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Abstract. Human perception of surface slant from texture exhibits sys-
tematic, graded biases that emerge reliably in psychophysical experiments.
Prior work showed that unsupervised CNNs reproduce several human-like
biases, while supervised CNNs do not. Do Vision-Language Models (VLMs)
exhibit similar competences? Across multiple VLM families and model
scales, zero-shot and in-context prompting both produce distinctive failures:
slant is predicted at only a small set of anchors (e.g., 0°, 25°, +45°) with lit-
tle dependence on stimulus field of view, optical slant, or surface curvature.
Supervised fine-tuning partially remediates the failure, but residual anchor-
ing persists. While success in high-level vision-language benchmarks might
not require sensitivity to low-level geometric cues, we interpret anchoring as
a failure at the representation-to-output language interface: not necessarily
an absence of geometric encoding, but a failure to express it in a graded form.

1 Introduction

Comparing human and neural network visual systems has a long anecdotal history,
but recent large models trained on billions of images have made the comparison of
their behaviors and mechanisms more meaningful. Understanding these relations
through in silico experiments is an important direction for vision science, e.g., to
raise hypotheses for how biological vision might function. But it is also useful for
practical tasks. Often, human-Al collaboration is predicated on Al systems being
able to predict what humans perceive (Al: “I can see that.” Human: “I cannot see
that.”). Yet, studies of whether the basic psychophysical abilities of Al systems
match those of humans are rarer, as most works focus on downstream performance.

Take the simple task of estimating the slant of a surface. Humans are able to
judge three-dimensional surface slant from texture gradients alone, yet these judg-
ments are systematically biased rather than accurate. Psychophysical experiments
using textured slant surfaces have identified at least three consistent biases in percep-
tion [41]: (B1) convex surfaces appear steeper than concave surfaces of equal physical
slant; (B2) larger fields of view produce greater perceived slant; (B3) curvature-sign
discrimination degrades at small fields of view, falling to chance at 5°FOV. These bi-
ases are commonly quantified by perceptual gain: the ratio of judged slant to ground-
truth slant. This is approximately 0.56 for regular dot textures, indicating substan-
tial underestimation of surface slant. Curvature-sign accuracy for such textures
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Fig. 1: Slant-from-texture as a controlled perceptual task for VLMs. Left:
Synthetic dot-textured surfaces vary in curvature sign, field of view, and optical slant.
Texture gradients are the only cue to 3D orientation. Right: Given a single image and
instruction, we ask VLMs to estimate surface slant and curvature sign from texture alone.

averages around 86% overall but drops sharply at narrow fields of view. Thus, human
slant-from-texture perception reflects systematic image-level heuristics, such as sen-
sitivity to texture scaling gradients, rather than recovery of precise surface geometry.
Do neural networks exhibit similar biases? Wang et al. [47] investigated this
question using convolutional neural networks (CNNs) trained on synthetic dot-
textured stimuli. Unsupervised CNN autoencoders trained with a reconstruction
objective reproduced human-like slant-from-texture biases. Human-like error pat-
terns were recovered from the CNN’s internal representations using simple linear
projections, which links representational structure to perceptual behavior. However,
CNNs trained with direct supervision to regress physical slant achieved unbiased
performance. This dissociation indicates that human-like biases arise not from archi-
tecture alone, but from learning objectives that emphasize texture statistics rather
than explicit geometric labels. These results raise the question of whether such
biases persist in visual representations both as models move beyond convolutional
architectures and as they are trained under fundamentally different objectives.
Vision-Language Models (VLMs) present such a case. These models combine
large-scale vision encoders, such as Vision Transformers, pretrained on broad image
distributions, with language models trained on large-scale text corpora. Each is
aligned through multimodal supervision on image-caption pairs. The architectural
differences from CNNs and the distinct training routine is often assumed to yield
representations that are richer or more semantically structured [9,341/53//54]. Recent
work has begun to question the geometric ability of VLMs in other domains |15}(38],
but no studies have examined texture-based slant perception. Such stimuli contain
no objects or semantic content; they contain only texture gradients that must
be interpreted geometrically. Accordingly, despite strong performance on a range
of vision-language benchmarks [3}/17,21], it remains unknown whether VLMs
exploit low-level texture cues in a manner comparable to human perception or
unsupervised vision models and whether they can communicate slant in language.
We evaluate multiple VLM families on a classical slant-from-texture task, using
stimuli and ground truth matched to prior human and CNN studies. We ask two
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questions. First, behavioral: do VLMs exhibit the same systematic biases as humans
and unsupervised CNNs, e.g., convex-concave asymmetry (B1) and field-of-view ef-
fects (B2, B3). We find that VLMs in zero-shot settings exhibit strong anchoring to a
small set of discrete values, with predictions failing to exhibit monotonic dependence
on stimulus parameters such as optical slant, field of view, or curvature sign—unlike
the systematic biases observed in humans and unsupervised CNNs. Second, interven-
tion: can standard adaptation techniques—prompt engineering, in-context learning
with labeled examples, or supervised fine-tuning—induce such biases? We show that
prompt engineering and in-context learning do not help. Supervised fine-tuning does
introduce a monotonic relationship between predicted and ground-truth slant and
improves curvature-sign discrimination, but does not eliminate anchoring: predic-
tions remain clustered at discrete values rather than varying continuously. Probing
the vision module within four VLMs with different architectures reveals a strong
correlation between features and geometric quantities, suggesting that response
anchoring is a language “readout” problem. Together, these findings establish slant-
from-texture as a diagnostic task for revealing systematic differences in how humans,
unsupervised vision models, and language-supervised multimodal models respond
to texture-based geometric cues, and show where effort is needed to produce future
models that can predict (as needed) the human response to the world around us.

