
DYMU: Dynamic Merging and Virtual Unmerging for
Efficient Variable-Length VLMs

Zhenhailong Wang1*, Senthil Purushwalkam2*, Caiming Xiong2,
Silvio Savarese2, Heng Ji1, Ran Xu2

1University of Illinois Urbana-Champaign 2Salesforce Research
{wangz3,hengji}@illinois.edu, ran.xu@salesforce.com

*Equal contribution

Figure 1: Dynamic Merging and Virtual Unmerging (DyMU) adaptively reduces visual token lengths based
on image complexity, as shown on the left where simpler images are represented using fewer tokens. In contrast,
existing representations (like CLIP [34]) always use the same number of tokens regardless of image content.
Note that this limitation also exists in dynamic resolution encoders [18, 38], where token length depends solely
on image dimensions rather than complexity. DyMU applied to recent VLMs (right) maintains competitive
performance across different token compression levels. This training-free approach preserves key semantic
information, offering a more efficient plug-and-play alternative to VLMs with fixed-length visual tokens.

Abstract
We present DYMU, an efficient, training-free framework that dynamically reduces
the computational burden of vision-language models (VLMs) while maintaining
high task performance. Our approach comprises two key components. First, Dy-
namic Token Merging (DToMe) reduces the number of visual token embeddings
by merging similar tokens based on image complexity, addressing the inherent
inefficiency of fixed-length outputs in vision transformers. Second, Virtual Token
Unmerging (VTU) simulates the expected token sequence for large language mod-
els (LLMs) by efficiently reconstructing the attention dynamics of a full sequence,
thus preserving the downstream performance without additional fine-tuning. Unlike
previous approaches, our method dynamically determines token length based on
the image content—not just resolution—and operates completely training-free,
making it readily applicable to most state-of-the-art VLM architectures. Extensive
experiments on image and video understanding tasks, demonstrate that DYMU can
reduce the average visual token count by 32%-85% while achieving comparable
performance to full-length models, across diverse VLM architectures. Furthermore,
qualitative analyses show that the adaptive token reduction from DToMe aligns
well with human perception and enables users to better control computational costs
through flexible integration with additional vision tools and models.

1 Introduction

Recent large vision-language models (VLMs) follow a common approach: a visual encoder extracts
features from images or videos and projects them into the same embedding space as textual features.
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These visual embeddings are then processed by LLMs alongside textual query features, enabling
complex reasoning tasks while directly benefiting from advancements in LLM capabilities. As
expected, the quality of the final predictions from the LLM relies heavily on the richness of the
visual features and the amount of semantic detail captured by the encoder. Consequently, research
has focused on improving visual encoders to extract increasingly fine-grained features, leading to
architectures that can capture intricate details. However, this level of detail comes at a cost—the
computational burden during training and inference.

To process high-resolution images while preserving fine-grained details, modern visual encoders
generate a large number of tokenized representations. Furthermore, state-of-the-art VLMs like
LLaVA-OneVision [18] and Qwen-2.5-VL [2] use vision transformers (ViTs) that scale the number
of tokens with the resolution of the image or number of frames in videos. For example, the visual
encoder in LLaVA-OneVision would produce 9477 tokens for an image of 1280�960 resolution. In
contrast, the number of tokens in the textual queries for vision tasks is relatively low. On common
benchmarks that represent real world use cases, textual queries often consist of just a few tokens,
e.g., �24 on MME [11]. This stark contrast highlights that the computational burden of processing
vision-language tasks arises primarily from the visual tokens.

We first identify a critical limitation in current visual encoders (including those with dynamic
resolution): the number of tokens generated for an image does not depend on the content of the
image. As shown in Figure 1, existing visual representations, such as CLIP [34], produce the same
embedding size for a blank image with a small circle and for a complex scene depicting buildings,
vehicles, and people. To address the redundancy of visual tokens, previous work has shown initial
success with token pruning, merging, and distillation. However, these approaches remain limited in
one or more of the following key aspects: (1) They rely on pre-defined compression rates regardless of
the image complexity [3, 21, 35, 5, 20, 14, 48]; (2) They require full model retraining, which is often
infeasible for recent mainstream open-weight-only VLMs [21, 14, 20, 43, 48]; (3) They depend on
extra textual conditions, rather than implementing a natively dynamic-length visual encoder [49, 43].

In this work, we propose Dynamic Merging and Virtual Unmerging (DYMU), which comprises
two key methods for modifying existing pre-trained Vision-Language Models (VLMs). First, we
introduce Dynamic Token Merging (DToMe) (§ 3.1), which allows the visual encoder to generate
variable-length token sequences based on the complexity—not just resolution—of the image. The
core idea is to perform batch-level, rather than instance-level as in ToMe[3], bipartite merging to
determine layer-wise thresholds for dynamic token reduction.

