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Abstract

Recent vision transformers model images as
token sequences but rely on patch-based or
continuous pixel embeddings. We extend the
vision-language paradigm by representing im-
ages as textual sequences derived directly from
pixels and modeling them with transformer-
based language models. Pixel intensities are
mapped to Unicode characters and tokenized
using Byte Pair Encoding (BPE), after which a
BERT-style transformer is trained on the result-
ing sequences. As a proof of concept, we pre-
train on ImageNet-1K and fine-tune on MNIST
and Fashion-MNIST. Results show that vision-
language-based transformer models can effec-
tively operate on pixel-derived text and benefit
from scalable vocabularies, framing images as
a discrete and extensible language.

1 Introduction and Related Work

Recent advances in computer vision have enabled
high-accuracy performance across tasks such as
image classification, detection, and segmentation,
driven by deep learning, large-scale datasets, and
increased computational resources (LeCun et al.,
2015; Goodfellow, 2016; Bengio et al., 2017). Clas-
sical vision pipelines treat images as numeric pixel
matrices and rely on handcrafted or learned feature
extraction (Ram et al., 2013). The introduction of
Convolutional Neural Networks (CNNs) marked
a paradigm shift by enabling hierarchical feature
learning directly from pixel intensities (Li et al.,
2021; O’Shea, 2015; Gu et al., 2018; Yamashita
et al., 2018; Zeiler and Fergus, 2014), with residual
architectures further improving scalability and per-
formance on complex datasets (Targ et al., 2016).
In parallel, natural language processing (NLP)
has advanced rapidly with transformer-based archi-
tectures (Vaswani, 2017), which model sequences
via self-attention and form the basis of modern
language models. Pretrained transformers such
as BERT (Devlin, 2018) exhibit strong contextual

representations and transferability across tasks. In-
spired by these successes, transformers have been
adapted to vision by representing images as token
sequences. Vision Transformers (ViT) (Dosovit-
skiy, 2020) and variants such as Convolutional vi-
sion Transformers (CvT) (Wu et al., 2021) tokenize
images into fixed-size patches, preserving a local-
ity bias from CNNs. More recently, Nguyen et
al. (Nguyen et al., 2025) demonstrated that vanilla
transformers can operate directly on individual pix-
els without patch aggregation, challenging the ne-
cessity of strong spatial inductive biases. At the
intersection of vision and language, multimodal
models such as CLIP (Radford et al., 2021) learn
joint image—text representations but do not treat
image pixels as linguistic units, leaving the ques-
tion of language-like structure at the pixel level
largely unexplored. Moreover, a recent line of work
introduced vision-language (Islam et al., 2025),
which represents images as textual sequences de-
rived from pixel-level data by mapping pixel inten-
sities to symbolic characters. This enables the use
of classical NLP techniques for vision tasks and
reveals language-like statistical regularities in pixel-
derived sequences. However, the approach remains
limited to shallow and lossy architectures, leaving
transformer-based language modeling unexplored.
Our Contribution. We extend the vision-language
paradigm to transformer architectures by encod-
ing each pixel of grayscale images as a discrete
Unicode symbol, yielding a lossless representation
with a base vocabulary of 256 tokens. Images are
treated as character sequences, and Byte Pair En-
coding (BPE) (Shibata et al., 1999) is applied to
learn higher-level visual tokens. A BERT-style
transformer is trained directly on these sequences
to capture contextual dependencies among pixel-
derived tokens.

Unlike patch-based or pixel-token vision trans-
formers, our approach adopts a linguistic abstrac-
tion: images are modeled as sequences of discrete



symbols rather than continuous embeddings. While
ViT-style models are constrained by fixed hidden
sizes (e.g., 768) and sequence length, our formula-
tion allows representational capacity to scale with
vocabulary size via subword tokenization (e.g.,
8K-16K tokens).

As a proof of concept, we pretrain on ImageNet-
1K and fine-tune on grayscale MNIST and Fashion-
MNIST, demonstrating that vision-language-based
transformer models can effectively operate on pixel-
derived text and offering a complementary perspec-
tive that frames images as a discrete, extensible
language.

2 Methodology

In this section, we extend the idea of applying
vision-language to transformers. Figure 1 illus-
trates the whole framework.