Assumptions and limitations. 1) Our experiments cover slant from random polka
dot textures only, rather than a broader space of textures that includes regularity
and shape variation [40] or natural image textures. As psychophysical studies have
shown a strong response in humans and CNNs to our polka dot slant stimuli, they
are useful probes to reveal existing VLM limitations. 2) We evaluate a breadth of
models to characterize the landscape of VLMs, but specific alternatives may vary
in significant ways. 3) Our findings do not obviate the usefulness of VLMs in end
tasks or imply that VLMs must operate like humans; instead, they show differences
in current VLM predictions with respect to human judgment that should be known
when applying VLMs to tasks that require similar judgments.

2 Dataset and Experiment Setup

Stimuli. We produce synthetic dot-textured surfaces following Todd et al. [41}/42],
and as followed by Wang et al. [47] (Fig. . These have no shading, color, or silhou-
ette cues—slant must be perceived from texture gradients. Each stimulus depicts
two textured flat surfaces forming a dihedral angle, varying along four parameters:

Optical slant 0, 10 values from 25° to 60°

Field of view (FOV) 10 values from 5° to 60°

Curvature sign Convex or concave

Texture 12 i.i.d. random dot jitters (with different random seeds)

The surfaces have a true physical slant p that is their angle relative to the fronto-
parallel plane. It is derived from o..,, and FOV to preserve perceptual uniformity:

FOV
4 )

P=0cen—S- s=—1 (concave), s=+1 (convex).
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Optical slant o, is the controlled experimental parameter matched across cur-
vature conditions; physical slant p is what observers judge. Optical slant corresponds
directly to the texture gradients while physical slant requires integrating curvature
and FOV information. This makes physical slant prediction require geometric
understanding of 3D structure rather than a direct “readout” of local texture cues.

The first three attributes form a 200-condition factorial design (10 slant x10
FOV x2 curvature). As each instantiation of the 200 conditions has a random
texture, each stimulus provides a new projection of the same geometry. Geometric
reasoning requires an understanding of distortions to slant generalizable over
appearance noise from texture jitter. We split the stimuli into two sets: 2000 for
any training (fine-tuning, in-context learning, etc.) and 400 for testing.

Prompts. Each stimulus is paired with a text prompt. We vary the information
provided in the prompt and its style to try to avoid any particular pitfall in how
we describe the problem in language. This design allows us to test whether, and
how, linguistic framing modulates visual estimations. The prompt varies the task,
whether additional cues are given (e.g., “The greater the slant angle, the more dis-
torted the dots will appear.”), and the style of prompt in its input and output. This
produces seven key variants for physical slant angle prediction and three for binary
concave/convex prediction (Tab. . We state all prompts in the supplementary
material.

Task type Slant prediction (regression) vs. curvature sign (binary classification).
Instruction detail Minimal vs. enriched with cue descriptions.

Language style  Natural (colloquial, e.g., “ridge/valley”, “fold”) vs.
technical (e.g., “concave/convex”, “dihedral angle”).
Output format  Free text vs. structured JSON.

In-context Absence vs. presence of example stimuli with slant labels.

Additionally, we provide an in-context learning prompt modifier. Along with the
test stimuli, such prompts include four labeled example stimuli from the training
set that are balanced across slant angle, field of view, and curvature. Labels are
provided as free text, details in the supplementary material.

Table 1: Task prompt configurations. Natural language style prompt variants and
their component. Left: Slant prediction as a regression task. Right: Curvature sign as
a binary classification task.

