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Abstract

We explore how to adapt a pre-trained large
language model to understand and generate
both visual and textual information. We use an
image tokenizer to compress images into dis-
crete tokens, and train the model using the next-
token prediction paradigm with the standard
cross-entropy loss. A two-stage pre-training
approach is applied, first training on image-
only data and then on a small amount of image-
text data. We evaluate how different image-
text token mixing ratios during continual pre-
training affect the model’s ability to retain lan-
guage skills while learning visual represen-
tations. The resulting model shows promis-
ing signs of flexible multimodal understanding,
bridging vision and language in a single pre-
trained model.

1 Introduction

In recent years, large language models (LLMs)
have demonstrated remarkable capabilities in un-
derstanding and generating text, as well as perform-
ing a variety of tasks (Radford et al., 2019). How-
ever, many real-world problems require reasoning
over multiple modalities, such as images, videos,
or audio. Vision-language foundation models have
also been explored for robotic control and other
embodied applications (Zitkovich et al., 2023; Kim
et al., 2025; Black et al., 2024). Training a mul-
timodal LLM (MLLM) from scratch is extremely
expensive. Extending a pre-trained LLM to other
modalities while preserving language capabilities
offers a more efficient path toward flexible multi-
modal models.

A key challenge in turning an LLM into a
MLLM is preserving language capabilities while
learning new modalities such as vision. Extending
a text-only model can degrade text performance,
a phenomenon known as catastrophic forgetting
(Zhai et al., 2023b). Our work addresses this by
developing a training strategy that integrates vision

into a text-pre-trained model while limiting, but
not entirely eliminating, degradation in language
performance.

In this paper, we present a method to extend
a text-pre-trained model to multimodal vision-
language tasks, which can also generalize to other
modalities like audio. We extend the model’s em-
beddings and output head to accept tokens from
the new modality, following Wang et al., 2026. We
then study training setups varying the balance of
image and text tokens in each batch to mitigate
catastrophic forgetting and evaluate the model on
language and vision tasks. Unlike many vision-
language models that process visual features sepa-
rately, we adopt a unified generative treatment of
images and text, enabling learning from unpaired
image data with a single training objective across
modalities.

Contributions. Our main contributions are:

• Leveraging unpaired image data. Our ap-
proach enables large-scale pre-training on un-
paired image data, reducing dependence on
costly and noisy paired datasets while main-
taining a unified generative framework.

• Efficient multimodal alignment. Effective
image-text alignment can be achieved with an
average of only 24 text tokens per image in
the second training stage, substantially reduc-
ing supervision and compute.

• Analyzing language preservation. We sys-
tematically investigate how different image-
text mixing ratios affect language perfor-
mance during continual pre-training, provid-
ing insights into mitigating catastrophic for-
getting.

2 Related Work

Building on the success of pre-trained LLMs, re-
cent research has developed multimodal foundation
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models that integrate visual information with lan-
guage. There are several approaches for enabling a
model to learn a new modality, which can generally
be grouped into two broad families.

Feature-based Approaches. The first family
leverages the continuous features produced by a
pre-trained vision encoder, such as CLIP (Radford
et al., 2021) or SigLIP (Zhai et al., 2023a). These
features are integrated into the model through cross-
attention layers or similar methods, allowing the
model to process visual information alongside text
(Deitke et al., 2025; Dai et al., 2024; Chen et al.,
2024; Bai et al., 2023; Alayrac et al., 2022; Chen
et al., 2023). While effective, a key limitation
of this approach is that the new modality is not
handled in the same generative framework as text,
which prevents training on unpaired visual data
and constrains flexibility across modalities. Recent
work has shown that such architectures are prone to
modality collapse and text dominance, where mod-
els rely heavily on textual information and largely
ignore visual inputs (Wu et al., 2025a; Sim et al.,
2025; Frank et al., 2021). This imbalance has been
systematically measured across multiple modal-
ities, revealing fundamental limitations in cross-
modal representation learning. Additionally, it has
been shown that contrastive image encoders have a
tendency to overlook important visual details (Tong
et al., 2024).

