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Abstract

We introduce MaMe, a training-free, differentiable token
merging method that relies entirely on matrix operations
to accelerate vision transformers. When applied to pre-
trained models, MaMe doubles ViT-B@ 224 throughput with
a 2% drop in accuracy. For training from scratch, a ViT-T
model with MaMe achieves 1.94x throughput with a 1.3%
accuracy drop. As a downsampling layer in Iwin models,
MaMe dramatically reduced Iwin-S° GFLOPs from 9.0 to
1.8 with a 12.4% accuracy drop. In SigLIP2-B@512 zero-
shot classification, MaMe provides 1.3x acceleration with
negligible performance degradation (78.02 vs. 78.37). For
multimodal reasoning, MaMe accelerates LLaVA-v1.5-7B
inference by 36% on MME with minimal degradation (31.40
vs. 32.76). In video tasks, MaMe accelerates VideoMAE-
L by 48.5% on Kinetics-400 with a 0.84% accuracy loss.
Furthermore, MaMe achieves simultaneous improvements
in both performance and speed on the COCO Caption task,
significantly boosting CIDET to 2.71 compared to the base-
line’s 0.71 with a speedup of 16%. Collectively, these
results demonstrate MaMe’s effectiveness in accelerating
transformer-based vision models.

1. Introduction

Vision Transformers (ViTs)[6] have revolutionized com-
puter vision by adopting the transformer architecture from
natural language models[35]. However, the complexity of
self-attention is quadratic O(NN?), where N represents the
number of tokens. For applications requiring dense to-
ken representations, such as high-resolution images, this
quadratic complexity presents a significant challenge, limit-
ing the deployment of large-scale ViT models on resource-
limited devices or in real-time applications.

To address the O(N?) computational challenge, a
straightforward yet effective approach is to reduce the num-
ber of tokens N involved in the process. The strategies
that have emerged include token pruning, token merging,
and hybrid methods that integrate both. Pioneering works
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like DynamicViT[29] introduced a dynamic token sparsifi-
cation framework that uses a lightweight, learnable predic-
tion module to hierarchically prune tokens at various stages
of the network. EVIT[18] uses the class token to eval-
uate token importance, keeping the most attentive tokens
while merging the others. Pruning’s main drawback is ir-
reversible information loss. Token merging combines simi-
lar tokens instead of discarding them. ToMe[ ] introduced
a training-free method, using a fast bipartite soft match-
ing algorithm to progressively merge similar tokens. Token
Pooling[26] uses cluster analysis to aggregate information
from neighboring tokens. DiffRate[3] makes compression
rate differentiable to learn layer-wise rates, while Token
Transforming[39] generalizes both pruning and merging as
specific cases of a broader matrix transformation, enabling
more flexible, many-to-many mappings that can better pre-
serve information.

Despite recent advancements, existing token reduction
methods face several challenges. A primary issue is the
non-differentiable nature of the token selection process
when using the Top-K operation, which often requires com-
plex workarounds for end-to-end training. Some methods
are slow due to their reliance on clustering techniques like
k-means, which are computationally intensive in practice.
Additionally, many methods introduce extra learnable pa-
rameters for token selection or merging modules, lead-
ing to increased model complexity and training overhead.
Lastly, an issue is the dependency on specific architec-
tures; for example, EViT’s reliance on a class token re-
stricting its use in models where a class token might not
be available.

To simultaneously address these limitations, inspired by
ToMe, we introduce a training-free token merging approach
that overcomes the mentioned challenges through several
ways:

Differentiable Design: Our method employs only dif-
ferentiable operations throughout the token merging pro-
cess, enabling seamless end-to-end training. By avoiding
discrete operations, we maintain gradient flow and allow the
model to be trained from scratch.



Efficient Matrix Operations: Instead of relying on op-
erations such as clustering algorithms, sorting or explicit
maximum selection,we utilize efficient, GPU-friendly full-
matrix operations. This approach offers both theoretical ef-
ficiency and practical speedup.

Parameter-Free Architecture: Our approach intro-
duces no additional learnable parameters, maintaining the
original model’s parameters, simplifying deployment, and
reducing the complexity of model management.