2.1 Characterization

Image Normalization and Grayscale Projection.
As preprocessing, all images are resized to a fixed
resolution of 224 x 224 pixels and converted to
grayscale for color inputs. Let I € [0, 255]224%224
denote the resulting image. This transformation col-
lapses the RGB channels into a single luminance
value, producing a dense matrix of pixel intensi-
ties while enforcing a uniform sequence length
across the dataset. The grayscale conversion pre-
serves essential structural information relevant for
downstream visual modeling while reducing in-
put dimensionality, yielding a simpler and more
tractable corpus for training. As illustrated in Fig-
ure 1, the MNIST and Fashion-MNIST datasets
are already provided in grayscale and therefore di-
rectly processed using 256 intensity levels. For
other datasets, images are to be preprocessed into
grayscale as a prerequisite for applying the pro-
posed framework.

Image-to-Text Characterization. To transform
images into a modality compatible with sequence-
based language models, we convert each image
into a deterministic sequence of Unicode sym-
bols. Each pixel intensity, p € {0,1,...,255}
is mapped to a unique character in the Unicode
Private Use Area (PUA). We define a mapping:
{0,...,255} — {U+EO000,...,U+EOFF}. This
results in a closed vocabulary of exactly 256 atomic
symbols, each corresponding to a discrete pixel
value. The PUA ensures that these symbols do not
collide with natural language tokens and remain

fully controllable within the framework. Because
the mapping operates at the pixel level, considering
each pixel as a character, the representation is loss-
less for grayscale images and perfectly invertible.

Sequence Linearization. The grayscale
image matrix I is flattened in row-major
order into a sequence of length 50,176:
[(1171), (1172), ey (12247224) } . Thus, each
image yields a fixed-length sequence of 50,176
Unicode characters, where each character cor-
responds to a single pixel. This representation
converts the image into a pure text sequence
without requiring any learned tokenizer or patch
extraction. In contrast to patch-based encodings,
this formulation preserves full pixel resolution
and enables direct application of sequence models
(e.g., masked language modeling or autoregressive
objectives) to the raw visual signal.

2.2 Tokenization

We analyze the subword vocabulary learned by the
BPE tokenizer trained over the Unicode-encoded
image corpus. Since the input consists of sequences
over a fixed 256-symbol alphabet (corresponding
to grayscale intensities mapped to Unicode code
points), BPE operates by merging frequently co-
occurring symbol pairs into composite tokens of
increasing length. To characterize the structure
of the learned vocabulary, we group all tokens by
their character length, where a length-1 token corre-
sponds to a single Unicode pixel symbol and tokens
of length ¢ > 1 represent /-character substrings
formed through one or more merge operations.

2.3 Transformer Implementation

As illustrated in Figure 1, our approach employs
a standard encoder-only transformer architecture,
comprising stacked self-attention and feed-forward
layers. The proposed vision-language formulation
is model-agnostic and can, in principle, be instanti-
ated with any transformer encoder capable of pro-
cessing token sequences. In this work, we employ
BERT as a proof-of-concept to demonstrate the
feasibility of modeling pixel-derived linguistic rep-
resentations using established NLP architectures.

Pretraining. We pretrain a BERT-style transformer
encoder on the ImageNet-1K dataset, treating each
image as a sequence of BPE tokens. The model
is trained using the masked language modeling
(MLM) objective, where a subset of visual to-
kens is randomly masked, and the model is op-
timized to predict the original tokens based on



Pre-training

Images

Preprocessing to

Pixel Values

A4
Ewmwuumi

AN DIOONND
Characterized Form

grayscale

Characterization

Tokenization (BPE)
Vocab Size:
512/1k/2k...

Tokenized Form

y

~

ARQQOHNNIMRQ 7
AN NOF oy |[/7 M A Token Ly Tyl Positional
QOO NOxe (4000, - Fit] [L5X|[ ) Embedding v Embedding
M HHONNNY :

Encoder Blocks

eedrorward

attention

Fine-Tuning

Preprocessing to

(4d€) uoneziudyoy,

: :
attention

cedrorward

[9297, D29, DIIM, HIIIJ]
[9979, 9999, 9999, INII]
[9792, 972, 993, NI
[M23M, 7N, DI, IDIM]
(9729, 99, INND,9973]
2972, 97NM2, 29D, INID

[929%, 297, 299D, NI,

9999, M29M. NI, IIII]
[9997), 9979, 9999, 2]
[9999, MOIM, NI, IIII]

\ /

0.2
0.6

04] ...
05] ...