Token-based Generative Approaches. The sec-
ond family uses discrete image tokens and a genera-
tive objective for the new modality, typically based
on next-token prediction. Images are tokenized
into sequences of discrete units, which are then fed
into an autoregressive model alongside text tokens.
This approach enables the model to directly gener-
ate visual outputs, maintaining a unified generative
framework across modalities (Wang et al., 2025;
Ma et al., 2025; Wang et al., 2026; Cui et al., 2025;
Wu et al., 2025b; Qu et al., 2024; Team, 2025; Xie
et al., 2025b,a; Jin et al., 2024). While prior works
in this family primarily rely on paired image-text
data, the potential to leverage abundant and inex-
pensive image-only data for learning internal visual
representations remains underexplored.

We follow this paradigm, but explicitly empha-
size a unified treatment of vision and language.
By tokenizing images and training the model with
a next-token prediction objective, visual and tex-
tual modalities are handled in the same generative
framework, helping to reduce the tendency toward

text dominance and under-utilization of visual in-
puts seen in some feature-based models. This de-
sign allows pre-training on both abundant unpaired
images and paired image-text data while preserv-
ing language capabilities. Our experiments demon-
strate that effective visual representations can be
learned from unpaired images, reducing reliance
on costly paired data. Moreover, the next-token
prediction objective naturally enables scaling with
model size and data (Kaplan et al., 2020), offering
a path to further improvements.

3 Model Design

In this section, we describe our approach for extend-
ing the model to handle tokens from new modali-
ties, and we explain our selection process for the
image tokenizer, including the final choice used in
our experiments.

3.1 Multimodal Large Language Model
Our approach for extending a pre-trained LLM
with new tokens follows prior works such as Emu3
(Wang et al., 2026), TokenFlow (Qu et al., 2024),
and Unitok (Ma et al., 2025).

Specifically, we expand the model’s embedding
matrix to accommodate the discrete image tokens
generated by the image tokenizer, as well as spe-
cial structure tokens such as <begin-of-image>
and <end-of-image> markers. This approach pre-
serves all learned embeddings for text tokens while
only initializing new embeddings for image tokens.

To allow the model to predict the new tokens,
we similarly expand the output layer, preserving
the pre-trained weights for existing tokens and ran-
domly initializing only the new dimensions corre-
sponding to image tokens.

These modifications preserve the model’s lan-
guage performance entirely, while requiring mini-
mal changes to the original architecture. They fully
leverage the pre-trained weights, making the exten-
sion both straightforward and resource-efficient.

In our experiments we use Llama3.2-3B (Dubey
et al., 2024) as the backbone model.

3.2 Image Tokenizer
Selecting an appropriate image tokenizer is not
straightforward, as many options exist with varying
characteristics and trade-offs (Jia et al., 2025). Our
goal was to choose a tokenizer that compresses im-
ages efficiently while preserving visual information
and supports images of arbitrary shapes, ensuring
flexibility across different training datasets.
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Image tokenizers generally fall into two cate-
gories: fixed-shape and flexible (arbitrary-shape)
tokenizers. Fixed-shape tokenizers are trained for
a specific input resolution and cannot inherently
handle arbitrary image sizes. Flexible tokenizers
inherently produce token sequences proportional
to the input dimensions and can accept variable
image sizes. In the following subsections, we de-
scribe each category, the tokenizers we evaluated,
and the trade-offs observed.

To systematically compare tokenizers, we eval-
uated each candidate on its ability to accurately
reconstruct images from datasets relevant to our
work, including natural images, medical images,
OCR data, and handwritten notes. Reconstruction
quality was quantified using LPIPS (Zhang et al.,
2018), SSIM (Wang et al., 2004), and PSNR, and
token efficiency was measured as the average num-
ber of tokens per image. Tokenizers without de-
coders, such as some CLIP-based discrete encoders,
were excluded, which we consider acceptable given
their known limitations in capturing detailed visual
information (Tong et al., 2024). The results are
summarized in Table 1.