Plug-and-Play Integration: Our approach can be di-
rectly applied to pre-trained models without any extra train-
ing, or seamlessly integrated during training from scratch.
This flexibility significantly lowers the barrier to adoption.

2. Related Work

2.0.1. Token Pruning

Pruning methods discard non-informative tokens based on
importance metrics. DynamicViT[29] pioneered this by us-
ing lightweight prediction heads to score token relevance,
enabling end-to-end training. EViT[18] enhanced this by
fusing pruned tokens into the class token while reducing
sequence length. AdaViT[27] extends pruning to attention
heads and transformer blocks, creating instance-adaptive
computation graphs for complex inputs. However, these
methods face limitations: 1) Early pruning risks informa-
tion loss, 2) Discrete selection creates optimization chal-
lenges, and 3) Task-specific tuning is needed for threshold
calibration.

2.0.2. Token Merging

Merging techniques combine similar tokens rather than dis-
carding them, preserving information while reducing com-
putational load. ToMe[l] revolutionized this area with
training-free bipartite soft matching to merge the most sim-
ilar token pairs at each layer. However, ToMe’s fixed merge
ratio per layer limits adaptability to varying input com-
plexities. DiffRate[3] addresses the challenge of selecting
an optimal merge ratio by rendering the rate itself differ-
entiable. It utilizes a learnable budget controller to opti-
mize this rate for each input, facilitating instance-adaptive
efficiency through standard gradient descent but increas-
ing complexity. ToFu[31] diverges from ToMe’s training-
free methodology by proposing a learnable fusion module
that is co-trained with the models to generate new, more
expressive tokens. Hybrid approaches such as Pumer[10]
and LTPM[17] integrate token pruning and merging within
a unified framework. Pumer introduces a learnable router
to dynamically determine the number of tokens to prune
and merge on a per-instance basis, whereas LTPM employs
learnable parameters to decide whether a token should be
pruned or which tokens should be merged.
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2.0.3. Clustering-Based Reduction

Clustering approaches use offline algorithms to group simi-
lar tokens. TCFormer[40] employs KNN-enhanced Density
Peaks Clustering to group tokens and merge redundant ones
through averaging for human activity tasks like pose esti-
mation. ClusTR[37] uses hierarchical token merging with
cosine similarity across Transformer layers for vision tasks,
but its fixed ratios limit flexibility and may hinder small ob-
ject detection. While these methods preserve global con-
text, they face three drawbacks: 1) Iterative clustering algo-
rithms with O(nk) complexity offset computational gains,
2) Discrete cluster assignments prevent gradient flow, and
3) Fixed cluster counts lack input adaptability.

2.0.4. Learnable Token Reduction

End-to-end trainable methods optimize reduction policies
through differentiable architectures. ATS[8] implements
token merging via weighted averaging with gating mech-
anisms. Dynamic Token Morphing[36] uses cross-attention
between original and learnable proxy tokens for information
absorption. Gumbel Token Selector[15] employs Gumbel-
Softmax to sample token subsets through residual connec-
tions. These approaches show promise but increase model
complexity (15-30% more parameters) and risk overfitting
on small datasets.

3. Methodology
3.1. Token Partitioning

Let the input sequence from a given layer be represented by
the matrix X € RL*? where L is the number of tokens and
d is the feature dimension. We first partition this sequence
into two disjoint sets: a set of M destination tokens, denoted
by Xu € RM*9 and a set of N source tokens, X €
RN*4 where L = M + N.

Xast = {x; 11 € Lyy}

Xsrc = {Xj ,7 € Isrc} (1)

where Z,¢; and Zs,.. represent the index sets for destination
and source tokens, respectively, such that Zgs; N Zgpe = 0
and Z44; UZg,.. = T covers all token indices, excluding any
special tokens (e.g., class tokens). The specific strategy for
partitioning into Zgy and Zg. can vary (e.g., alternating or
random partition, see 2c).

