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Abstract

While large vision-language models excel at
optical character recognition, it remains un-
clear how their underlying vision encoders pro-
cess text and its meaning, and whether they
support anything resembling reading compre-
hension. We systematically study transformer-
based vision encoders, using cross-modal align-
ment between rendered text and visual con-
cepts together with probing and retrieval-based
analyses as a controlled window into these
broader capabilities. Our layer-wise analyses
span orthographic, grammatical, and seman-
tic organization, and reveal that strong cross-
modal mapping emerges only in the deepest
layers, after unimodal object and text recogni-
tion have already developed, coinciding with
a progression from surface-level to semantic
representations. Although this hierarchy is
strongest in contrastively trained models, larger
self-supervised models and text-rich training
data partially support similar behaviors with-
out explicit language supervision. Together,
our results suggest that increasing model and
training-data scale, as well as text-rich training
data, can partially compensate for the absence
of language supervision.

1 Introduction

In human literacy research, a distinction is often
drawn between decoding, the ability to recognize
written symbols, and reading comprehension, the
ability to connect those symbols to semantic mean-
ing (Gough and Tunmer, 1986; Hoover and Gough,
1990). Much like novice learners of English who
recognize “horse” across contexts without ground-
ing it in the concept of the animal itself, modern
vision encoders exhibit decoding (a.k.a. OCR) ca-
pabilities in their processing of in-image text (Lin
et al.,, 2024). While some studies suggest that
transformer-based vision encoders (ViT) develop
representations supporting cross-modal semantic
alignment between text and visual concepts (Wang
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Figure 1: Top: Real images and rendered text vari-
ants used for cross-modal probing. Bottom: t-SNE pro-
jections of CLIP (1B) and DINO (1B) representations
across depth. In CLIP, same-concept representations
from both modalities progressively align, while DINO
maintains modality separation throughout.

and Ma, 2025; Materzynska et al., 2022), the scope
of these capabilities and their underlying repre-
sentational dynamics have not been systematically
studied. In this work, we use cross-modal align-
ment between rendered text and visual concepts,
together with probing and retrieval-based analyses,
as a controlled window into these broader reading
comprehension capabilities.

Motivated by the distinction between surface de-
coding and broader reading capabilities, we study
whether cross-modal semantic alignment builds
upon visual object recognition or develops indepen-
dently across network depth. As shown in Figure 1,
we extend standard probing methodologies (Rogers
et al., 2020; Conneau and Kiela, 2018) to ViT en-
coders by rendering textual stimuli as images with
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diverse visual augmentations. Using these stimuli,
we conduct layer-wise probing to examine whether
linguistic representations in vision encoders are or-
ganized hierarchically across layers, progressing
from surface form to grammatical regularities and
finally semantic understanding, analogous to hi-
erarchies observed in humans (Friederici, 2002)
and language models (Jawahar et al., 2019; Tenney
et al., 2019). To support these probe-based find-
ings, we also evaluate cross-modal alignment and
retrieval between rendered text and images, allow-
ing us to compare when shared cross-modal struc-
ture emerges relative to unimodal object and text
recognition. Finally, we address the role of training
signals: while language supervision and data com-
position are known to shape surface-level reading
(Lin et al., 2024; Fan et al., 2025; Liu et al., 2025),
we study if they similarly govern the development
of deeper grammatical and semantic organization.

Through a systematic study via layer-wise prob-
ing, supported by controlled cross-modal align-
ment experiments, spanning surface-level character
recognition, grammatical regularities, and semantic
alignment, we address these questions across three
training paradigms — contrastive (CLIP) (Radford
et al., 2021), self-supervised (DINO) (Caron et al.,
2021), and masked autoencoding (MAE) (He et al.,
2022) — to understand how training objective mod-
ulates each:

RQ1. How and when does cross-modal semantic
alignment emerge in vision encoders?

RQ2. What representational structure underlies
this alignment?

RQ3. How do scale and data composition shape its
development?

Our results reveal three main findings. First,
strong cross-modal semantic alignment between
rendered text and visual concepts emerges only in
the deepest layers, after unimodal object and text
recognition have already developed. Second, this
alignment coincides with a representational hier-
archy, clearest in CLIP, in which orthographic in-
formation emerges early, grammatical regularities
peak at intermediate depths, and semantic organi-
zation consolidates in the deepest layers. Third, in
self-supervised encoders, increasing model capac-
ity from 300M to 2B mainly strengthens surface-
level representations, whereas the 7B model, which
is also trained on more data, develops a clearer hier-
archy and measurable cross-modal transfer; enrich-
ing training data with text produces more modest
improvements.

2 Background

2.1 From Decoding to Cross-Modal Semantic
Alignment in Vision Encoders

Vision-language models trained using contrastive
learning can align natural-language descriptions
with visual concepts at the level of whole images
(Radford et al., 2021). Yet compositional image-
text evaluations reveal limited sensitivity to word
order, relations, and other fine-grained linguistic
distinctions (Thrush et al., 2022; Yuksekgonul et al.,
2022). Because these studies assess the final cross-
modal embedding space, they do not isolate how
an image encoder processes written language pre-
sented as pixels.

Whether ViTs go beyond decoding to develop
cross-modal semantic alignment between written
words and visual concepts has received less at-
tention than surface-level character recognition.
Materzynska et al. (2022) provide evidence that
they can, showing that CLIP’s image encoder
matches rendered images of words to natural im-
ages of the concepts those words describe. Wang
and Ma (2025) extend this picture with a layer-wise
analysis, finding that the early layers process text
as visual texture while semantic differentiation ap-
pears only in the final layers, though they argue that
improvements are largely driven by orthographic
disambiguation rather than abstract meaning, cast-
ing doubt on whether these representations reflect
semantic grounding beyond orthographic disam-
biguation, even in the deepest layers.