3.2.1 Fixed-shape Tokenizers
Fixed-shape tokenizers do not inherently support ar-
bitrary image sizes, but we adopt resizing or tiling
to handle this limitation. To leverage their effi-
ciency while accommodating arbitrary images, we
adopted a tiling strategy: each image is divided into
tiles matching the expected input size of the tok-
enizer, with padding applied when necessary. Tiles
are tokenized and reconstructed independently, and
the final image is obtained by stitching the tiles
together. While effective, this approach may in-
troduce minor artifacts at tile boundaries and gen-
erates additional padding tokens, reducing overall
tokenization efficiency.

Several fixed-shape tokenizers were trained for
vision-language model applications and produce
tokens aligned with language, which can be ad-
vantageous for multimodal vision-language tasks.
Examples include TokenFlow (Qu et al., 2024)
and VILA-U (Wu et al., 2025b). Selftok (Wang
et al., 2025), based on reverse diffusion, produces
autoregressive tokens; the larger variant achieves
strong reconstruction at a high token cost, while
the smaller variant trades reconstruction quality for
fewer tokens. FlowMo (Sargent et al., 2025) ex-
hibits a similar trade-off. Other fixed-shape tokeniz-
ers we considered include LlamaGen (Sun et al.,

2024), DetailFlow (Liu et al., 2025), FQGAN (Bai
et al., 2024), IBQ (Shi et al., 2025) (Index Back-
propagation Quantization), Open-MAGVIT2 (Luo
et al., 2025) (which scales the codebook to mas-
sive sizes), and VQGAN (Esser et al., 2021). Each
shows trade-offs between reconstruction quality,
token efficiency, and suitability for a fully discrete
generative pipeline.

3.2.2 Flexible Tokenizers

Flexible tokenizers generate token sequences pro-
portional to the input dimensions, allowing them
to accept arbitrary image sizes without tiling. In
our experiments, the tokenizers of the Emu model
family (Emu3 (Wang et al., 2026) and Emu3.5 (Cui
et al., 2025)) showed a favorable trade-off between
reconstruction quality and token efficiency in our
benchmarks. Unitok (Ma et al., 2025) is also flex-
ible in input size and achieves a strong balance
across our evaluation metrics. Unitok was addi-
tionally trained with alignment to CLIP/language
features, but its use of multiple codebooks means
it does not produce strictly single discrete tokens.
Cosmos (NVIDIA et al., 2025) supports arbitrary
input sizes and is available with different compres-
sion settings, but in our reconstruction evaluation it
did not perform as well as some other candidates.

3.2.3 Selected Tokenizer

Based on our evaluation, we selected Emu3 as
the image tokenizer for our work. Emu3 handles
arbitrary image shapes natively, simplifying pre-
processing and reducing artifacts caused by tiling.
Additionally, it performs very well across recon-
struction and token efficiency metrics, making it
the most suitable option for our unified generative
vision-language pipeline.

Image Token Sequence Structure. For image
token structure, we follow the approach introduced
in Emu3 (Wang et al., 2026), adopting their format-
ting scheme exactly. For each image, the Emu3
tokenizer produces a sequence of discrete tokens
that are integrated into the model’s input stream.
Each sequence begins with a <BOI> token and ends
with a <EOI> token to mark image boundaries. We
prepend a small number of metadata tokens that en-
code the image’s original width and height. Since
Emu3 supports arbitrary input shapes, <EOL> to-
kens are inserted to mark line breaks, allowing
the model to process images in a raster-like or-
der. Additionally, an <EOF> (end of frame) token
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is included to reserve compatibility with video to-
kenization. This structured tokenization scheme
allows the autoregressive model to handle visual
data using the same next-token prediction objective
as text, while retaining spatial structure essential
for accurate reconstruction and generation.