3.2. Similarity-Based Fusion Matrix

Similarity Matrix. We begin by computing the cosine sim-
ilarity between each destination token and every source to-
ken. This yields a similarity matrix S € RM>*¥ | where
each element S;; is defined as:
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To isolate the most significant relationships, we apply a rec-
tified linear unit (ReLU) activation with a shifting threshold
7. This step filters out weak connections, producing a sparse
similarity matrix S € RM*N:

Sij = RCLU(S” - T) (3)
Adaptive Weight Pruning. From the sparse similarity ma-
trix S, we first compute an initial weight matrix W &
RM>*N by normalizing its columns. This ensures the ini-
tial influence of each source token is properly distributed
among its similar destination tokens.

Wy=—rid
YoM S e

“)
where ¢ is a small constant for numerical stability.

To further refine these weights, we introduce a dynamic,
column-specific thresholding mechanism. For each source
token j, we define a threshold (; as the average of its non-
zero weights in WW:

M
_ 2i=1 Wij

Cj+e ©)

Gj
where C} is the count of non-zero entries along the destina-
tion dimension and can be computed as

M
Ci=>
i=1

For differentiability, we don’t apply boolean operations
Cj = Y0ty Wiy > 0.

The threshold ¢ is to prune connections that are weak
relative to a source token’s other connections. We apply
this threshold to obtain a pruned weight matrix W:

Wij
Wij + €

(6)

Finally, the pruned matrix W is re-normalized column-wise

to produce the final fusion weights WF € RM>N:
W,
2ima Wij €

3.3. Token Aggregation and Preservation

The destination tokens are updated by aggregating the fea-
tures from source tokens, guided by the final fusion weights.
The fused destination tokens, X (’,;t € RMx*d are computed
as:

! F
det = Xgst + W Xy
/
Xdst,i
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where WLF] represents the similarity between the i-th
destination token and the j-th source token.

A key component of our methodology is the preservation
of unique source tokens Xps. A source token x?" is pre-
served if it exhibits no similarity to any destination token,
which means the sum of its similarities to all M destination
tokens is zero: m; = H(Zij\il W;; = 0), where I(-) is the
indicator function. So Xpes = {x57 | m; = 1}.

The final reduced sequence X’ is formed by concatenat-
ing any special tokens X, the fused destination tokens
X/ and the set of preserved source tokens Xpes.

X' = concat(Xspees Xees Xpres) (10)
If r source tokens satisfy the preservation condition and
there are /e special tokens, the resulting sequence will

have a reduced length of lpec + M + 7.

Batch Processing Implementation. For efficient imple-
mentation on batched data, the preservation decision must
be consistent across all samples in a batch. Given the fu-
sion matrix for a batch be W € REXMXN A per-sample
preservation mask m® € {0,1}" is computed for each
sample b, where mgb) = ]I(Z?il bej = 0). To en-
sure batch consistency, a source token j is preserved if it
is marked for preservation in any sample, yielding a final
g‘“a] = \/bB=1 mgb). So the preserved
source tokens Xpres = {x37¢ | mf™ = 1}. Subsequently,
to prevent preserved tokens from fusing, the corrected fu-
sion matrix W' is obtained by wa = iji’j (1 -
mg‘“al), zeroing out columns corresponding to preserved to-
kens and keeping others unchanged.

batch-wide mask m

3.4. Integration with Transformer Blocks

MaMe can be seamlessly integrated into the transformer-
based architecture. Let x;_1 be the token sequence output
by block [ — 1, and MSA, MLP, and LN denote Multi-head
Self-Attention, Multi-Layer Perceptron, and Layer Normal-
ization, respectively. The operations within a modified
Transformer block [ are formalized as follows:

z; = MSA(LN(z;-1)) + 21-1 (1)
z; = MaMe(z)) (12)
x; = MLP(LN(z})) 4+ = (13)

4. Experiments
4.0.1. Implementation Details

Training-Free The evaluation employs two representative
architectures: DeiT[33] and MAE[12], utilizing their pre-
trained weights without any fine-tuning. For these off-the-
shelf experiments, we apply MaMe to the first 8 layers of
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Figure 1. The visualization illustrates the progression of token count reduction in the first 8 blocks of the AugReg ViT-B/16 with MaMe.
Each color represents a distinct type of token. More results are in the supplementary materials.

each model, where we empirically set the similarity thresh-
old to 0.8. All other things remain identical to [3].