Prompt Components Included

setup + task + cues + format_eg
setup + task + cues + format eg json

(1) Eéft?;pizg;ilin?irnlat Prompt Components Included

2 setup + task + format_eg 0 prompt_minimal

3 setup + task + format_eg_json 1 setup + task + format

4 setup + task + cues + format 2 setup + task + cues + format
5

6
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Fig. 2: VLMs anchor significantly on slant angle and sign prediction. Anchoring
patterns for natural language prompts in regression task (left) and binary classification
task (right). The heatmap shows distributions of estimated slant across VLMs (rows) and
natural prompt variants (columns). All models collapse to a few discrete anchors (e.g.,
0°, £25°, +45°) regardless of prompt detail, indicating that prompt variation does not
mitigate anchoring. Prompt indices (e.g., “natural0”) and their components are in Tab.
including both with and without JSON output constraints.

Model Families and Runs. We evaluated six recent open-sourced VLMs (Gemma3 ,
LLaMA4 [27], LLaVA1.6 [21], Mistral [16], Moondream [28], Qwen2.5-VL [33|)
across multiple model parameter sizes, via local hosting using the Ollama API
(v0.11.10) . We use pretrained weights without fine-tuning unless specified.
Qwen2.5-VL was also evaluated using HuggingFace Transformers for SFT, prob-
ing, and attention-head ablation to access model weights. Additional results from
12 recent VLMs, including both open-source on Hugging Face (e.g., InternVL3.5,
Qwen3.6) and frontier closed-sourced models (e.g., GPT-5.4, Gemini3.1, Claude
Opus), are provided in the supplementary material.

Each stimuli-prompt pair was submitted in prompt-completion format, and
requests were executed asynchronously using multiprocessing. From the responses,
we parsed numerical slant estimates or curvature sign classes. We balanced the
number of concave and convex test stimuli across experiments. To capture trial-level
variance, we repeated each query 10 times at the default temperature (T'=0.7).
As the observed variance was negligible, subsequent experiments used a lower
temperature (T'=0.1) with a single run per query for efficiency.

3 Results and Analysis

3.1 Zero-shot slant estimation

Systematic anchoring. Across all models evaluated, zero-shot VLM predictions
exhibit large errors in slant and curvature sign (Fig. . Rather than varying
smoothly with stimulus parameters, predicted slant values cluster around a small
set of discrete anchor values, most commonly 0°, +25°, and £45°, regardless of
prompt detail. The percentages below each cell indicate the mode (most frequent
number) as a proportion of all responses. In many cases, the same value appears
in more than 50% of responses, indicating anchoring rather than response noise.
We observed three qualitative response patterns:
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— Instruction compliance errors: Models ignored format constraints, outputting
text without numerical values or producing out-of-range values.

— Exemplar anchoring: Prompts with examples induced “example anchoring” in
some models, e.g., Moondream copying example prompt values verbatim (“-23°”),
while other models were not affected by the specific values provided.

— Zero-degree anchoring: Models predicted flat surfaces (0°), sometimes accom-
panied by contradictory free-text reasoning in earlier runs (e.g., predicting flat
while describing a steep slant).

Anchoring persists across task framing, cues, prompt styles, and output formats.
We compute the mean absolute error of slant estimates and variance for prompt
detail variants, prompt styles and output formats, and task framing (Fig. . We
observe no significant improvement in VLM ability to predict slant or sign. Varying
model temperature did not improve performance. Trial-level consistency analyses
at temperature 0.7 showed stable anchoring across repetitions with low variance;
averaging predictions did not improve performance. Anchoring is a systematic
response pattern rather than stochastic variability.

e) w 1.0 Varying prompt detail does not reduce anchoring.
7010 = 0 minimal ﬁ l:l The anchor mode value changed for some models,
5 E ;aaieg":ns §_0_8_ but median errors are above 40° and anchoring
060 4w cue 2 dominates. Prompts emphasizing geometric
% B Swegtcue | T cues yielded no consistent improvement (e.g.,
n ° ° g 061 descriptions of texture scaling as included in
§ 501 £ prompts 4 and 5).
! B& i - 5o o
40 8 3
o = 024
01 2 4 s 01 2 4 s
(a) Prompt detail (natural style)
50 - w 1.0 Prompts as natural vs. tech-
‘e 3 nical, or in JSON, or with
5 CE) 251 §_ context show no significant
= 3 ol 9 081 variation (two-way ANOVA
= 3 < on main effect of prompt
g S -25 E 0.6 family on slant error; Tab..
< 5 ° < o JSON formatting did not
g iy =50 < 04 show consistent reduced
3 —75 1 g example anchoring in any
= 2 g o models but did exhibit in-
0.2 4 creased overall variance, i.e.,
natural json tech context natural json tech context natural json tech context
mode percentages decreased.
(b) Prompt style and output format
) 1.0 Curvature sign prediction as convex vs. concave (classification, “binary”
051 2| 20l T in plot) yielded no improvements over slant prediction (regression, “nat-
8 ol g ural” in plot), with accuracies around 0.5 (chance) and mode percentage
3 04 go.a- increasing to around 90%. This trend is consistent across models.
503 2 %] °
@ % 0.6
§ 02 % 051
3 0.1 B o4y
004 o 0.3 4
natural binary natural binary