4 Continual Pre-training Method

Our continual pre-training procedure follows a two-
stage approach. In the first stage, the model is
trained on large-scale unpaired images, with a
small proportion of language data mixed in. To
avoid the model drifting away from linguistic abil-
ity, a controlled proportion of sequences are drawn
from text-only corpora and mixed into every batch.
This strategy is similar to methods used for teach-
ing a model a new language, such as Japanese (Fujii
et al., 2024), where continued exposure to previ-
ously learned languages prevents forgetting. This
encourages the model to develop robust internal
image representations while maintaining basic lan-
guage modeling capabilities. In the second stage,
we use image-text pairs to explicitly align visual
and textual representations. During this stage, we
continue to mix in language-only sequences to pre-
vent catastrophic forgetting of linguistic knowledge
and to sustain balanced multimodal capabilities.

Compute. Each continual pre-training run re-
quired approximately 1,500 GPU hours on GH200
GPUs. The exact duration varied depending on
the image-to-text token ratio per batch, as a lower
proportion of image tokens results in more total
tokens being consumed.

4.1 Learning Internal Image Representations

The first stage of continual pre-training is designed
to expose the model to a wide distribution of visual
data without relying on paired captions. Unlike
most early-fusion discrete VLMs, which are trained
primarily on image-text pairs, our model is initially
trained exclusively on unpaired images. Captions
are comparatively noisy, expensive, and difficult
to collect at scale. Instead, we leverage unpaired
images from diverse domains and tokenize them
using the selected image tokenizer. This image-
only phase allows the model to strengthen its inter-
nal representation of images while retaining useful
textual priors, providing a robust foundation for
subsequent multimodal alignment.

4.2 Aligning Image and Text Representations
The second stage introduces paired image-text data.
Each image is tokenized into a discrete sequence
and paired with its corresponding caption. This
setup allows the model to align visual features with
textual semantics, bridging the gap between the
two modalities. Despite the overwhelming number
of image tokens (on average, only 24 text tokens
per image), we do not mask or down-weight the
image tokens, unlike prior work. To stabilize train-
ing and preserve strong language skills, we con-
tinue to interleave independent text-only sequences
throughout this stage. This ensures that improve-
ments in multimodal alignment do not come at the
expense of the model’s generative language model-
ing performance.

4.3 Data
The datasets for each stage were selected to match
the corresponding training objectives. In stage one,
we rely on large-scale collections of unpaired im-
ages drawn from diverse sources (laion, 2023; Olee-
hyO, 2024; Shao et al., 2019; Li et al., 2024; Rus-
sakovsky et al., 2015), with most datasets obtained
through FineVision1. After tokenization, 13.2M
images resulted in approximately 54B image to-
kens. Stage two focuses on explicit multimodal
alignment and therefore uses an image-caption
dataset, specifically Conceptual 12M (Changpinyo
et al., 2021), that provides semantic links between
modalities, yielding around 20B paired tokens after
tokenization of 3.8M images. To remain within
the model’s context length without requiring long-
context extensions, we filtered the images to be
between 256×256 and 720×720 pixels, ensuring
that the resulting sequences fit within the maximum
length. Finally, the text-only data incorporated in
both stages is drawn from FineWeb (Penedo et al.,
2024). An overview of the complete data distribu-
tion is provided in Figure 1.

5 Results and Discussion

To evaluate the effect of our continual pre-training
method, we conducted experiments varying the
proportion of image and text tokens in each training
batch. This allowed us to assess how mixing in
image data impacts the model’s language modeling
capabilities.

All experiments were trained using standard set-
tings, including the Adam optimizer (Kingma and