Consistent with this, Lemesle et al. (2022) find
that semantic word representations in CLIP’s vi-
sual processing are not shared with image repre-
sentations, with word form dominating over vi-
sual meaning for word-embedded images. Park
et al. (2025) further show that surface text read-
ing ability develops abruptly during training while
semantic alignment develops more gradually, sug-
gesting that the two capabilities are not only func-
tionally distinct but follow different developmental
trajectories. To the best of the authors’ knowl-
edge, prior studies have left questions about the
emergence of language-relevant representations in
image encoders unanswered. Specifically, it re-
mains unclear whether image encoders develop
these representations, whether the representations
underlying cross-modal semantic alignment fol-
low a principled surface-to-semantic hierarchy, and
how these representations relate to the encoder’s
broader visual capabilities. We address these gaps
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through controlled layer-wise probing and cross-
modal alignment experiments.

2.2 Hierarchical Organization Across Layers

Prior work on probing pretrained language mod-
els reveals a consistent hierarchical organization
across layers, from surface features to grammatical
structure to semantics (Rogers et al., 2020; Jawa-
har et al., 2019; Tenney et al., 2019). Tatariya
et al. (2024) extend this to PIXEL (Rust et al.,
2023), a ViT-based language model trained on ren-
dered text, finding a similar surface-to-semantic
progression, although notably absent in ViIT-MAE,
which lacks language supervision. Dumpala et al.
(2024) further show that VLM text encoders ex-
hibit weaker syntactic organization than unimodal
language models, with pre-training objective as the
primary driver. Our work extends this line of in-
quiry to vision encoders processing rendered text
through their image encoder, asking whether hi-
erarchically organized language-relevant structure
arises in models never trained on language.

2.3 Role of Training Paradigm, Data, and
Scale

Learned model behavior is shaped not only by ar-
chitecture and training objective, but also by the
composition and scale of pretraining data. Visual
datasets can contain incidental correlations that
models exploit as shortcuts (Torralba and Efros,
2011; Geirhos et al., 2020); in self-supervised
learning, data curation likewise affects the invari-
ances and semantic distinctions captured by learned
representations (Purushwalkam and Gupta, 2020;
Van Gansbeke et al., 2021). These findings moti-
vate studying which statistical regularities support
visual text processing.

This question is particularly salient for reading-
related behavior in vision encoders. Lin et al.
(2024) show that CLIP’s text recognition arises
largely from a shortcut: roughly half of training
images contain embedded text, and the majority of
these have captions that repeat the same text, lead-
ing the model to associate visual character patterns
with their transcriptions rather than principled read-
ing. Liu et al. (2025) disentangle the contributions
of data composition and language supervision more
directly, finding that text-rich training data accounts
for a substantial portion of the OCR gap between
CLIP and DINO, with language supervision provid-
ing an additional benefit. Building on this, Fan et al.
(2025) show that the remaining advantage of lan-

Rendered Text

Input Control

Figure 2: Rectangle input controls for three stylistic text
renders of the word “horse”. The control follows the
same rendering style as the text.

guage supervision on surface-level reading can be
further offset by increasing model scale. Whether
these factors—supervision, data composition, and
scale—similarly govern the emergence of cross-
modal semantic alignment, as measured through
cross-modal alignment between written words and
their visual referents, remains an open question and
the primary motivation for RQ3.

3 Methodology

A central challenge in studying visual text process-
ing in vision encoders is isolating textual represen-
tations from broader visual context, since vision
encoders operate directly on pixels and do not ac-
cept discrete text tokens as input. Moreover, real
images containing text introduce uncontrolled vari-
ation in layout, context, and background, making
it difficult to isolate the mechanisms underlying
visual text processing. We adopt a controlled eval-
uation strategy in which textual inputs are rendered
as images (Figure 2, top row). This allows us to
present identical linguistic content in diverse visual
forms by changing typographic features such as
font, size, and layout. These variations reduce re-
liance on fixed low-level visual cues, allowing us to
assess whether representations capture more gener-
alizable textual structure. An additional advantage
of this strategy is that rendered text images natu-
rally serve as a cross-modal bridge between visual
and textual representations. We leverage this in our
cross-modal experiments by pairing natural images
with rendered text images of their corresponding
class labels, allowing us to compare how shared
concepts are represented across modalities while
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controlling for visual form.

Representation extraction. We analyze frozen
representations across network depth, extracting
the post-LayerNorm residual stream from every
transformer block. At each layer, we consider
both the CLS token and mean-pooled patch tokens
(AVG). For MAE models, we set the mask ratio
to zero at inference so that all patch tokens are
present. These representations form the basis of the
task-specific analyses introduced below, where we
define the inputs, prediction targets, and datasets
for each research question.

Models. We study vision encoders represent-
ing three distinct pre-training paradigms: con-
trastive learning (CLIP; Radford et al. 2021), self-
supervised learning (DINO; Oquab et al. 2023),
and masked autoencoding (ViT-MAE; He et al.
2022). To ensure a fair comparison, we follow Fan
et al. (2025) and use models of comparable scale
(~1B parameters) trained on the same data.! We
additionally examine scaling effects using 300M,
2B, and 7B DINO models. All models use the
ViT architecture. During probe training, the model
weights are kept frozen and the weights of the
respective classifiers are adjusted. Freezing the
weights helps to ensure that the probing measures
properties of the pretrained representations with-
out altering them via task adaptation (Hewitt and
Liang, 2019). Appendix B lists full model details.