(c) Task framing
Fig. 3: Effects of prompt and task framing as boxplots of 95% Confidence Intervals.
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Source sum_sq df F pvae Lable 2: Two-way ANOVA (with interaction) of
Clmodel) 753.19 6 4.51 0.000201 slant error mean for different modelis a.nd prompts.
C(prompt_type) 139.32 3 1.78 0.157403 Prompt type alone does not have a significant effect
Interaction 1230.32 18 2.62 0.001634 but depends on the model, e.g., one model might

Residual 2192.87 84 vary with JSON while another does not. Overall,
there is no consistent main effect.
o Y m—— 604 Fig.4: Fine tuning only partially helps.
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100 ' .
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In-context learning does not help. In-context prompts do not significantly dif-
fer from other prompt families (Fig. : Median slant errors remain above 40°,
curvature-sign accuracy stays near chance, and mode percentages remain high.
ANOVA revealed no significant main effect of prompt type (p=0.157; Tab. .
While specific anchor values sometimes shift across prompt conditions, the overall
anchoring pattern persists.

Summary. In zero-shot settings, VLM predictions collapse to discrete anchors,
showing no systematic dependence on stimulus parameters, and are unaffected
by prompt manipulations, including when given labeled examples for in-context
learning. Model family and size modulate variability but do not alter the under-
lying anchoring pattern. Model performance is uniformly poor, making differences
between models difficult to interpret. This behavior is consistent with evidence
that LLM-style decoders exhibit anchoring effects and produce coarse numeric
estimates that concentrate on a small set of preferred values (including round-
number biases) [24,/37,/44]. A complementary explanation is that round numbers
are disproportionately frequent in natural language use, making a few canonical
numerals strong attractors when models generate numbers as text |49].

3.2 Supervised fine-tuning (SFT)

We fine-tuned Qwen2.5-VL-3B using LoRA with a masked token loss on labeled
slant and curvature data, updating the vision-language fusion layers (q_ proj and
v_proj)ﬂ Qwen2.5-VL-3B was chosen for its consistent anchoring patterns across
regression and classification settings and its moderate size for efficient fine-tuning.

Improved slant estimation, smaller-scale anchoring, larger errors at low FOVs. SET
substantially improves slant estimation and curvature-sign discrimination (Fig. [4)).
Mean slant error decreases, and the distribution of predicted slant values broadens

! LoRA was restricted to q/v_proj following standard PEFT practice |26]; the
regression-head result in Sec. conﬁrms this choice does not determine the bottleneck
as frozen post-projector features are already linearly decodable for slant.
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Fig. 5: SFT improves slant prediction but discrepancies remain. Judged vs.
ground-truth slant angles. From left to right, top to bottom: VLMs before supervised
fine-tuning show anchoring; bar chart of slant error distribution; VLMs with 10 epochs of
SFT; VLMs with 100 epochs of SFT. After SFT, VLMs show improved slant prediction,

but persistently estimate incorrect curvature sign, especially for low FOVs.

beyond the discrete anchors observed before fine-tuning (MAE: 45.1°—15.3°; STD:
34.9°—26.2°). Paired statistical tests confirm that fine-tuning yields significant
improvement (df = 1999, p = 3.4 x 1071%6). Curvature-sign accuracy improves
from random chance (50%) to 86.10%. It is numerically comparable to human
performance (86%) [41] and remains below that of unsupervised CNNs (96.4%) [47],
though the underlying error distributions differ qualitatively. Despite these gains,
anchoring is not eliminated. Compared to before fine-tuning, anchoring occurs at
a finer scale and is distributed around the ground-truth slant (red line), forming
horizontal bands near the red line of true prediction (Fig.[5)). These decrease as
training epochs increase, but remain present.

Curvature sign remains in error. We also observe that curvature-sign errors persist
after SF'T. We analyze curvature sign prediction accuracy as a function of field of
view and optical slant in Fig.[7} Shape discrimination errors are elevated at small
FOVs and decrease systematically with increasing FOV and optical slant. These
errors are asymmetric across curvature sign: concave stimuli show near-zero flip
rates at large fields of view, whereas convex stimuli retain moderate error rates
(0.3-0.4) across optical slant. This pattern varies in the same direction as human
behavior (B1), though is more pronounced. The curvature-sign judgement errors
change with FOVs, larger at low FOVs (Fig. , which is consistent with the FOV
dependent error patterns observed in human judgments (B2 and B3). We plot the
accuracy of curvature-sign prediction as a function of optical slant and FOV and
compare with CNNs results and human study in Fig. [f]

Summary. SET effectively reduces anchoring but does not eliminate it. Predictions
become monotonically related to ground-truth slant and curvature-sign discrimi-
nation improves and becomes closer to past human and CNN studies, though some
slant errors and curvature-dependent asymmetries persist. This suggests that while
SE'T can steer model behavior, it does not fully override the anchoring pattern.