Training-From-Scratch For end-to-end training experi-
ments, we follow the training recipes[24] while incorpo-
rating our compression strategy. In standard ViT architec-
tures, we apply merging at layers 3, 6, and 9, implement-
ing a consistent 2:1 token reduction ratio (reducing token
count, except for the special class token, to half of origi-
nal) at each compression point. The similarity threshold is
0.5. For hierarchical pyramid structure like Swin[24] and
Iwin Transformer[13], we replace the original downsam-
pling layers with MaMe by setting 25% tokens as destina-
tion tokens, reducing the token count to % of the original.
In order to maintain a regular shape for window partition,
we had to discard the ”preserved source tokens”. ToMe is
unsuitable for this task as its reliance on sorted similarity
rankings would disrupt spatial relationships. This modifica-
tion eliminates the need for embedding dimension dou-
bling after downsampling, maintaining consistent feature
dimensions throughout the network and reducing parame-
ters and flops dramatically, facilitating deployment on edge
devices. All other training settings including optimization
(AdamW), and learning rate schedule (cosine decay with
20-epoch warmup) remain identical to [24].

4.0.2. Results

Training-Free

Table | evaluates several token compression methods on
ViT models. For ViT-S (DeiT), MaMe achieves 9015 img/s,
79% higher than baseline while maintaining 78.61% ac-
curacy (1.2 points below original), surpassing EViT (8950
img/s, 73.83% accuracy) and ToMe (8874 img/s, 77.99%
accuracy). For ViT-B (DeiT), MaMe delivers 4117 img/s
(93% faster) with 79.80% accuracy. EViT shows higher

2866

throughput (4230 img/s) but lower accuracy (74.61%),
while DiffRate[3] has similar speed but 78.98% accuracy.

Notably, comparing ViT-B (DeiT) and ViT-B (MAE),
which share identical architecture, reveals significant dif-
ferences in MaMe’s performance. On ViT-B (DeiT),
MaMe achieves 4117 imgs/s with 79.80% accuracy, while
on MAE, throughput increases to 5418 imgs/s, represent-
ing a 31.6% throughput improvement, while maintaining
79.83% accuracy. This highlights MaMe’s ability to lever-
age MAE’s self-supervised robust representations effec-
tively for token merging. EViT and ToMe show no through-
put change between ViT-B models. MaMe’s advantage
grows with model size: for ViT-L (MAE), it achieves 2764
imgs/s (EViT’s 1.63x) while maintaining the highest ac-
curacy (84.81%). On ViT-H (MAE), MaMe delivers 908
imgs/s (almost EViT’s 2x), with only a marginal accuracy
decrease compared to DiffRate.

Training From Scratch

The Table 2 presents the metrics for ViT, Swin, and
Iwin models, on ImageNet-1k [30], both without and with
MaMe compression (marked with ). MaMe consistently
enhances throughput across all architectures while main-
taining competitive accuracy. For example, ViT-TT achieves
4462 img/s, nearly doubling its baseline of 2291 img/s, with
only a 1.3 percentage point drop in accuracy (70.9% vs.
72.2%). For larger models, as seen with ViT-Bf, which
shows 813 img/s (92% faster than the baseline) at a 5.8-
point accuracy cost. However, its accuracy (76.0%) is lower
than the small variant ViT-ST(77.0%).

Accuracy-throughput tradeoffs differ across architec-
tures. ViT variants show minimal accuracy loss with com-
pression (1-6 points), while Swin transformers drop more
significantly (15-20 points). Iwin achieves a balanced mid-
dle ground - Iwin-ST maintains 71.0% accuracy versus base-



Table 1. The Results of Token compression on the off-the-shelf
models. Throughput is measured on an A100 GPU with a batch-
size of 1024 using FP16 precision.