4 RQ1: Cross-Modal Semantic Alignment

4.1 Tasks

Cross-modal classification. Cross-modal clas-
sification tests whether object categories can be
decoded across modalities from a shared represen-
tation space. The input is a frozen layer repre-
sentation of either a natural image or a rendered
class label, and the prediction target is the cor-
responding object category. We pair natural im-
ages from Caltech-256 (Griffin et al., 2007) (143
classes, 50 images per class) and ImageNet-1K
(Deng et al., 2009) (1,000 classes, 50 validation im-
ages per class) with rendered text images of their
class labels, generated across diverse fonts, sizes,
and backgrounds. At each layer, we train a logistic
regression classifier on representations from one
modality and evaluate it on representations from

1With HuggingFace handles: facebook/webssl-dinolb-full2b-224,
/webssl-maelb-full2b-224, /metaclip-h14-fullcc2.5b

the other, averaging accuracy across the two trans-
fer directions. We also evaluate within-modality
classification to compare cross-modal transfer with
unimodal object and text recognition.

Because probing tasks vary substantially in label
cardinality, raw accuracy is not directly compara-
ble across tasks, layers, and models. We normal-
ize using Percentage Accuracy Gain (PAG) (e.g.
Goodfellow et al., 2016):

Acc — AcCpase
100 — Accpage |
where Accpase denotes the task-specific chance

baseline. We use the same normalization for the
linguistic classification tasks in Section 5.

PAG =

Zero-shot retrieval. To complement probe-
based analyses, we evaluate zero-shot cross-modal
retrieval on the same datasets using cosine similar-
ity without training additional classifiers, reporting
layer-wise Recall @K.

Relational retrieval. While cross-modal classi-
fication tests whether models map isolated words
to their visual referents, it leaves open whether this
alignment extends to compositional, attribute-level
meaning. We introduce controlled relational re-
trieval tasks using synthetically generated scenes
composed of fruit objects (Oltean, 2017) targeting
three attributes: cardinality (e.g., “3 apples”), spa-
tial direction (e.g., “apple right of banana”), and rel-
ative size (e.g., “tiny orange”). This dataset consists
of isolated fruit images against clean backgrounds,
making it straightforward to compose controlled
scenes by combining and manipulating individual
objects to express target relations. These tasks
pair natural images with rendered text-image de-
scriptions of the target relation, enabling us to test
whether cross-modal alignment extends beyond
simple object-label correspondence to relational
and attribute-level structure. We evaluate retrieval
in both image-to-text and text-to-image directions
and report average Recall@K.

Orthographic control. Cross-modal alignment
could in principle reflect orthographic co-
occurrence rather than semantic grounding. That
is, a model might associate an image of a horse
with “horse” simply because they co-occur in train-
ing, not because it understands the concept. We
therefore curate 90 orthographic neighbor pairs
corresponding to a subset of the 143 Caltech-256
classes, each pairing a class name with a seman-
tically unrelated distractor at edit distance 1 (e.g.,
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/webssl-mae1b-full2b-224, /metaclip-h14-fullcc2.5b
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Figure 3: Layer-wise PAG across 1B vision encoders for
cross-modal classification. In CLIP, image recognition
emerges first, followed by text recognition, and finally
cross-modal transfer in the deepest layers. Cross-modal
transfer remains near baseline in DINO and MAE.

“horse” vs. “house”). For each natural image, we
report the cosine similarity gap between the correct
and distractor rendered texts:

Agos = COS(Etexta Eimg) - COS(EOI'thOa Eimg),

where Eing, Eiext, and Equno are the embeddings
of the image, correct text, and orthographic distrac-
tor, respectively. Positive values indicate that the
model favors the semantically correct match over
the orthographically similar one.

4.2 Results and Discussion

Across all models, image recognition (img-img)
develops before text recognition (txt-txt), and cross-
modal transfer, when present, emerges only after
both, in the deepest layers (Figure 3). In CLIP,
cross-modal transfer increases sharply in the final
layers, whereas in DINO and MAE it remains near
baseline throughout depth. In CLIP specifically,
img-img scores rise steeply from depth 0.4, txt-
txt scores follow from depth 0.6, and cross-modal
transfer only begins to noticeably increase after
depth 0.9. This suggests that shared cross-modal
structure is not reducible to unimodal competence
alone, but instead emerges only once image and
text representations become sufficiently expressive.
In DINO and MAE, both unimodal settings reach
high PAG by depth 0.6-0.7, yet cross-modal trans-
fer remains near baseline across all layers, indi-
cating that strong unimodal representations alone
are insufficient for robust cross-modal alignment.
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Figure 4: Layer-wise Recall@1 for relational retrieval
tasks. CLIP develops strong late-layer alignment for
direction, cardinality, and size, while DINOv2 and MAE
remain near chance across depth.

Results on ImageNet-1K (Appendix C.1) show the
same pattern. Supporting zero-shot retrieval ex-
periments exhibit the same late-layer trend, with
CLIP developing strong retrieval alignment while
DINO and MAE (1B) remain near chance across
depth (Appendix C.2). Taken together, these results
point to a consistent ordering: cross-modal align-
ment does not develop in parallel with unimodal
recognition, but emerges only after both image and
text representations have individually matured —
suggesting it depends on the prior consolidation
of unimodal competence rather than developing
alongside it.