3.3 Probing the Vision Module

Pre-trained VLMs are trained on millions, often billions, of image—caption pairs,
from which a complex structure is thought to emerge in their representations.
Given that VLMs perform reasonably when directly trained on the stimuli and
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Fig. 6: VLM, CNN, and human curvature sign judgment accuracy versus optical slant,
shown in matching axes for direct comparison. Left: Performance of VLM Qwen2.5-VL (3B)
before supervised fine-tuning (SFT). Center left: After SFT. Qwen2.5-VL shows improved
accuracy with increasing field of view, but still maintains high variance and is overall a
poor proxy for human ability. Center right: Unsupervised CNN judgments reproduced
from Wang et al. . Right: Human judgments reproduced from Todd et al. .

Sign Flip Frequency After SFT (Concave 6n Sign Flip Frequency After SFT (Convex )
500 500

Fig. 7: SF'T error analysis grid by slant
angle and FOV, showing frequency of
sign flips in predictions. Larger FOVs and
larger optical slant images induced fewer
errors (sign flips); no curvature sign errors
for concave FOV > 45°; convex-to-concave
misjudge is more frequent than vice versa.

5389~ 5389
7.78- 4178

aer
Fsso

Proportion of Sign Fips.

task, we use linear probing |2| to localize where correct behavior fails to emerge.
The key question is whether zero-shot VLM failures arise from incorrectly encoded
geometric information or from a deficit in language readout.

Probing setting. We analyze the vision encoder of Qwen2.5-VL-3B, which contains
32 transformer blocks (hidden size 1280, 10 heads) with RoPE and RMSNorm.
Images are tokenized by a Conv3D patch embedding (14 x 14 patches) into 1280D
tokens. A subsequent patch merger merges 2 X 2 tokens via a two-layer MLP,
reducing token count by 4x and projecting to 2048D. For 224 x 224 stimuli, this
produces 81 vision tokens (2048D) passed to the language model. To probe, we
extract the 81 post-merger vision tokens in a zero-shot setting (no fine-tuning).
Because feature dimensionality (2048) is comparable to sample count (2000), we
use ridge regression (a=1.0) for all VLM probes to prevent overfitting; all reported
R? values are evaluated on held-out test data.

Post-merger probing results. We evaluate regression fits using the coefficient of de-
termination (R?), which measures the proportion of variance in the target variable
(PS, OS, FOV) explained by a probe trained on the latent tokens. On the test set,
R?=1 indicates perfect prediction, while R?=0 indicates performance equivalent
to predicting the mean. Ridge probes on mean-pooled VLM vision tokens achieve
physical slant R2=0.826, optical slant R2=0.988, FOV R?>=0.884, and curvature
accuracy =0.983, indicating that geometric information is strongly encoded in the
vision representations. These results place the VLM vision encoder in the same
performance regime as a pretrained ViT-MAE-86M (FOV R%?=0.874, PS 0.856,
0S 0.997), suggesting VLM vision features capture geometry at a level comparable
to this standalone vision backbone.
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Qwen2.5-VL-3B Vision Encoder Layer-wise Probing

<

.a
0.8 A
>
[9
e
3 0.6
S <
<
x 04 i
a '
Q ! L
= ! Optical Slant (R2)
oz Physical Slant (R?)
v —=— FOV (R2)
v
a Curvature (Acc)

0.0

Embedd 4 8 12 16 20 24 28 Merger
Vision Encoder Layer

Fig. 8: Layer-wise linear probe performance across the 32-layer Qwen2.5-VL-3B
vision encoder. Optical slant is near ceiling from the first transformer layer (actual
R?=0.992-0.998; appears flat at this scale). FOV, physical slant, and curvature require
progressively deeper processing, peaking around layers 17—19 before declining in the final
layers. Embed = Conv3D patch projection output (before any transformer processing).
Merger = post-transformer spatial merging (2x2 tokens — 2048-dim). Ridge regression
(a=1.0) on mean-pooled 1280-dim features (2048-dim for merger).
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Fig. 9: Layerwise probing across four VLMs vision modules, extending the single-model
analysis in Qwen2.5-VL-3B to LLaVA-1.5-7B (CLIP-ViT-L/14), PaliGemma-3B
(SigLIP-S0400M), and Chameleon-7B (VQ-VAE). The result is consistent with the
encoding being architecture-general, with the readout bottleneck arising at the language
interface rather than in the vision tower.