0.9
0.2

Surun-ouy—

Tmages arayscale Characterization Tokenized Form
retramned 0dce:
Testing Characterization

000..255255255 | 99999799 | | = Al 04

000..255255255] | 297 m999 ng %%?n‘%mogg } 84;)

000..255255255] | MMM | || 555 noan’ 335 IIIIII
RERRRRRRRON] [999, )M, 999 ] > -

00255..2552550( [ DDNNNNNDDD | || [999, Ay, 999 ] :

0255 ...2552550 AAYNNNNNNOD D, A, 99 ] IIIIII
Image Preprocessing to Pixel Values Characterized Form /| [0D.7M3M, 99 ] Output
Tokenized Form Probabilities

grayscale
Vision Language Block

Transformer Block

\

Figure 1: Overview of the vision-language Transformer framework. Images are resized and converted to grayscale,
then each pixel intensity is mapped to a unique Unicode character to form a character-level visual text sequence.
The resulting sequences are tokenized using Byte Pair Encoding (BPE) and modeled with a transformer trained
using a masked language modeling objective, followed by fine-tuning the model.

their surrounding context. Through this objective,
the transformer learns contextual dependencies
among pixel-derived tokens using self-attention,
effectively modeling long-range spatial relation-
ships in the image as linguistic context. No label
supervision is used during pretraining.

Fine-tuning and Classification. Following pre-
training, the model is fine-tuned on smaller
grayscale datasets (MNIST and Fashion-MNIST).
Images from these datasets are converted to Uni-
code sequences using the same pixel-to-character
mapping and tokenized using the pretrained BPE
tokenizer. We choose image classification as a
downstream task. For classification, a task-specific
classification head is added on top of the trans-
former, and the representation of the special [CLS]
token is used for prediction. Fine-tuning updates
all model parameters using labeled data.

This implementation demonstrates that a stan-
dard transformer encoder, without architectural
modification, can effectively model pixel-level
vision-language representations. The use of BERT
serves to validate the generality of the framework
and establishes a baseline for future exploration
with alternative transformer architectures.

3 Experimental Result Analysis

We present a proof-of-concept evaluation of vision-
language-based transformer modeling on MNIST
and Fashion-MNIST. We compare our lossless ap-
proach with the original vision-language lossy
baseline (Islam et al., 2025), which reduces im-
age resolution via pixel-intensity quantization (e.g.,
8 or 32 levels) and encodes pairs of vertically adja-
cent pixels as a single character. In contrast, we rep-
resent each pixel as a distinct character, preserving
full pixel-level granularity and enabling direct ap-
plication of standard language modeling techniques
without spatial aggregation. For fair comparison,
all methods use the same BERT-based transformer
architecture with hidden dimension 768, ensuring
that observed differences stem from representation
choices rather than model capacity.

Table 1 reports classification accuracy on
MNIST and Fashion-MNIST across different vo-
cabulary sizes and pixel quantization levels, re-
vealing a strong interaction between pixel granu-
larity and vocabulary capacity. For coarse quan-
tization (8 shades), high performance is achieved
with small vocabularies (256-512), while larger
vocabularies consistently degrade accuracy, indi-



Table 1: Classification accuracy (%) on MNIST (M)
and Fashion-MNIST (F-M) across vocabulary sizes and
pixel quantization levels. The 8- and 32-shade settings
represent two vertically adjacent pixels as a single char-
acter, while the 256-shade setting treats each individual
pixel as a distinct character.

Vocab. 8 Shades 32 Shades 256 Shades

Size (Lossy) (Lossy) (Lossless)
M F-M M F-M M F-M

256 98.50 87.85 - - - -
512 97.69 86.64 99.23 91.77 9490 83.63
1024 96.70 85.66 99.02 90.89 93.20 83.73
2048 - - 98.86 90.46 98.00 91.40
4096 - - - - 98.08 92.32
8192 - - - - 98.08 91.96

cating that heavily quantized representations do not
benefit from increased lexical capacity. With 32
shades, performance improves substantially, espe-
cially on Fashion-MNIST, and intermediate vocab-
ularies (512-1024) perform best, suggesting that
finer pixel distinctions require moderate vocabu-
lary capacity. In contrast, the 256-shade setting,
corresponding to the pixel-level vision-language
formulation, exhibits a markedly different trend.
Small vocabularies (512-1024) perform poorly,
while larger vocabularies are essential for strong
performance. Vocabulary sizes of 2048-8192 yield
substantial gains, with the best results achieving
state-of-the-art—level accuracy of ~99% on MNIST
and ~93% on Fashion-MNIST. Overall, these re-
sults highlight a clear trade-off: coarse representa-
tions are effective with small vocabularies, whereas
fine-grained, pixel-level vision-language represen-
tations require larger lexical capacity to capture
richer visual token patterns.