Relational retrieval experiments further show
that this alignment extends beyond isolated object-
label correspondence to attributes such as direction,
size, and cardinality (Figure 4, first 3 subplots).
While absolute Recall@1 scores remain low across
all tasks, CLIP consistently rises well above chance
in the deepest layers, confirming that late-layer rep-
resentations carry meaningful relational structure
despite the overall difficulty of these tasks. Among
the three attributes, cardinality shows the strongest
alignment, followed by size, while spatial direc-
tion remains substantially weaker — suggesting
that fine-grained relational correspondence is more
difficult to recover than object-level semantic align-
ment. This is consistent with prior work showing
that CLIP struggles broadly with spatial direction
(Liu et al., 2023), likely because directional prepo-
sitions are systematically underspecified in the web-
scraped image-caption pairs used for contrastive
pretraining.

Orthographic control experiments (Figure 4, last
subplot) further show that in early and middle lay-
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Figure 5: Layer-wise PAG across 1B encoders for lin-
guistic tasks. CLIP shows a clear surface-to-semantic
progression; DINO and MAE show weak grammatical
and near-absent semantic signals.

ers, all three models assign similarly high cosine
similarity to both the correct text and the ortho-
graphic distractor, indicating that representations at
these depths are not yet semantically discriminative.
In the deepest layers, however, CLIP shows a clear
divergence: similarity to the correct text drops less
sharply than similarity to the distractor, opening
a growing gap that favors the semantically corre-
sponding match. DINO and MAE show no such
separation, with correct and distractor similarities
tracking each other closely throughout depth.

Across all three evaluations — cross-modal clas-
sification, relational retrieval, and orthographic con-
trol — CLIP consistently outperforms DINO and
MAE, and in each case the advantage is concen-
trated in the deepest layers. This pattern is consis-
tent with a role for contrastive language supervi-
sion: CLIP is explicitly trained to align image and
text representations through contrastive language
supervision, whereas DINO and MAE receive no
such signal, suggesting that, at the 1B scale, robust
cross-modal transfer, relational alignment, and se-
mantic disambiguation beyond orthographic simi-
larity depend strongly on language-aligned training
signals; Section 6 examines whether scale and data
composition can compensate.

5 RQ2: Representational Structure
5.1 Tasks

We examine which linguistic properties are recov-
erable from frozen representations at different net-

work depths. Each example consists of a rendered
word or phrase paired with a task-specific label.
Given its representation at a particular layer, a
probe predicts an orthographic, grammatical, or
semantic property, as defined below.

Surface probes. We assess character identity
via 26 binary classifiers (one per letter) and word
length via length bin prediction. For character
presence, each classifier is trained on 100 posi-
tive examples (words containing the target letter)
and 100 negative examples (words not containing
it), balanced by selecting the most frequent words
from SUBTLEX-US (Brysbaert and New, 2009);
each word is rendered as a single 224 x 224 image.
For letter count, we define four word-length bins
([3-5], [6-8], [9-11], [12—14] characters) with 300
words per bin (100 per individual length), again
frequency-ordered from SUBTLEX-US, giving a
4-class problem with a chance level of 25%. These
tasks establish whether the encoder captures the
most basic orthographic properties of rendered text,
which are the building blocks of any deeper linguis-
tic organization. For Letter Count, word length is
directly recoverable from image width, introducing
a visual confound that could inflate probe perfor-
mance independently of any orthographic content.
To discount this, we apply rectangle input controls,
which are blank rectangles rendered in the same
style and position as the original word, with width
proportional to character count at the rendered font
size and height equal to the text bounding box but
containing no linguistic content (Figure 2, bottom
row), and compute a confound PAG from their
performance. The final adjusted score PAG,q; sub-
tracts this confound, ensuring that reported perfor-
mance reflects orthographic encoding rather than
incidental visual cues.

Grammatical probes. We use part-of-speech
(POS) prediction as a proxy for grammatical or-
ganization beyond surface form. If representations
encode not just what a word looks like but what
syntactic role it plays, this would suggest that the
encoder has internalized structure that goes be-
yond orthographic pattern matching. For isolated-
word POS tagging, we build a 4-class dataset
(NOUN, VERB, ADJ, ADV) of up to 200 words
per class drawn from five Universal Dependencies
English treebanks (Nivre et al., 2020) (EWT, GUM,
LinES, ParTUT, PUD), retaining only unambigu-
ously tagged lemma; each word is rendered as a
single image. For contextual POS, we target 4
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classes (NOUN, VERB, ADJ, ADV) using words
that appear under multiple POS tags across the
same treebanks, collecting up to 500 instances per
class; each image shows a 5-word context window
with the target word circled, which is intended to
reduce reliance on lexical priors.

Semantic probes. We assess whether represen-
tations capture higher-level conceptual structure
through two tasks: supersense categorization,
which tests whether words are grouped by broad
semantic category, and concreteness prediction,
which tests whether the encoder distinguishes be-
tween abstract and concrete concepts. For super-
sense, we define 10 WordNet-derived categories
(animal, fruit, vegetable, furniture, vehicle, cloth-
ing, instrument, building, tool, tree) with up to
50 words per class, filtered by SUBTLEX-US fre-
quency; each word is rendered as a single im-
age. For concreteness, words are drawn from
SUBTLEX-US and labeled as abstract (concrete-
ness rating < 2.0) or concrete (> 3.0) based on the
concreteness ratings from Brysbaert et al. (2014),
with the ambiguous mid-range dropped; 500 words
per class are selected with word-length distribu-
tions matched across classes to remove length as
a confound. Together, these probe whether the en-
coder has moved beyond surface and grammatical
organization toward something closer to meaning.
Rectangle input controls are applied to concrete-
ness prediction, where word length is a known cor-
relate of abstractness (Lewis and Frank, 2016).