FLOPs  Throughput  Top-1 Acc
Model Method G) (img/s) %)
Training Free on ImageNet-1K (224 x224)

Baseline 4.6 5039 79.82

EViT 2.3 8950 73.83

ViT-S (DeiT) ToMe 2.3 8874 77.99
DiffRate 2.3 8875 78.75

MaMe 2.3 9015 78.61

Baseline 17.6 2130 81.83

EViT 8.7 4230 74.61

ViT-B (DeiT) ToMe 8.8 4023 77.84
DiffRate 8.7 4124 78.98

MaMe 8.7 4117 79.80

Baseline 17.6 2130 83.72

EViT 8.7 4230 75.15

ViT-B (MAE) ToMe 8.8 4023 78.86
DiffRate 8.7 4150 79.96

MaMe 8.7 5418 79.83

Baseline 61.6 758 85.95

EViT 29.7 1672 81.52

ViT-L (MAE) ToMe 31.0 1550 84.24
DiffRate 31.0 1580 84.65

MaMe 31.0 2764 84.81

Baseline 167.4 299 86.88

EViT 92.9 500 86.01

ViT-H (MAE) ToMe 99.1 512 85.54
DiffRate 93.2 504 86.40

MaMe 93.2 908 85.51

line 83.4%, while Swin-ST drops to 65.8% from 83.0%.

In summary, this part of the work on using MaMe as
downsampling in a hierarchical pyramid structure is ex-
ploratory and sacrifices some performance due to the need
to discard “preserved source tokens” limited by the model
architecture. This work demonstrates the feasibility of
MaMe as downsampling, achieving a significant reduction
in parameters and computation by removing the doubling
of embedding dimension as the network deepens. There is
room for improvement, which will be left for future work.

4.1. Multimodal Large Language Models

Zero-shot Image Classification We conducted zero-shot
image classification on ImageNet-1K validation set to eval-
uate token merging strategies across CLIP[28], SigLIP[41],
and SigLIP2[34]. For CLIP, MaMe (7 = 0.8) increased
throughput by 25% (64.01 img/s) with 0.39% accuracy
drop, while ToMe (r=12) gave 3% throughput gain with
4.34% accuracy loss. For SigLIP, MaMe (r = 0.9) im-
proved throughput by 25% (58.10 img/s) with 1.11% accu-
racy reduction, while ToMe (r=32) achieved 19% speedup
with 1.28% accuracy loss. For SigL.IP2, MaMe (7 = 0.95)
increased throughput by 28% (56.15 img/s) with 0.35%
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Table 2. Comparative Evaluation of Vision Architectures with
MaMe Compression. Throughput is measured on an A100 GPU
with a batchsize 64 and FP32. The mark T means using MaMe.

Param  FLOPs  Throughput Top-1 Acc
Model .
Cwm © (img/s) (%)
Training From Scratch on ImageNet-1K (224 x 224)
ViT-T 5.72 1.3 2291 72.2
VIiT-Tf 5.72 0.6 4462 70.9
Swin-T 29.0 45 950 81.3
Swin-TT 1.45 1.5 1236 60.3
Iwin-T 30.2 4.7 874 82.0
Iwin-Tt 1.46 1.5 1522 65.1
ViT-S 22.0 4.6 1157 79.8
ViT-ST 22.0 2.1 2257 77.0
Swin-S 50.0 8.7 548 83.0
Swin-ST  2.80 1.8 1043 65.8
Iwin-S 51.6 9.0 512 83.4
Iwin-ST 2.82 1.8 1254 71.0
ViT-B 86.4 17.6 422 81.8
ViT-Bt 86.4 8.4 813 76.0

accuracy drop, while ToMe (r=32) gave 16% throughput
gain with 1.91% accuracy loss. SigL.IP2’s ability to merge
tokens at 7 = 0.95 indicates its confident semantic rep-
resentations. MaMe demonstrates better balance between
throughput and accuracy versus baseline and ToMe.

Table 3. Zero-shot image classification results. Inference through-
put measured on a 3090 GPU with FP32 and batchsize 1.