Second, we propose a novel Virtual Token Unmerging (VTU) algorithm (§ 3.2), which allows
the LLM decoder to process shorter, dynamically reduced visual token sequences while efficiently
approximating the full-length representation. This method leverages the tracked positions of redundant
tokens to reconstruct the full attention matrix without actually performing full attention. VTU
enables the direct integration of DYMU into LLM backbones, offering a favorable trade-off between
performance and efficiency.

Importantly, both of these modifications do not require additional fine-tuning of the pre-trained
VLM. The threshold finding for DToMe only needs to be done once, offline, using any sufficiently
diverse image-only datasets. Furthermore, DToMe is compatible with any Vision Transformer (ViT)-
based visual encoder, and VTU can be applied to any LLM that utilizes Rotary Position Embedding
(RoPE) [37].

We show that VLMs modified with our methods can maintain comparable performance of the full
model while reducing the average token count by 32%-85%. Through comprehensive quantitative
analysis (§ 4.1), we verify that our method works effectively across different VLM architectures,
visual encoders, and threshold-finding datasets. We show additional insights on why variable length
reduction is favorable in terms of both performance and efficiency. Our approach also offers users
greater control over token costs compared to existing AnyRes models [18, 38, 2], which incur a fixed
token count per image based solely on resolution. In § 4.2, we demonstrate example applications
on how the number of visual tokens can be further reduced by combining DYMU with various
task-specific tools such as background removal, object detection, etc.
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2 Related Work

Ef�cient Vision-Language Models Recent efforts in large vision-language models (VLMs) have
primarily focused on reducing computational overhead during the pre-�lling and VLM decoding
phases. That is, given a full sequence of visual tokens from a visual encoder, such as CLIP, these
approaches perform token pruning and merging [35, 5, 40, 49, 15, 23, 43], distillation [44], or
resampling [21, 14, 20, 48] to improve ef�ciency in either the projectors or the VLM decoder blocks.

Component
Improved

Dynamic
Length

No Addn.
Modules

Training
Free

Granularity
Control

Extra
Cond.

LLaMA-VID [21] Projector None
Fast-V [5] Decoder None
SparseVLM [49] Decoder Text
MQT-LLaVA [14] Projector None
LLaVA-Prumerge [35] Projector None
TokenPacker [20] Projector None
ATP-LLaVA [43] Decoder Text
LLaVA-mini [48] Projector None

DYMU Encoder&
Decoder None

However, we identify several key limita-
tions: (1) Most existing methods prede-
�ne a �xed compression ratio for any
input image regardless of its content.
While [49] and [43] propose adaptive
token pruning frameworks that enable
variable-length compression, they re-
quire either additional textual conditions
or retraining the backbone LLM with ex-
tra modules. Such training can be costly
or infeasible as mainstream VLMs rarely open-source their full training recipe and data. (2) All
existing methods retain a frozen, �xed-length visual encoder, overlooking the potential for further
ef�ciency improvements within the visual encoder itself. In this work, we aim to explore a simple
training-free algorithm for building natively variable-length visual encoders, which can be directly
applied to cutting-edge VLM architectures including AnyRes models and RoPE embeddings.

Ef�cient Vision Transformers We also draw inspiration from a separate line of research [29, 3,
39, 45, 26] aimed at improving the ef�ciency of Vision Transformers (ViTs) themselves, which is
still the main go-to architecture for visual encoders [34, 47, 33]. In particular, ToMe [3] merges a
prede�ned number of tokens within each ViT block using bipartite soft matching. However, the
effectiveness of such methods in coordination with LLM backbones remains largely unexplored. Our
experiments in §4 show that naively applying ToMe to visual encoders in pretrained VLMs results
in a signi�cant drop in performance. To address this issue, we further propose the Virtual Token
Unmerging algorithm to boost the performance of VLMs without training with the modi�ed encoders
that output reduced token numbers.

3 Method

In this section, we present the main technical details of our proposed method. In § 3.1, we �rst
describe how to convert a �xed-length visual encoder into a natively dynamic-length encoder using
Dynamic Token Merging (DToMe). In § 3.2, we then introduce Virtual Token Unmerging (VTU),
a method that achieves a better trade-off between performance and ef�ciency when integrating the
dynamic-length encoder into a language model backbone. The combination of these two techniques
is referred to asDYMU—an entirely training-free approach compatible with any VLM that uses a
ViT-based visual encoder and a RoPE-based language model. An overview of the method is illustrated
in Figure 2.

3.1 Dynamic Token Merging (DToMe)

Our approach draws inspiration from ToMe[3], a prior work which reduces the number of output
tokens of a ViT-based visual encoder to aprede�ned �xed number. However, prede�ning the reduction
ratio can still lead to a misalignment between the information of an image and the number of tokens
needed for representing it. Here we propose DToMe, an extension of ToMe that adaptively merges
similar tokens in ViT layers, ensuring the output token count aligns with image complexity. DToMe
merges tokens based on a similarity threshold while maintaining a record of merged tokens to ensure
their in�uence is properly propagated through subsequent transformer layers. To �nd the thresholds,
we propose ainference-only batch-level bipartite mergingalgorithm which leverages the natural
variance of image complexity in randomly sampled images.
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