Probe training and evaluation. For each task,
an example consists of a frozen representation
of a rendered word or phrase paired with its
task-specific label. We evaluate independent L2-
regularized logistic regression probes for each
vision encoder, layer, and pooling method us-
ing stratified five-fold cross-validation with ran-
dom shuffling. We standardize features using
the mean and variance estimated from the train-
ing split. We select the regularization strength
C € {1073,1072,10~%,1,10,100} by maximiz-
ing accuracy on a held-out validation subset com-
prising 10% of the training split, then refit the clas-
sifier on the entire training split. We report mean
test accuracy and standard deviation across the five
folds and normalize accuracy using PAG (see § 4.1).
For tasks with rectangle input controls, we report
PAGadj = PAG — PAGconfound’ where PAGconfound
denotes probe performance on rectangle controls.
To ensure probe performance reflects structured

information rather than superficial cues, we apply
label controls (shuffled labels, fixed inputs) to all
tasks (Hewitt and Liang, 2019); as control perfor-
mance remained consistently near chance level, we
exclude them from further analysis. To reduce task-
specific variance in reporting, we aggregate prob-
ing performance within each linguistic level into
a single composite PAG. Full dataset construction
details are in Appendix A.

5.2 Results and Discussion

Figure 5 shows layer-wise PAG for surface, gram-
matical, and semantic probing tasks across 1B mod-
els. CLIP develops a clear surface-to-semantic hi-
erarchy across layers: surface information emerges
early, grammatical regularities peak at intermedi-
ate depth, and semantic organization consolidates
only in the deepest layers (depth ~0.9). Similar
trends are observed in the contextual POS setting
(Appendix C.4), confirming that these grammatical
signals are not limited to isolated lexical priors. In
contrast, DINO and MAE exhibit strong surface
signals but substantially weaker grammatical and
semantic structure.

Importantly, the emergence of semantic probe
performance in CLIP coincides with the onset of
strong cross-modal transfer and retrieval alignment
from RQ1. Orthographic control experiments fur-
ther show that late-layer image-text similarity in-
creasingly favors correct semantic matches over
orthographically similar distractors, indicating that
late-layer alignment in CLIP corresponds to in-
creasingly structured semantic organization rather
than purely orthographic matching. These find-
ings corroborate Materzynska et al. (2022) while
extending their results by localizing strong cross-
modal alignment to the deepest layers and relating
it to a progressively organized representational hi-
erarchy. They also partially support the concerns
of Wang and Ma (2025): orthographic similarity
contributes substantially in earlier layers, but later
CLIP representations increasingly reflect semantic
correspondence beyond surface form.

The contrast with DINO and MAE is informa-
tive: both models develop strong surface represen-
tations from visual form alone, but, at this scale, the
absence of language supervision limits the emer-
gence of the deeper grammatical and semantic
structures that support cross-modal alignment in
CLIP.
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Figure 6: Left (1): Cross-modal and unimodal classification across scales. Scale substantially improves cross-modal
alignment. Right (2-4): Layer-wise PAG across DINO scales (300M, 2B, 7B) for linguistic probing. Larger models,
with the 7B model also trained on more data, exhibit stronger and more hierarchically organized representations.
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Figure 7: Left (1): Cross-modal and unimodal classification across data compositions: Normal, light (50.3% text
only), heavy (1.3% OCR only). Data composition modestly improves cross-modal alignment. Right (2-4): Layer-
wise PAG across DINO pretrained on different data compositions. OCR-focused data strengthens and hierarchically

organizes representations.

6 RQ3: The Role of Scale and Data
Composition

6.1 Tasks

Having established that cross-modal alignment and
its underlying representational hierarchy depend
strongly on training objective, we examine whether
scale and data composition can compensate for the
absence of language supervision. We study a family
of self-supervised DINO variants that differ either
in model size or training data composition. To ex-
amine how model scale and training-data composi-
tion affect alignment and representational structure,
we apply the tasks and evaluation protocols intro-
duced in Sections 4 and 5 to the DINO variants
described below.

Scale variants. We compare DINO models with
300M, 2B, and 7B parameters to examine how
scaling is associated with cross-modal transfer and
representational organization. The 300M and 2B
models are trained on the same 2B-image dataset,
whereas the 7B model is trained on a larger 8B-
image dataset. Thus, comparisons between the
300M and 2B models isolate the effect of model
capacity, while differences involving the 7B model
reflect the combined effects of increased capacity

and training-data scale.

Data composition variants. We examine DINO-
2B models trained on subsets of the MC dataset
(Xu et al., 2024) enriched for text-heavy content.
The “light” variant retains 50.3% of images in to-
tal through mild OCR-based filtering, while the
“heavy” variant retains only 1.3%, primarily docu-
ments, charts, and tables.