Input Size  Throughput  Top-1 Acc
Model Method
(px) (img/s) (%)
Zero-Shot Classification on ImageNet-1K
Baseline 224 51.22 70.34
ToMe(r=8) 224 51.33 68.98
CLIP (ViT-L/14) ToMe(r=12) 224 52.86 66.00
MaMe(r = 0.7) 224 69.09 67.60
MaMe(r = 0.8) 224 64.01 69.95
Baseline 512 46.28 75.61
ToMe(r=32) 512 55.10 74.33
SigLIP (ViT-B/16) ToMe(r=64) 512 71.94 70.66
MaMe(T = 0.8) 512 79.25 71.17
MaMe(T = 0.9) 512 58.10 74.50
Baseline 512 43.90 78.37
ToMe(r=32) 512 50.89 76.46
SigLIP2 (ViT-B/16) ToMe(r=64) 512 68.07 71.60
MaMe(r = 0.9) 512 76.15 75.09
MaMe(7 = 0.95) 512 56.15 78.02

Text-Image to Text We thoroughly investigated the impact
of token merging on the LLaVA-1.5-7B model[21] within
the VLMEvalKit framework[7], evaluating its performance



across a diverse suite of multimodal benchmarks[9, 16, 19,
22,23,25, 38]. The token merging techniques were applied
to the visual encoder, aiming to reduce the number of vi-
sual tokens fed into the large language model, thereby en-
hancing computational efficiency. We compare the baseline
LLaVA-1.5-7B against two distinct token merging strate-
gies: ToMe, employing a fixed reduction number of r = 8
per layer, and MaMe, which utilizes a similarity threshold
of 7 =0.8.

Results in Table 4 demonstrate that ToMe and MaMe
significantly accelerate evaluation time across benchmarks.
MaMe achieves greater acceleration than ToMe while main-
taining competitive or marginally superior metric scores
across most benchmarks. On the COCO Caption[20] task,
ToMe increased CIDEr to 1.60, while MaMe achieved 2.71,
representing a 3.8x improvement over baseline and a 69%
gain compared to ToMe, indicating MaMe is helpful for bet-
ter human consensus alignment.

Why does MaMe enhance CIDEr? We think MaMe acts
as a high-pass filter by adaptively compressing redundant,
low-frequency information (e.g., smooth image regions)
while preserving and passing unique, high-frequency to-
kens (e.g., edges and textures) unchanged through atten-
tion layers. And then the reduction of token count hap-
pens to mitigate the “attention dilution” effect, also known
as “rank-collapse” or “token uniformity,’[2, 5, 1 1] where a
large softmax denominator in MSA disperses finite atten-
tion capacity, suppressing significant tokens. Unique to-
kens, previously diluted, now compete within a smaller can-
didate set, thereby receiving higher attention scores, which
means amplifying high-frequency signals. The preserved
and enhanced details improve visual responses, indicating
the MaMe’s potential for enhancing the Vision Language
Model / Vision Language Action.

4.2. Video classification

We apply token merging to VideoMAE[32] models’ vision
encoder and compare MaMe with ToMe on Kinetics-400
validation set[14]. For evaluation, 16 frames were sampled
per video clip, each resized to a 224 x 224 resolution.

Results in Table 6 show token merging accelerates video
transformer inference. For VideoMAE-B, the baseline
achieved 76.81% accuracy with 13.24 videos/s throughput.
MaMe(r = 0.9) maintained 76.03% accuracy while reach-
ing 13.33 videos/s, outperforming ToMe(r=128) at 14.06
videos/s but 3.47% lower accuracy. MaMe(T 0.85)
achieved 13.81 videos/s comparable to ToMe(r=96). With
VideoMAE-L, the baseline achieved 82.31% accuracy at
6.25 videos/s. While ToMe(r=32) increased throughput to
6.97 videos/s, MaMe(7 = 0.8) reached 9.28 videos/s with
81.47% accuracy, showing a 49% speed increase. This
demonstrates MaMe’s effectiveness for larger models in
balancing throughput gains with performance.
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Table 6. Results on Kinetics-400. Inference throughput is mea-
sured on a 3090 GPU with FP16 precision and batchsize 1.