Furthermore, Table 2 summarizes the n-gram to-
ken length distributions learned by BPE under the
256-shade pixel representation. The number of un-
igram tokens remains fixed at 256, corresponding
to the pixel-level character inventory. As vocabu-
lary size increases, bigram tokens grow sharply
(from 240 at 512 to 6543 at 8192), indicating
that frequently co-occurring pixel pairs dominate
the learned visual lexicon and that larger vocabu-
laries enable finer modeling of local interactions.
Higher-order tokens emerge only with sufficient
vocabulary capacity. Trigrams and longer n-grams
are rare at small vocabularies but become increas-
ingly prevalent at larger sizes, with the 8192 setting
learning tokens spanning up to 256 characters. Al-
though sparse, these long tokens capture recurring
higher-order visual structures over extended pixel
sequences. Compared to the 4096 setting, the 8192

Table 2: Distribution of n-gram token lengths across
different vocabulary sizes for 256 shades.

Token Length 512 1024 2048 4096 8192

Unigram 256 256 256 256 256
Bigram 240 732 1653 3382 6543
Trigram 0 2 10 148 929
4-gram 5 18 104 258 295
5-gram 4 4 4 6 17
6-gram 1 1 1 4 8
7-gram 0 0 0 0 4
8-gram 3 5 8 26 103
12-gram 0 0 1 1 2
16-gram 2 3 5 6 15
20-gram 0 0 0 0 1
24-gram 0 0 0 0 2
28-gram 0 0 0 0 1
32-gram 1 2 3 5 6
40-gram 0 0 0 0 1
44-gram 0 0 0 0 1
48-gram 0 0 0 1 1
64-gram 0 1 2 2 4
128-gram 0 0 1 1 2
256-gram 0 0 0 0 1

vocabulary substantially increases both the number
and diversity of mid- and long-range tokens. Over-
all, the distribution exhibits a pronounced long-tail
pattern, closely mirroring subword statistics in nat-
ural language and explaining the performance gains
observed with larger vocabularies in fine-grained
pixel-level vision-language modeling.

4 Conclusion

We extend the vision-language paradigm to
transformer-based models by representing images
as textual sequences derived directly from pixel-
level data. By mapping pixel intensities to discrete
symbols, applying subword tokenization, and train-
ing a transformer, we show that standard NLP ar-
chitectures can effectively model pixel-derived vi-
sual representations. Pretraining on ImageNet-1K
followed by fine-tuning on MNIST and Fashion-
MNIST provides a proof of concept that pixel-level
vision data exhibits learnable language-like struc-
ture. While this study focuses on grayscale im-
ages, extending the framework to RGB images,
with three channels per pixel, would yield longer
and more expressive visual sequences, constitut-
ing a richer language. Beyond color images, the
approach naturally extends to higher resolutions,
diverse visual domains, and tasks such as segmen-
tation, detection, generative modeling, and self-
supervised learning. Future work may also explore
alternative transformer architectures, efficiency-
oriented designs, and structured tokenization strate-
gies, highlighting linguistic abstraction as a flexible
foundation for vision modeling.



Limitations

This work is intended as a proof of concept and has
limitations. The current experimental evaluation
is limited to grayscale datasets and image classi-
fication tasks. While the approach generalizes in
principle to RGB images and more complex visual
domains, additional studies are necessary to assess
its effectiveness on higher-dimensional inputs and
tasks such as object detection, segmentation, and
image generation.

Moreover, our implementation relies on a stan-
dard BERT-style encoder with fixed hyperparam-
eters. We do not explore alternative transformer
architectures, tokenization strategies, or optimiza-
tion techniques that may yield better efficiency or
performance. Addressing these limitations is an
important direction for future research.
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