewRoman}
(fonts), C = {upper,lower, camel} (casings), P =
{center, top, bottom} (positions), R = {—45°,0°,45°}
(rotations). Uniform sampling across these factors pro-
duces >1M rendered images overall. Because WORD
is procedurally generated, bounding boxes are exactly
known.

8.3. Perturbations

We apply two perturbation families:

Linear augmentations (P;). Implemented with
Albumentations [6]. Each image is augmented by sam-
pling from the set

GaussianBlur(1l1,11), MedianFilter(21),
ZoomBlur([1.05,1.07]), ChromaticAberration(+0.2),
ISONoise([0.01,0.05],[0.1,0.5]), RGBShift(+20),
Salt&PepperNoise([1074,107%]), GammaLimit([80, 140]),
JPEGCompression([20,50]), MultiplicativeNoise([0.9,1.1]),
Sharpen(a € [0.3,0.5]), GlassBlur(c = 0.3,A = 2),
Posterize(4 bits), MotionBlur(7,7),

GaussianNoise(u = 0, o € [0.05,0.1])

Thus, P1(z) ~ U(M).

INlusion perturbations (P;). Following Illusion-
Bench [18], each source image z; is embedded into a
stylized scene using ControlNet [54] with Stable Diffu-
sion [37]. Prompts are composed from:

[SubjectScene] x [Style] x [Light/ColorHighlight],

where representative values are listed below:

Subject Scene Style Light/Color Highlight

Museum Cinematic Dust Motes
Rainy Alleyway Gothic Neon Glow
Forest Fantasy Art Golden Hour

Desert Dune Vintage Photo  Pastel Hues
Medieval Village  Minimalist Stark Shadows
Ocean Surrealism Electric Blue
Sunset Beach Bioluminescent  Crystal Refraction
Cozy Cottage Origami Venetian Blinds
Mountain Range  Dystopian Hearth Fire

Overgrown Ruins  Abstract Volumetric Rays

Starry Night Painting Smudged Grays
Cloudy Pixel Art Pink Cyan
We apply a negative prompt (glitch,
low quality) to suppress artifacts. Con-
trol strengths are dataset-dependent: WORD:

cn_scale = 1.2, guide_scale = 10.5, CELEB:
cn__scale = 3.0, guide__scale = 7.5.

Each final entry is stored as (z;;,s;), where s; en-
codes the sampled scene, style, and lighting.

Final Dataset Size

For each dataset (CELEB, WORD), we sample 1,000
original images and generate 15 variants with P, 15
with Po, plus the original. This yields:

1000 x (1 + 15+ 15) = 31,000 images per dataset.

In total, the benchmark contains 62,000 images.
9. Prompt Templates

Prompt A: Image Matching Query

**INSTRUCTIONS**
You are given 4 images each of size 1024x1024.

**TASK**

Compare the support image with 4 candidate images, and
< select a single candidate image that best matches
< the support image.

Return the result as valid JSON with detailed reasoning.

**JSON output formatx**
‘‘‘json
{

"reasoning": "Provide a structured explanation based on
< visual cues. Cite concrete visual evidence and
< justify your identificatiomn.",

"final_answer": "A" or "B" or "C" or "D"

e



Prompt B: Image Matching Support (Celeb)

**xCONTEXT*x*

You are given an image of size 1024x1024 of a famous person
< . This information serves as a factual reference.

Additionally, you will further be given 4 images, only one
<~ of them is generated from this image, where a face
< might be clearly visible, perturbed, stylized, or
— blended with the environment (background or object)
<~ as a visual illusion.

Prompt C: Image Matching Support (Word)

**CONTEXT**
You are given an image of size 1024x1024 of a case
<> sensitive sequence of characters, "[WORD_LABEL]".
< This information serves as a factual reference.
Additionally, you will further be given 4 images, only one
of them is generated from this image, where a
sequence of characters are clearly written,
perturbed, stylized, or blended with the
environment (background or object) as a visual
illusion.

TEILL

Prompt D: GPG Query

**INSTRUCTIONS**

You are given an image of size 1024x1024 that is composed
< of 4 sub-images arranged in a 2x2 grid as a collage
— .

Only one of these sub-images is the *source image* from
< which the support image was generated.

**TASK**

Identify and locate which grid cell contains the source
<~ image.

Coordinates mapping:

[0,0] = top-left

[0,1] = top-right

[1,0] bottom-left

[1,1] = bottom-right

Return the result as valid JSON with detailed reasoning.

**xJSON output format#x*

cce

json
{

"reasoning": "Provide a structured explanation based on
< visual cues. Cite concrete visual evidence and
< justify your identificatiomn.",

"final_answer": "[0,0]" or "[0,1]" or "[1,0]" or "[1,1]"

}

cce

Prompt E: GPG Support (Celeb)

**CONTEXT*>*

You are given an image of size 1024x1024. This image is a
< visually altered version of some original image
< such that the source might contain a face of famous
<> person that have been clearly visible, perturbed,
— stylized, or blended with the environment (
— background or object) as a visual illusion.

The information serves as the support context.

Prompt F: GPG Support (Word)

**CONTEXT*>*

You are given an image of size 1024x1024. This image is a
visually altered version of some original image
such that the source might contain a sequence of
characters that are clearly written, perturbed,
stylized, or blended with the environment (
background or object) as a visual illusion.