6.2 Results and Discussion

Effect of model scale. Figure 6 shows that scale
improves both cross-modal transfer and represen-
tational organization, with the largest gains at 7B.
While image-to-image alignment improves steadily
across depth for all models, text-to-text recognition
is less stable in smaller models, showing gains in
intermediate layers but degrading in deeper layers
for the 300M and 2B variants. In contrast, the 7B
model maintains strong text representations in later
layers and first exhibits clear cross-modal transfer
in deep layers among self-supervised models.
Surface-level information is learned early across
all scales, with larger models consistently perform-
ing better. Increasing scale also produces a clearer
separation between surface, grammatical, and se-
mantic representations across depth, with semantic
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probe performance strengthening substantially in
the deepest layers. This hierarchical organization
remains weak in smaller models, where seman-
tic probe performance stays near baseline. Zero-
shot retrieval, relational retrieval, and orthographic
control experiments exhibit the same trend (Ap-
pendix C.2, C.3), with DINOv2 7B showing sub-
stantially stronger late-layer alignment and seman-
tic separation than smaller self-supervised models.

Effect of data composition. Prior work by Fan
et al. (2025) showed that scale and text-rich data
can partially offset the OCR advantage provided by
language supervision. Figure 7 shows that this ef-
fect extends beyond surface-level recognition into
cross-modal transfer and representational organi-
zation. Filtering toward text-rich data stabilizes
text-to-text representations in deeper layers. The
baseline model exhibits a noticeable degradation
in late-layer text recognition that text-rich filter-
ing corrects. Filtering also produces modest im-
provements in late-layer cross-modal transfer and
semantic probe performance. However, these gains
remain substantially weaker than those observed in
DINOv2 7B and CLIP. Supporting retrieval and or-
thographic control experiments show the same qual-
itative trend (Appendix C.2, C.3), suggesting that
data composition alone is insufficient to fully re-
cover the stronger cross-modal alignment observed
in contrastively trained or large-scale models.
Overall, both increased model capacity and
training-data scale are associated with stronger hi-
erarchical linguistic organization and cross-modal
alignment in self-supervised vision encoders. The
controlled 300M-to-2B comparison shows that ca-
pacity alone mainly improves surface-level repre-
sentations, with little effect on cross-modal transfer
or semantic organization, while the stronger perfor-
mance of DINOv2 7B reflects the combined effects
of increased capacity and a larger training dataset.
Optimized data composition improves text recog-
nition and reduces modality gaps, but, in our ex-
periments, does not match the transfer or semantic
organization observed in the 7B model.

7 Conclusion

In this work, we studied how vision encoders pro-
cess and organize textual information across net-
work depth, using cross-modal alignment between
rendered text and visual concepts as a controlled
lens into broader reading comprehension capabili-
ties. Through controlled cross-modal transfer ex-

periments and supporting layer-wise probing analy-
ses, we showed that strong cross-modal alignment
between rendered text and natural images emerges
only in the deepest layers, after unimodal object
and text recognition have already developed. Zero-
shot retrieval and relational retrieval experiments
corroborate this picture, showing that late-layer
CLIP representations support not only object-label
correspondence but also attribute-level structure
such as cardinality and size, while spatial direction
remains consistently the most difficult relational
attribute to recover. Our analyses further revealed
that this transition coincides with a progressively
organized hierarchy of representations spanning
surface-level orthographic information, grammat-
ical regularities, and semantic organization. Our
findings suggest that strong cross-modal semantic
alignment in vision encoders emerges jointly from
sufficient model capacity and exposure to language-
aligned visual signals. Among the models studied,
increasing model size and training-data scale yield
larger gains in cross-modal transfer and hierarchi-
cal linguistic organization than enriching training
data with text does. Text-rich data stabilizes late-
layer text recognition and modestly improves se-
mantic alignment, but does not match the stronger
transfer and semantic organization observed in the
7B model.

Limitations

Our work studies language-relevant representations
in vision encoders primarily through cross-modal
semantic alignment between rendered text and vi-
sual concepts. While this provides a measurable op-
erational proxy, reading comprehension is substan-
tially broader and more complex than the behaviors
evaluated here, involving compositional reasoning,
discourse understanding, world knowledge inte-
gration, long-range dependency processing, and
pragmatic interpretation. As a result, our find-
ings should be interpreted as evidence of language-
relevant representational organization and cross-
modal alignment rather than full human-like read-
ing comprehension.

Our analyses also rely heavily on probing meth-
ods, which measure information accessible within
intermediate representations rather than the causal
mechanisms used during inference. Although we
complement probing with cross-modal transfer, re-
trieval, and orthographic control experiments, these
methods cannot fully determine how models in-
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ternally compute or use linguistic representations.
Moreover, many of our probing tasks operate pri-
marily on isolated words. While this enables con-
trolled analysis of orthographic, grammatical, and
semantic structure, natural language understand-
ing depends heavily on broader contextual and
compositional information. We partially address
this through contextual POS experiments, but more
complex sentence-level and discourse-level evalua-
tions remain outside the scope of this work.

Finally, our study focuses exclusively on stan-
dalone vision encoders rather than full large vision-
language models (LVLMs) that integrate these en-
coders within larger multimodal systems. Since
downstream language models may substantially al-
ter or amplify the language-relevant representations
present in the visual backbone, it remains unclear
how these findings transfer to instruction-tuned or
generative multimodal systems, which we leave for
future work.
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A Dataset Construction Details

A.1 Character Presence

Word stimuli are drawn from the SUBTLEX-US
corpus, a subtitle-derived lexical database com-
monly used in psycholinguistic research. Candi-
date words are sorted by Lg10CD, a log-transformed
contextual diversity measure reflecting the number
of subtitle contexts in which a word appears. We
remove words beginning with uppercase charac-
ters, words with length < 2, and words containing
non-alphabetic characters such as apostrophes or
hyphens. All remaining words are lowercased and
deduplicated.