Input Throughput  Top-1 Acc
Model Method
(FxHW) (videos/s) (%)
Action Recognition on Kinetics-400
Baseline 16x224 13.24 76.81
ToMe(r=96) 16x224 13.76 75.54
VideoMAE-B ToMe(r=128) 16x224 14.06 73.34
MaMe(T = 0.85)  16x224 13.81 74.23
MaMe(7 = 0.9) 16x224 13.33 76.03
Baseline 16x224 6.25 82.31
VideoMAE-L ToMe(r=32) 16x224 6.97 82.05
MaMe(1 = 0.8) 16x224 9.28 81.47
4.3. Ablation Study

4.3.1. Algorithmic Design Choices

Our ablation studies extend to the core algorithmic compo-
nents of MaMe, with results summarized in Table 2.

Feature Choice: The raw token matrix x achieves opti-
mal accuracy (83.35%) with competitive throughput. Fea-
tures k and k-mean show lower accuracy (71.63% and
69.01%), confirming x preserves the most discriminative
information for merging decisions.

Similarity Function: Cosine similarity achieves the
best balance (83.35% accuracy, 73.06 im/s throughput). Dot
product improves throughput (81.14 im/s) but sacrifices ac-
curacy (80.43%), while Euclidean and softmax-based meth-
ods underperform in either metric.

Partition Style: Sequential ordering maximizes accu-
racy (84.14%) but reduces throughput (71.81 im/s). Al-
ternating order offers the best trade-off (83.35% accuracy,
73.06 im/s), outperforming random ordering, which slightly
boosts throughput at the cost of accuracy.

Adaptive Weight Pruning: AugReg models require
pruning to achieve best 83.35% accuracy. MAE models
show moderate gains but remain less dependent on pruning.

4.3.2. Where and What

To investigate where MaMe should be applied within mod-
els and what similarity threshold yields optimal perfor-
mance, we examine the joint impact of similarity thresh-
old (7) and the number of blocks applying token merging
(num_block) on both accuracy and throughput on ViT mod-
els as shown in Figure 4.

Accuracy The relationship between similarity thresh-
old and accuracy shows a non-linear pattern across ViT ar-
chitectures, influenced by MaMe applied block depth. As
the threshold increases from 0.6 to 0.8, accuracy improves
rapidly before plateauing, indicating diminishing returns



Table 4. Results for LLaVA-1.5-7B with different token merging methods. For each benchmark, we report the primary Metric (e.g.,
accuracy) and the total evaluation Time in seconds.

Method ‘ MME ‘ MMMU ‘ ScienceQA ‘ SEED-Image ‘ MMStar ‘ CRPE ‘ MMBench
‘ Metric Time(s) ‘ Metric  Time(s) ‘ Metric  Time(s) ‘ Metric  Time(s) ‘ Metric  Time(s) ‘ Metric Time(s) ‘ Metric  Time(s)
LLaVA-1.5-7B (Baseline) 32.76 597 32.22 481 65.43 625 60.17 3513 3253 565 50.69 2076 62.80 1191
+ ToMe (r=8) 31.40 509 30.11 440 63.42 554 58.19 3135 31.13 545 46.78 1794 61.00 1086
+ MaMe (7=0.8) 31.40 447 30.56 422 64.47 478 57.20 2840 30.27 531 45.62 1659 60.48 1020
feature  acc im/s function acc im/s order acc im/s src pruning acc  im/s
x 83.35 73.06 eucl 81.58 73.60 sequential ~ 84.14  71.81 mae 77.51 85.59
k 71.63 7245 cosine 83.35 73.06 alternating  83.35 73.06 mae v 80.02 78.96
k-mean 69.01 75.06 dot 80.43 81.14 random 83.24 73.74 augreg 72.47 78.59
softmax ~ 61.90 80.33 augreg v 83.35 73.06
a Feature Choice. The x matrix has b Similarity Function. Cosine simi- ¢ Partition Style. Alternating is d Adaptive Weight Pruning. Au-
the most information within tokens. larity is the best choice for speed and more reliable and faster. gReg models need pruning.
accuracy.