Layer-wise probing. To trace how geometric information develops across the vision
encoder, we extract mean-pooled features from every intermediate layer using
forward hooks: the patch embedding output, all 32 transformer blocks, and the
post-merger output. Applying ridge regression probes independently at each layer
reveals a clear progression (Fig. . The raw patch embedding contains almost no
geometric information (OS R? =0.031, all others near zero; curvature accuracy
=0.565~ chance), indicating that the Conv3D projection captures little beyond
local texture statistics. However, by the first transformer block (layer 0), optical
slant is already near ceiling (R%=0.992), confirming that it is a low-level image
property recoverable from local texture gradients after minimal processing.

In contrast, FOV, physical slant, and curvature require progressively deeper
processing: FOV R? rises from 0.474 (layer 0) to 0.920 (layer 18); physical slant
from 0.329 to 0.879; curvature accuracy from 0.690 to 0.995. The correlation of all
three variables peaks around layers 17-19 (the 56th—59th percentile of the 32-layer
network) and then declines in the final layers: by layer 31, FOV drops to 0.844,
physical slant to 0.769, and curvature to 0.983. The patch merger partially recovers
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Table 3: Layer-wise probe for four VLMs with different vision encoders and language
models. R? values listed for each geometric property at the layer where they peak.

Model Vision tower LM Fusion OS peak FOV peak PS peak Curv peak
Qwen2.5-VL-3B Qwen-native ViT Qwen2.5 Late 0.998 0.921 0.879 0.995
LLaVA-1.5-7B CLIP-ViT-L/14 Vicuna Late (frozen vision) 0.997 0.923  0.905 0.990
PaliGemma-3B SigLIP-S0o400M Gemma-2B Late (prefix) 0.997 0.921  0.926 1.000
Chameleon-7B  VQ-VAE unified Early (vocab fusion) 0.999 0.977  0.938 1.000

from this late decline (FOV =0.884, PS =0.826), likely because its spatial 2x2
merging reintroduces local structure that the late layers had redistributed.

This late-layer decline is consistent with the view that the final transformer
blocks specialize in the downstream language modeling objective, i.e., reorganizing
features for cross-modal projection at the cost of some geometric accessibility. The
practical implication is that middle layers of the vision encoder (around layer 18)
contain the richest geometric signal, not the final output.

Generalization across vision encoders. To test whether the mid- /late-layer geometric-
encoding peak is specific to Qwen2.5-VL’s vision tower, we replicate the analysis
on three additional VLMs with different vision encoders and language models:
LLaVA-1.5-7B |1], PaliGemma-3B [4], and Chameleon-7B [39] E| (Tab. . For
each, we hook the per-layer outputs of the vision tower (including the projector),
mean-pool the patch tokens, and fit ridge regressions (FOV, optical slant, physical
slant) and a logistic probe (curvature sign).

As shown in Fig. 0] we found that geometric encoding generalizes across
vision-encoder architectures. Across all four models, the layer-wise R? profile is
qualitatively similar: optical slant saturates at R? > 0.997 by the first encoder
layer; physical slant climbs gradually to a peak of 0.88-0.93 at 60-80% normalized
layer depth; curvature accuracy reaches 0.99-1.00; and the projector preserves >
95% of the late-layer peak. Our finding holds across vision towers.

One model of interest is Chameleon: the only model where vision and text tokens
flow through the same transformer. Layer 31, the final layer feeding into the language
model (LM) head, shows a deep drop in geometric correlation: OS R? = 0.033, FOV
R? = 0.005, PS R? = 0.065, curvature accuracy = 0.552 (chance). The geometric
information present at layers 12-30 (R? >0.9) is transformed away in the final layer
toward the language-output distribution. This supports our claim that encoding is
preserved deep in the network, but the final language-generation step discards it.

