A More Word-like Image Tokenization for MLLMs
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Abstract

Modern multimodal large language models (MLLMs) typ-
ically keep the language model fixed and train a visual
projector that maps the pixels into a sequence of tokens
in its embedding space, so that images can be presented
in essentially the same form as text. However, the lan-
guage model has been optimized to operate on discrete, se-
mantically meaningful tokens, while prevailing visual pro-
jectors transform an image into a long stream of contin-
uous and highly correlated embeddings. This causes the
visual tokens to behave differently from the word-like units
that LLMs are originally trained to understand. We pro-
pose a novel Disentangled Visual Tokenization (DiVT) that
clusters patch embeddings into coherent semantic units, so
each token corresponds to a distinct visual concept instead
of a rigid grid cell. DiVT further adapts its token bud-
get to image complexity, providing an explicit accuracy-
compute trade-off modifying neither the vision encoder nor
the language model. Across diverse multimodal bench-
marks, DiVT matches or surpasses baselines with signif-
icantly fewer visual tokens, demonstrating robustness un-
der limited token budgets, significantly reducing memory
cost and latency while making visual inputs more com-
patible with LLMs. QOur code is available at https :
//github.com/snuviplab/DiVT.

1. Introduction

Large Language Models (LLMs) have shown remark-
able capabilities in understanding and generating language
through fine-grained textual representations. Extending it
to the visual domain, Multimodal Large Language Mod-
els (MLLMs) aim to seamlessly integrate visual informa-
tion in a similar form with the text tokens, enabling uni-
fied multimodal understanding. To avoid the high computa-
tional cost of training from scratch, it is common to adopt a
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Figure 1. Comparison with existing projectors. Patch features
(bottom layer) are mapped to visual tokens (top layer). Each color
represents the principal semantic of the patch.

pre-trained LLM for its reasoning ability and a pre-trained
vision encoder (e.g. CLIP [35], SigLIP [49]) to map the
pixel-level signals to a semantic latent space. Since these
two pre-trained models operate on different latent spaces,
a visual projector is trained to map from one to the other,
usually from the visual space to the textual. Consequently,
the projector should be able to organize visual information
into a token sequence that mirrors the semantic and struc-
tural properties of text tokens to fully leverage the LLM’s
linguistic and reasoning capabilities.

However, most existing visual projectors are imple-
mented as a simple linear layer [8, 31] applied to fixed patch
features from the vision encoder (Fig. 1a). This design ad-
heres to the rigid patchification scheme of ViT [16], which
evenly splits an image into a set of fixed-size image patches.
While this approach provides a straightforward way to uti-
lize all the visual information from the encoder, it inevitably
introduces significant redundancy and incurs unnecessary
computational cost. To mitigate this redundancy, recent
work [6, 10, 14, 27, 40] aggregates adjacent patches to form
a smaller set of visual tokens (Fig. 1b). Resampler-based
approaches [3, 15, 26] generate a compact set of learnable
queries that summarize information by globally attending to
all visual features, enjoying further flexibility (Fig. lc).

We see, however, the following three primary discrepan-
cies between the widely-used visual tokens and text tokens
in their formation. First, the patch features are semanti-
cally entangled, not just because they are constructed with
a fixed grid without considering their content but also be-
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cause they have already undergone multiple layers of self-
attention in the vision encoder. Thus, using these raw
patch features without explicit semantic disentanglement
inevitably propagates such mixed representations into the
projector, leading to entangled tokens. Text tokens, in con-
trast, are generated by discrete tokenizers such as Byte Pair
Encoding (BPE) [36], which segment text into fixed, inde-
pendent units with limited inter-token interactions. Thus,
their contextual connection usually emerges only after re-
peated self-attentions in LLMs.

Second, although the amount of information greatly
varies across images, existing methods still produce a fixed
number of visual tokens for every input. This often in-
duces an unnecessarily redundant set of tokens for a large
portion of patches depicting a single concept (Fig. 1a), or
conversely, a loss of details when the image is forced into
fewer tokens than it actually needs. This contrasts with how
a linguistic expression used to describe a scene, where the
length of an expression usually varies according to the com-
plexity of the scene (Fig. 1d).

Third, existing approaches lack control over the
amount of information encoded within each token.
Whereas textual tokenization offers variable segmentation
(e.g. sub-words vs. whole words) to balance expressiveness
and sequence length, current visual tokenization relies on
spatial operations with no principled way to control how
finely or coarsely an image is partitioned in a manner com-
patible with LLM-based reasoning.

To address these limitations, we propose a clustering-
based visual tokenization approach that aims to explicitly
align with LLMs. Instead of mapping each patch indepen-
dently or aggregating patches purely by spatial proximity,
our method clusters patch features from the vision encoder
into semantically coherent units, with each cluster forming
a distinct visual token. This encourages disentanglement
across tokens, so that each token corresponds more closely
to a specific visual concept (e.g. an object, part, or salient
region) rather than a mixed patch of unrelated content. Cru-
cially, the tokenizer is trained using only the language mod-
eling objective, without any external supervision, so that the
resulting visual tokens are shaped by how the LLM inter-
nally organizes and exploits semantic information. Hence-
forth, we use the terms projector and tokenizer interchange-
ably throughout this paper.

Our design incorporates dynamic token allocation; that
is, the number of tokens to represent an image is adaptively
determined by its content. The token budget naturally scales
with the image’s semantic complexity, avoiding both exces-
sive redundancy in simple scenes and insufficient capacity
in cluttered ones. Also, the amount of information per token
is controlled by a clustering threshold at training, provid-
ing an interpretable knob to adjust how finely or coarsely
image regions are grouped to form a token. Interestingly,
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Figure 2. Patch similarity across ViT layers. Patch-wise cosine
similarity increases in deeper layers, indicating that repeated self-
attention homogenizes patch embeddings within an image.

this threshold can also be adjusted at inference time, allow-
ing practitioners to trade-off representational detail against
memory and latency without retraining, and to match com-
putational budgets in deployment.

We evaluate our LLM-friendly visual tokenizer across a
broad suite of multimodal benchmarks under varying token
budgets. Empirically, it consistently matches or surpasses
baselines with significantly fewer visual tokens, demon-
strating robustness under limited token budgets, where the
performance gain becomes more evident as the token bud-
get gets more constrained. The ability to adapt token counts
and granularity at inference time yields a practical, training-
free mechanism to balance cost and fidelity. Notably, our
approach is agnostic to the choice of vision encoder and
remains effective when scaled to larger LLMs, underscor-
ing its practicality and broad applicability for cost-efficient,
human-aligned multimodal understanding.

2. Motivation for Redesigning Visual Tokens

We first question if the current visual representations fed
into MLLMs behave like language tokens, or collapse to
overly similar embeddings within each input.

2.1. Entanglement within Visual Embeddings

We hypothesize that repeated self-attention and image-level
objectives make visual embeddings within an image highly
similar, and that a linear projector in Fig. 1a largely pre-
serves this redundancy in the language model space. To test
this hypothesis, we conduct a toy-scale experiment. Specif-
ically, we take a CLIP-style vision transformer (ViT) en-
coder following the standard patchification scheme. For
each image, we produce patch embeddings at different
transformer layers using this encoder, and measure cosine
similarity between all pairs of patches from the same im-
age, then take the average over pairs and images. We report
the pairwise cosine similarity averaged over all token pairs
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