1https://huggingface.co/spaces/HuggingFaceM4/FineVision
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Tokenizer PSNR ↑ SSIM ↑ LPIPS ↓ Avg. #Tokens ↓
Emu3VisionTokenizer 29.60 0.9444 0.0224 10947.4
selftok_large_tiled_256 28.19 0.9568 0.0230 21299.2
unitok_256 26.83 0.9477 0.0263 5324.8
flowmo_hi_tiled_256 27.71 0.9527 0.0265 21299.2
LlamaGen_tiled_256 26.87 0.9288 0.0303 21299.2
selftok_small_tiled_256 25.60 0.9363 0.0373 10649.6
tokenflow_tiled_384 24.23 0.9162 0.0390 7435.8
flowmo_lo_tiled_256 25.33 0.9201 0.0437 5324.8
Emu3_5_IBQ 23.86 0.9140 0.0460 2726.2
IBQ_tiled_256 23.05 0.9120 0.0467 5324.8
detailflow_tiled_256 23.69 0.9074 0.0476 10649.6
fqgan_triple_tiled_256 24.05 0.9175 0.0490 15974.4
tokenflow_tiled_224 22.77 0.8963 0.0539 5448.8
Cosmos-0.1-Tokenizer-DI8x8 21.08 0.8665 0.0690 17750.8
vqgan_openimage_cb16384 18.86 0.8022 0.0738 17700.8
vqgan_openimage_cb256 18.43 0.8149 0.0787 17700.8
OpenMAGViT2_256 19.67 0.8303 0.0791 17814.5
vila-u_tiled_256 21.22 0.8721 0.0813 21299.2
Cosmos-0.1-Tokenizer-DI16x16 16.79 0.7424 0.1368 4414.6

Table 1: A quantitative evaluation of different tokenizers in terms of reconstruction quality and token efficiency is
provided. The evaluation metrics include PSNR, SSIM, LPIPS, and the average number of tokens per image. The
best and second-best values in each column are bolded and underlined, respectively. "CB" refers to the codebook
size, and the integers represent the resolution at which the tokenizer was trained. For the Cosmos tokenizer, the
compression ratios are specified.

58.31%

3.24%
0.05%

9.78%

6.22%

22.39%

Dataset Composition (Number of Samples)

Datasets

ImageNet (9,930,532 samples)

FineVision: latexformulas (552,339 samples)

FineVision: laion gpt4v (9,297 samples)

FineVision: objects365 qa (1,665,847 samples)

FineVision: densefusion 1m (1,058,751 samples)

CC12M: image-text pairs (3,813,968 samples)

Figure 1: The distribution of training data used in the
experiment. For training we only used the paired image-
text data of CC12M, for the other datasets only the
images were used.

Ba, 2017), without additional hyperparameter tun-
ing. Quantitative evaluation focused exclusively
on the model’s performance on language modeling
benchmarks to ensure that language capabilities
were preserved throughout pre-training. Perfor-
mance on these benchmarks was measured using
the lm-eval framework (Gao et al., 2024).

We also provide a qualitative evaluation of the
model’s behavior on image-based tasks, such as
completing an image or generating a caption for a
given image, to illustrate its ability to leverage the

newly introduced visual modalities in a generative
setting.

5.1 Maintaining Language Capabilities

Figure 2 compares the performance of different
models on several language pre-training bench-
marks (Bisk et al., 2020; Sakaguchi et al., 2019;
Zellers et al., 2019; Clark et al., 2018). As a ref-
erence point, we include the original backbone,
Llama3.2-3B, shown in blue. All other models
were continually pre-trained on approximately 24B
image tokens, with varying proportions of text to-
kens mixed into each batch. As expected, higher
text-to-image ratios help preserve language per-
formance. However, increasing the share of text
tokens also raises training costs, making it neces-
sary to strike a balance. To this end, we focused
on configurations with 80% and 90% image to-
kens per batch, which allow the model to process
substantially more image data while still retaining
language ability.

The evolution of performance for these two con-
figurations is shown in Figure 3. In both cases,
language performance drops sharply at the start of
continual pre-training but then stabilizes. During
the final two checkpoints of each stage, which co-
incide with the learning rate cooldown, we observe
a modest recovery in language benchmark scores.
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5.2 Qualitative Image Understanding

After verifying that language performance remains
within an acceptable margin relative to the back-
bone model, we qualitatively assess the model’s
image understanding capabilities through two ex-
periments.