Readout test. To test whether this is a true readout problem, we regress on the
LM-input Vision Tokens, i.e. the vision tokens projected to LM embedding space
contain the necessary geometric information but the language model cannot trans-
late it into a continuous estimate. We mean-pooled the frozen post-projector tokens
and trained a single ridge-regression head on the 2000-image training split, with
no further tuning. As shown in Fig. on the held-out 400-image test set, this

2 As an architecture-diversity test, the sizes are each architecture’s canonical released
size, not a controlled choice: LLaVA-1.5 has no 3B and its smallest is 7B; PaliGemma
is 3B only. A true size-controlled SFT comparison would be a separate experiment.
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Fig.10: Readout bottleneck—VLM output anchors (top); LM-input vision tokens
encode continuous slant (bottom). We extract the mean-pooled post-projector vision
tokens (in LM embedding space) from Qwen, LLaVA, and PaliGemma and train a linear
regressor on train image tokens to predict physical slant. Results on held-out test images.
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Fig. 11: Nosingle attention head ablation produces continuous stimulus-dependent predic-
tions. We apply mean ablation on Qwen2.5-VL-3B (top) and Qwen2-VL-7B (bottom) slant
prediction. (a) Baseline predictions; (b, ¢, d) Typical results of ablating attention heads
at different layers. The prediction barely changes; some even induced prompt copying,
e.g. ablating L5 H19, a new anchor at “—23°” appears that matches the prompt example.

single linear projection predicts physical slant at R? = 0.696 (Qwen2.5-VL-3B;
MAE 21.4°), R? = 0.857 (LLaVA-1.5-7B; MAE 13.7°), R? = 0.880 (PaliGemma-3B;
MAE 12.4°), and produces 342+ of 400 unique predicted angles, i.e., predictions are
essentially continuous. This shows directly the readout bottleneck, as the geometry
is decodable but the language head discards it.

3.4 Ablating Language Model Attention Heads

Does intervention reduce anchoring? Recent work by Rudman et al. found individ-
ual attention heads in VLMs that copy prompts, and showed that ablating specific
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heads can eliminate copying of example values from the prompt [37]. Inspired by
this approach, we test whether anchoring in our task arises from specific attention
heads in the language model. For each targeted head, we replace its pre-projection
activations with the mean activation across all batch and token positions, removing
position- and content-specific information while preserving activation scale.

We sweep all layer-head pairs in Qwen2.5-VL-3B (36 layers x 14 heads =
504 ablations), ablating one head at a time on the 400-stimuli test set. No single
head ablation eliminates anchoring (Fig. . Some ablations modestly reduce the
dominance of the primary anchor value and increase response variance, but most
simply redistribute responses across existing anchor values without producing
graded estimates that vary continuously with stimulus parameters.

We repeat the same analysis on the larger Qwen2-VL-7B model [31] (28 layers x
28 heads = 784 ablations) and observe a similar pattern: individual head ablations
slightly redistribute responses but do not substantially reduce anchoring. These re-
sults suggest that anchoring in continuous perceptual estimation is not attributable
to a single attention head but may instead reflect a distributed property of the
language model. Although probing shows that geometric information is encoded in
the vision representations, the language model cannot reliably read out continuous
slant values. Simple attention-head interventions do not recover graded predictions.

4 Discussion

Anchoring as a language readout failure. Our central finding is not that VLMs
perform poorly on slant from texture, but that they fail in a specific, structured
way: predictions collapse to a small set of discrete values regardless of stimulus
parameters, rather than scattering around the ground truth. This pattern is
qualitatively distinct from humans and unsupervised CNNs, which map continuous
stimulus variation to smooth, monotonic changes in perceived slant in consistent
biased manner (curvature sign asymmetry B1, FOV dependency B2 and B3). The
failure is therefore one of graded expression, not magnitude or precision. Our probing
results (Sec. localize this failure: geometric information is present and linearly
decodable throughout the vision encoder and in the post-merger tokens passed
to the language model, yet the language output does not reflect it. In effect, the
model knows the geometry but does not say it. Directly tracing how this information
transforms through the language model’s hidden states remains future work.

Speculative: The cross-entropy bottleneck. A deeper question is whether the
encoding-readout dissociation reflects a mismatch between training objectives.
VLMs are trained with next-token prediction (cross-entropy over discrete text
tokens): a continuous value like 42.5° must be expressed as a sequence of text tokens
(“47, 427 «” “5”) and the model must learn that this token sequence corresponds
to a specific point on a continuous scale. There is no direct encouragement for
the model to produce text outputs that co-vary smoothly with the continuous
geometric variables encoded in vision tokens.

Speculative: Anchoring as a cue-deficient default value. Past human perception
research found that distance prediction defaults to a specific scaling value when
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distance cues are not present [13]. Our stimuli are deprived of any cues beyond
texture gradients, and the models, trained on cue-rich images, may defer to a
small set of “default” values. As shown in the probing results, texture-gradient
information is present in the LM-input vision tokens, but the language module
does not recover it, so the outputs fall back to the default values as it would under
cue deficiency. SFT teaches the model to recover slant from these cue-deficient
stimuli, reducing anchoring and improving the monotonicity of predictions. Future
work could test this by enriching the stimuli with additional geometric cues, to
see whether graded predictions are recovered.