For each character ¢ € {a,...,z}, we con-
struct a balanced binary dataset consisting of 100
high-frequency words containing ¢ and 100 high-
frequency words not containing c. Words are se-
lected deterministically through a greedy pass over
the frequency-sorted corpus without random sam-
pling. The resulting dataset contains 200 samples
per character and 5,200 rendered images in total.

A.2 Letter Count

Word stimuli are drawn from the same filtered
SUBTLEX-US vocabulary used for Character Pres-
ence. Words are grouped into four length bins:
3-5, 68, 9—11, and 12—14 characters. To ensure
balanced class distributions, we select the top 100
most frequent words for each exact word length us-
ing a deterministic greedy pass over the frequency-
sorted corpus. Each bin therefore contains 300
words (3 lengths x 100 words), resulting in 1,200
total word samples.

For every word, we generate two aligned image
variants: a rendered text image and a rectangle
control image. The rectangle image preserves the
same rendering style, position, color, and approxi-
mate visual extent as the original word image, but
replaces the rendered text with a filled rectangle
whose width is proportional to the number of char-
acters in the word. This control isolates visual span
information while removing orthographic content.

A.3 POS Tagging

Word stimuli are constructed from five English Uni-
versal Dependencies (UD) treebanks: EWT, GUM,
LinES, ParTUT, and PUD. All train, development,

and test splits are merged into a single corpus span-
ning diverse domains including web text, news,
fiction, subtitles, parliamentary proceedings, and
Wikipedia. We parse all CoNLL-U files and re-
move comment lines, multiword tokens, empty
nodes, punctuation, and non-alphabetic forms. All
remaining word forms and lemmas are lowercased.

For each surviving token, we collect
(form, lemma, UPOS) tuples and aggregate
POS statistics at the lemma level across the merged
corpus. To construct an unambiguous POS dataset,
each lemma must occur at least 10 times overall
and exhibit a dominant POS purity of at least 98%,
computed as the fraction of occurrences assigned
to its most frequent POS tag. This filtering
removes words with substantial POS ambiguity
across contexts.

We retain four content-word POS categories:
NOUN, VERB, ADJ, and ADV. Function-word
categories such as determiners and adpositions are
excluded because they are often trivially identifi-
able from orthographic form alone. For each re-
tained POS class, we select the top 200 lemmas
by corpus frequency, resulting in 800 total word
samples.

Contextual POS Tagging. To complement
isolated-word POS tagging, we additionally con-
struct a contextual POS dataset using the same
five Universal Dependencies treebanks. Unlike
the primary POS dataset, this variant focuses ex-
clusively on contextually ambiguous lemmas that
occur under multiple POS categories in the corpus.
A lemma is retained if it appears under at least two
target POS classes, each occurring at least three
times, with a minimum total frequency of 10 occur-
rences overall.

For each ambiguous token occurrence, we ex-
tract a short phrase centered on the target word
using a five-word context window consisting of the
two nearest content words on either side. Punctu-
ation between anchor tokens is preserved to main-
tain natural sentence structure. To reduce duplica-
tion, examples are deduplicated by phrase content,
lemma, and POS assignment.

We retain the same four POS categories used in
the main experiments (NOUN, VERB, ADJ, ADV)
and sample up to 500 examples per class, yielding
at most 2,000 contextual phrase examples overall.
Within each phrase image, the target word is vi-
sually highlighted with an ellipse to indicate the
prediction target while preserving surrounding con-

4772



textual information.

A.4 Supersense Classification

The supersense dataset consists of manually cu-
rated word lists spanning 10 superordinate seman-
tic categories: animal, fruit, vegetable, furniture,
vehicle, clothing, instrument, building, tool, and
tree. Each category contains 50 concrete noun con-
cepts selected to represent a broad range of cate-
gory members, including both common and less
frequent terms. Category definitions are loosely in-
spired by high-level WordNet semantic groupings,
and the 50 words are filtered by SUBTLEX-US
frequencies.

A.5 Concreteness

Concreteness labels are derived from the con-
creteness norms of Brysbaert et al. (2014), which
provide crowd-sourced ratings for approximately
40,000 English lemmas on a 1-5 scale ranging from
highly abstract to highly concrete concepts. We re-
tain only alphabetic single-word entries, remove
multi-word expressions and hyphenated forms, low-
ercase all words, and deduplicate the resulting vo-
cabulary.

Words with concreteness ratings < 2.0 are as-
signed to the abstract class, while words with rat-
ings > 3.0 are assigned to the concrete class. Inter-
mediate words with ratings between 2.0 and 3.0 are
excluded to avoid semantically ambiguous bound-
ary cases.

Because concreteness is correlated with word
length, we additionally perform length-matched
balancing between the two classes. For each word-
length bucket, we compute the maximum num-
ber of matched abstract-concrete pairs available
and allocate samples proportionally across lengths.
Within each (length, class) group, words are se-
lected by descending SUBTLEX-US Lg10CD fre-
quency. This procedure ensures that abstract and
concrete classes exhibit identical word-length dis-
tributions, reducing the possibility of exploiting
visual word extent as a shortcut.

The final dataset contains 500 abstract and 500
concrete words, for a total of 1,000 samples.

A.6 Cross-Modal Classification

Cross-modal classification evaluates whether repre-
sentations learned from one modality generalize to
the other. We construct paired image-text datasets
using Caltech-256 and ImageNet-1K. For Caltech-
256, we retain 143 visually well-defined classes

after removing ambiguous or underspecified cat-
egories. For ImageNet-1K, all 1,000 classes are
used. Natural images are paired with rendered text
images corresponding to their class labels.