The information serves as the support context.

PILLY

Prompt G: Attribution Support (Celeb)

**xCONTEXT*x*
You are given an image of size 1024x1024 of a famous person
<> , "[CELEB_LABEL]". The following text provides
< context for the key features present in this image,
< listing each attribute with its precise bounding
< box coordinates. This information serves as a
< factual reference.

Attributes:
‘‘‘json
[BBOX]

e

Prompt H: Attribution Support (Word)

**xCONTEXT*x*

You are given an image of size 1024x1024 of a case
<> sensitive sequence of characters, "[WORD_LABEL]".
> The following text provides context for the
< sequence visible in this image, defining the
< characters and their precise bounding box. This
< information serves as a factual reference.

Attributes:
‘‘‘json
[BBOX]

cce



Prompt I: Attribution Guided Query (Word)

** INSTRUCTIONS**

You are given an image of size 1024x1024 that was generated
< from the above support image. The image contains a
< sequence of characters clearly written, distorted,
— stylized, or blended with the environment (
<~ background or object) as a visual illusion.

**TASK**

Think and analyze the image carefully. Using the support
<~ context as a reference, detect the sequence of
< characters and provide a single bounding box that
< encloses all of its characters with detailed
< reasoning.

Return the result as a valid JSON list. If no sequence is
— confidently located, return empty list [].

**JSON output formatx**

cce

json
{

"sequence": "The sequence of characters you read and
<~ detected",

"reasoning": "Explain the visual evidence for this
<~ detection.",

"x1": int,

"yi": int,

"x2": int,

"y2": int

Prompt J: Attribution Semi Guided Query
(Word)

*% INSTRUCTIONS*%*

You are given an image of size 1024x1024 that was generated
< from the above support image. The image contains a
<~ sequence of characters clearly written, distorted,
— stylized, or blended with the environment (

— background or object) as a visual illusion.

The support context only consists of top-left corner point

— of the bounding box.

**TASK**

Think and analyze the image carefully. Using the support
< context as a reference, detect the sequence of
< characters and provide a single bounding box that
< encloses all of its characters with detailed
< reasoning.

Return the result as a valid JSON list. If no sequence is
<> confidently located, return empty list [].

**JSON output format**
l((json
{
"sequence": "The sequence of characters you read and
— detected",
"reasoning": "Explain the visual evidence for this
<~ detection.",
"x1": int,
"y1": int,
"x2": int,
"y2": int



Prompt K: Attribution Guided Query (Celeb)

** INSTRUCTIONS**

You are given an image of size 1024x1024 that was generated from the above support image. A face is present in this image. The
— face might be clearly visible, perturbed, stylized, or blended with the environment (background or object) as a visual

< illusion.

**TASK**

Think and analyze the image carefully. Using the support context as a reference, detect the bounding boxes and provide detailed

< reasoning for each discernable facial attributes:

. Left Eye
. Right Eye
Nose

. Mouth

W N

Return the result as a valid JSON list. Your reasoning must explain how you identified the attribute, and only include the
<> attribute that you can detect. If no attributes are confidently located, return empty list [].

**JSON output format**

cce

json
{

"left_eye": {
"reasoning": "Explain
"x1": int,

"y1": int,
"x2": int,
"y2": int

1,

"right_eye": {
"reasoning": "Explain
"x1": int,

"yi": int,
"x2": int,
"y2": int
},
"nose": {
"reasoning": "Explain
"x1": int,
"y1": int,
"x2": int,
"y2": int
1,
"mouth": {
"reasoning": "Explain
"x1": int,
"y1": int,
"x2": int,
"y2": int
}

the

the

the

the

visual

visual

visual

visual

evidence

evidence

evidence

evidence

for this

for this

for this

for this

detection.

detection.

detection.

detection.



Prompt L: Attribution Semi Guided Query (Celeb)

**INSTRUCTIONS**

You are given an image of size 1024x1024 that was generated from the above support image. A face is present in this image. The
— face might be clearly visible, perturbed, stylized, or blended with the environment (background or object) as a visual
< illusion.

The support context only consists of one key feature’s bounding box.

**TASK**

Think and analyze the image carefully. Using the support context as a reference, detect the bounding boxes and provide detailed
— reasoning for each discernable facial attributes:

. Left Eye

. Right Eye

Nose

. Mouth

B wW N -

Return the result as a valid JSON list. Your reasoning must explain how you identified the attribute, and only include the
— attribute that you can detect. If no attributes are confidently located, return empty list [].

**xJSON output format#*x*

cce

json
{

"left_eye": {
"reasoning": "Explain the visual evidence for this detection.",
"x1": int,
"yi": int,
"x2": int,
"y2": int

1,

"right_eye": {
"reasoning": "Explain the visual evidence for this detection.",
"x1": int,
"y1": int,
"x2": int,
"y2": int

1},

"nose": {
"reasoning": "Explain the visual evidence for this detection.",
"x1": int,
"yi": int,
"x2": int,
"y2": int

1,

"mouth": {
"reasoning": "Explain the visual evidence for this detection.",
"x1": int,
"y1": int,
"x2": int,
"y2": int
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