Low FOV predictions. Our stimuli are 224 x 224 pixels. Image resolution, bit depth,
and transformer tokenization block size likely affect the ability of the model to
make predictions for low FOV stimuli because, at low FOV, texture gradients
become small and so are “hard to see.” This relates to ideas of human visual acuity.

Broader implications. Our findings suggest a tension between language grounding
and continuous geometric expression in slant from texture task. VLMs perform
well on high-level vision-language benchmarks that emphasize object recognition,
scene understanding, and visual reasoning, yet they fail on a task that requires
only the interpretation of low-level texture gradients. Standard VLM benchmarks
emphasize categorical or semantic judgments that are naturally suited to discrete
text output, and may therefore not reveal difficulties in expressing continuous
variables. Slant from texture, grounded in psychophysical research, provides a
simple but revealing test case for probing the boundaries of elementary visual
understanding in multimodal models, especially when considering tasks in which
VLMs must accurately predict what a human is likely to see.

5 Related Work

Human perception of slant from texture. Slant-from-texture is a classic perceptual
problem with well documented human biases. Orug et al. [30] compared linear per-
spective (a grid of lines) and texture gradient (diamond-shaped texture elements)
cues for 75° slant perception. Observers tend to do better with combined cues than
with either cue alone. The results were consistent with a linear combination of
estimates from cues. Todd et al. showed that human slant-from-texture perception
is systematic and biased [41,42], identifying consistent effects of field of view and
curvature sign (biases B1-B3 in our notation). More recent work further studied
the effects of different texture cues in cue-conflicted and cue-consistent conditions.
Chen et al. found that texture compression influenced slant settings more than
other texture cues, with its influence decreasing with larger field of view (10° vs.
20°) and less regular textures [6]. Among texture types, regular blob (polka-dot)
patterns are popular for modeling texture perception |20] and produce superior
slant discrimination performance in humans compared to uniform lattices, Voronoi
tessellations, plaids, and noise [36]. Unlike plaids or contour textures, they lack
explicit perspective lines, making them a purer test of texture-gradient process-
ing. They can also be systematically manipulated to test the effects of gradient
compression [6] and gradient disruption |19].
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Computational models of slant-from-texture perception. CNNs trained on texture
statistics reproduce human-like slant biases under unsupervised learning objec-
tives [47], supporting the use of deep networks as computational analogues for cue
learning and inference. This connects to classic shape-from-texture formulations
that recover surface orientation from texture gradients under assumptions such as
homogeneity |18l/48], and to recent computer vision models that revisit this problem
under realistic settings (unknown textures, nuisance factors), showing texture alone
can constrain local surface geometry in the wild [45]. In parallel, modern monocular
depth estimation learns strong geometric priors from large-scale data, both super-
vised and self-supervised |10,(12,/50], but these systems typically entangle multiple
cues and do not isolate the specific contribution of texture gradients to surface slant.

Vision-language models for visual perception. VLMs couple a pretrained vision
encoder with a large language model via a lightweight alignment module, en-
abling strong performance on broad multimodal understanding and reasoning
benchmarks [3}[17}/21}23]/25,/52]. However, their behavior on low-level percep-
tual and geometric tasks (e.g., fine-grained spatial relations, orientations, and
viewpoint-dependent reasoning) is less well understood; existing spatially focused
evaluations reveal substantial gaps [22,/51]. Emerging diagnostics suggest that
large vision/VLM models exhibit weaknesses in metric depth and geometry un-
derstanding too, motivating targeted probes and RGB-D augmentation [5}/7,8].
Overall, many training and evaluation approaches emphasize semantic recognition
and language generation (captioning/VQA /grounding) rather than geometry.

Failure modes of VLMs. Controlled perceptual evaluations of VLMs remain rare.
Zhang et al. [56] test five visual illusions (color constancy, color assimilation, color
contrast, geometry relativity, and geometrical perspective), but most studies use
naturalistic images. More broadly, a growing body of work documents systematic
VLM failures, particularly on tasks requiring precise visual grounding and geomet-
ric reasoning. VLM failures on geometric primitives have been shown to depend
upon spurious correlations rather than image evidence [11}[15}35,[38},/43.|46}55].
Mechanistic analyses suggest that some errors stem from over-reliance on language
signals, including anchoring to prompt-provided cues and copying textual con-
straints even when they conflict with visual evidence [37|. However, much of this
literature relies on naturalistic images, leaving open the question of how VLMs
behave under tightly controlled psychophysical-style stimuli that isolate low-level
geometric cues. Zhang et al. [57] study image classification failures of VLMs. Their
work provides tangential evidence for “underutilized visual features” in VLMs,
considering classification where the output space is already discrete. We study a
continuous geometric quantity, and find anchoring to a small set of salient values
independent of stimulus parameters, which has no analog in discrete classification.
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