Two transfer directions are evaluated indepen-
dently: image-to-text (img2txt), where classifiers
are trained on image representations and evalu-
ated on text representations, and text-to-image
(txt2img), where training and evaluation are re-
versed. Unlike standard train-test splits, the gen-
eralization being evaluated occurs entirely across
modalities rather than across samples. For Caltech-
256, image-to-text training uses approximately
7,150 image samples with 143 text-image test sam-
ples, while ImageNet-1K uses 50,000 image sam-
ples with 1,000 text-image test samples.

A.7 Orthographic Control

The orthographic control dataset is constructed to
test whether cross-modal alignment between nat-
ural images and rendered text can be explained
purely through orthographic similarity. We manu-
ally curate 90 orthographic neighbor pairs for 90
of the 143 Caltech-256 classes used in the main ex-
periments, namely those for which a semantically
unrelated edit-distance-1 neighbor exists. Each pair
consists of a class name and an orthographically
similar distractor word with edit distance 1, gen-
erated through either single-character substitution
or deletion (e.g., horse — house, goose — noose).
Distractor words are selected to be semantically
unrelated to the original class while remaining vi-
sually similar at the character level.

For each class, we construct three aligned modal-
ities: natural images from Caltech-256, rendered
text images of the correct class label, and rendered
text images of the orthographic distractor. Ortho-
graphic control images are generated with the same
canvas dimensions as their corresponding class-
label renders to ensure that differences arise only
from character content rather than image size or
layout.

A.8 Relational Retrieval

Relational retrieval datasets are constructed using
object instances from Fruits-360 (Oltean, 2017).
We select 20 fruit categories and generate synthetic
image-text pairs targeting three relational attributes:
cardinality, relative size, and spatial direction. Each
dataset defines compound labels combining object
identity with the target relational attribute.

For the cardinality dataset, each sample contains
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between one and four instances of a fruit object
arranged on a fixed canvas. Compound labels there-
fore take the form apple_2, banana_4, etc. Object
layouts vary according to count, while individual
samples use different rotation frames from Fruits-
360 together with small positional jitter to increase
visual diversity. Corresponding text captions fol-
low forms such as “2 apples” or “1 apple”. The
resulting dataset contains 80 compound labels with
400 image samples and 400 text samples overall.

For the size dataset, individual fruit instances are
resized to one of four relative scales: tiny, small,
big, or huge. Compound labels therefore corre-
spond to object-size pairs such as apple_tiny or
orange_huge. Text captions follow the correspond-
ing linguistic form (e.g., “tiny apple”). As in the
cardinality dataset, multiple rotation frames and
positional jitter are used for variation. The final
dataset contains 80 compound labels with 400 im-
age samples and 400 text samples.

For the direction dataset, we generate ordered
object pairs across all distinct fruit combina-
tions, producing compound labels such as ap-
ple_right_banana. Four spatial relations are used:
top, right, bottom, and left. Objects are positioned
symmetrically around the image center with in-
dependent positional jitter applied to each object.
Corresponding text captions follow forms such as
“apple right of banana”. This dataset contains 1,520
relational triples with 7,600 image samples and
7,600 text samples overall.

B Models
Identifier Objective
300M
facebook/webssl-dino30@m-full2b-224 DINO
1B
facebook/webssl-dinolb-full2b-224 DINO
facebook/webssl-maelb-full2b-224 MAE
facebook/metaclip-h14-fullcc2.5b CLIP
2B
facebook/webssl-dino2b-light2b-224 DINO
facebook/webssl-dino2b-heavy2b-224 DINO
facebook/webssl-dino2b-full2b-224 DINO
7B
facebook/webssl-dino7b-full8b-224 DINO

Table 1: Vision encoders used in this work. All models
are available at huggingface. co.

C Further Results

C.1 Cross-modal Classification for
ImageNet1k
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Figure 8: Layer-wise PAG across 1B vision encoders
for cross-modal classification on ImageNetlk. Similar
to results on Caltech256, in CLIP, image recognition
develops first, followed by text recognition, and finally
cross-modal alignment, each peaking in deeper layers.
Cross-modal transfer is absent in both DINO and MAE.

C.2 Zero-shot Retrieval
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Figure 9: Layer-wise zero-shot cross-modal retrieval on
Caltech-256 measured with Recall@1. CLIP and DI-
NOv2 7B exhibit sharp late-layer increases in retrieval
alignment between rendered text and natural images,
while DINOv2 1B and MAE remain near chance across
depth.
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Figure 10: Layer-wise zero-shot cross-modal retrieval
on Caltech-256 measured with Recall@10. Similar to
Recall@1, retrieval performance rises sharply only in
the deepest layers of CLIP and DINOvV2 7B, mirroring
the late emergence of cross-modal transfer observed in
probe-based experiments.

C.3 Relational Retrieval and Orthographic
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Figure 11: Layer-wise zero-shot relational retrieval mea-
sured with Recall@1. CLIP develops strong late-layer
alignment for direction, cardinality, and size, while DI-
NOv2 7B exhibits weaker but measurable relational
alignment in deeper layers. Smaller self-supervised
models remain near chance across depth, with spatial
direction consistently emerging as the most difficult re-
lational attribute.

C.4 Contextual POS
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Figure 12: Layer-wise PAG for contextual POS tagging
across 1B vision encoders and DINOv2 7B. Similar
to isolated-word POS probing, CLIP and DINOv2 7B
exhibit progressively stronger grammatical signals in
deeper layers, while DINOv2 1B and MAE remain sub-
stantially weaker.
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