In the first experiment, we provide the model
with tokens corresponding to a partial image and
evaluate its ability to complete the missing regions.
Representative results are shown in Figure 4 and
more examples in Figure 6. Several noteworthy
patterns emerge. First, the model respects and re-
produces the original image metadata, such as spa-
tial dimensions, demonstrating that it has learned
to generate images with arbitrary shapes, enabled
by the flexible tokenizer used during training. Sec-
ond, some completions indicate a non-trivial under-
standing of the image content. In the case of the
line chart, the model not only extends the plotted
line but also adds a y-axis label (“55”), indicating
structural awareness. Similarly, the model success-
fully captures and completes the general shape of a
logo, reconstructs architectural structures and sur-
rounding trees in a building scene, and completes a
checkerboard pattern without difficulty.

In the second experiment, we condition the
model on the complete image followed by the
prompt “the image shows” to evaluate its ability
to produce descriptive captions. Example genera-
tions are shown in Figure 5 and more examples in
Figure 7. The model consistently identifies visual
attributes such as color and demonstrates a basic
counting ability, with occasional errors. It produces
a notably coherent description for the building im-
age and identifies spatial context in the dog image,
specifying that the dog is “sitting on a lawn”.

Overall, these qualitative results indicate that the
model develops a surprisingly solid grasp of visual
structure and semantics despite being trained with
a limited amount of image data and compute.

6 Conclusion

In this work, we explore a simple yet effective strat-
egy for continual pre-training a multimodal lan-
guage model by interleaving image and text data
without modifying the model architecture. While
discretizing images into token sequences allows
images to be processed with the same generative
objective as text, the central challenge we address
is preserving language performance during image-
heavy pre-training while also effectively leveraging

large-scale image-only data. To this end, we adopt
a two-stage pre-training procedure: first, the model
is exposed to large amounts of unpaired image data
interleaved with text to prevent catastrophic forget-
ting; then, paired image-text data is introduced to
explicitly align the two modalities.

Through systematic tokenizer evaluation, we
identified Emu3 as a highly suitable choice for our
pipeline, balancing reconstruction quality and to-
ken efficiency while handling variable input sizes
natively. Using this tokenizer, we continually pre-
trained a Llama3.2-3B backbone on roughly 74B
image tokens with different image-to-text ratios
per batch. Our results on standard language pre-
training benchmarks show that, with careful text
mixing, the model retains most of its linguistic
capabilities even at high image-to-text ratios, high-
lighting that data composition plays a critical role
in successful multimodal extension.

Qualitative experiments further indicate that
meaningful visual behavior emerges, including im-
age completion and basic caption generation, de-
spite the relatively modest data and compute bud-
gets used in this study.

Building on these results, we plan to scale both
the training data and model size, leveraging estab-
lished scaling laws to further enhance multimodal
capabilities. We aim to extend the recent Aper-
tus (Hernández-Cano et al., 2025) model with vi-
sual capabilities, leveraging our model-agnostic
approach to integrate vision into existing language
backbones. Following image-pre-training, we will
perform visual instruction tuning (Liu et al., 2023)
to improve downstream task performance and eval-
uate the model on vision-language benchmarks.

Our results demonstrate that large-scale image-
only data can be leveraged during continual pre-
training, with initial image-text alignment emerg-
ing using an average of only 24 text tokens per
image. This highlights that strong multimodal
abilities can arise from a lightweight pre-training
pipeline, reducing reliance on costly paired datasets
and providing a foundation for scaling toward more
powerful vision-language models.
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Figure 4: Image generation evaluation. The model is conditioned on the subset of image tokens above the red line
and autoregressively generates the remaining tokens to reconstruct the full image.

Figure 5: Caption generation evaluation. The model is conditioned on the full set of image tokens and the sentence
prefix "the image shows". It then autoregressively generates the remaining text tokens as a caption.
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8 Appendix

Figure 6: Image generation evaluation. The model is conditioned on the subset of image tokens above the red line
and autoregressively generates the remaining tokens to reconstruct the full image.

Figure 7: Caption generation evaluation. The model is conditioned on the full set of image tokens and the sentence
prefix "the image shows". It then autoregressively generates the remaining text tokens as a caption.
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