Figure 2. Ablation experiments using AugReg ViT-B/16. Our default settings are marked in Gray. We report Top-1 accuracy (acc) with
FP32 precision and model inference throughput (im/s) on a 3090 GPU. The visualization results of different methods are shown in Figure 3.

original default k k-mean

eucl softmax sequential random

Token Num: 5 Token Num: 9 Token Num: 6 Token Num: 2 Token Num: 15 Token Num: 2 Token Num: 60
default k

Token Num: 5

k-mean

original

eucl

softmax sequential random

Token Num: 4 Token Num: 3 Token Num: 2 Token Num: 23 Token Num: 15 Token Num: 83 Token Num: 26 Token Num: 2

Figure 3. The visualization in the 8th block of the AugReg ViT-B/16 using MaMe with different settings. Each color square represents a
distinct type of token. Default is our default method. More results are in the supplementary materials.

Table 5. COCO caption task performance of the LLaVA-1.5-7B merging varies by size: ViT-L maintains >85% accuracy
model and its modified versions by ToMe and MaMe. across thresholds (0.6-0.8) with throughput gains, ViT-B
shows moderate sensitivity, and ViT-S is most vulnerable

Method Lat Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGEL CIDE . .

o atency(®) Blewd Blew2 Blew3 Blew i (accuracy drops from 79% to 60% with aggressive merg-
LLaVA-1.5-7B 3.12 20.72 13.28 8.08 4.93 20.94 0.71 : e .

y ing). Larger models exhibit greater representational redun-
+ToMe 230 2015 1290 790 489 21.67 1.60 . > . R
NV TG O s 2169 271 dancy, allowing coarser merging with minimal performance

loss.

Random Partition The comparison between determin-
istic default configurations (dashed lines) and stochastic tri-
als (scatter points) indicates that the default settings define

from stricter token retention and suggesting that exceeding
a critical threshold sufficiently distinguishes features.

Throughput Throughput monotonically decreases with a Pareto frontier: stochastic partitions yield higher accu-
similarity threshold, dropping sharply at low thresholds due racy (points above the dashed line) but lower throughput
to rising computational costs. Threshold sensitivity in- (points below the dashed line). This trade-off suggests that
versely correlates with model size: ViT-S experiences the while stochasticity enhances accuracy, it undermines com-
steepest decline, followed by ViT-B and ViT-L, indicating putational efficiency. The deterministic, alternating parti-
larger models better mitigate merging overhead. tion thus serves as a robust baseline, balancing performance

Model-Scale Sensitivity Model sensitivity to token and efficiency.
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Figure 4. The accuracy and throughput change with the similarity threshold under both alternating and random partitions. There is a
non-linear, saturating relationship between the similarity threshold and accuracy across ViT architectures. Five different random seeds are
employed to conduct five experiments under different ratios of tokens as source tokens as shown in the box in the Figures (c) and (d),
illustrating that the default, determined alternating partition curves represent a Pareto frontier.

5. Discussion

Pros and Cons One of the primary advantages of MaMe
is its non-intrusive nature with respect to standard atten-
tion mechanisms. Unlike ToMe, which requires attention
modifications, MaMe preserves the standard attention cal-
culation and easily integrates with optimized implemen-
tations like Flash Attention[4]. Its full-matrix operations
are GPU-friendly, avoiding hard-to-optimize sorting oper-
ations. However, the optimal similarity threshold (7) re-
quires manual determination. Future work will develop au-
tomated methods to determine it.

Migrating to LLMs Token merging approaches like ToMe
break causality in autoregressive LLMs by allowing tokens
to merge with future tokens. MaMe enables causal to-
ken merging by partitioning tokens into odd (destination)
and even (source) sets, then applying a causality mask M
(M; ; = 1if j <4, else 0) to zero upper triangular part of
fusion weights WZ by WZ © M;;. This restricts each des-
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tination token (e.g., token 5) to merge only with preceding
source tokens (e.g., tokens 0, 2, 4), preserving causality and
allowing reduce KV cache length in LLMs.

6. Conclusion

In this work, we introduced MaMe, a differentiable,
training-free token merging method based on full-matrix
operations. Through extensive experimentation, includ-
ing accelerating off-the-shelf and from-scratch trained ViT
models, as well as video classification models, we demon-
strated that MaMe, like ToMe, achieves significant infer-
ence speedups, typically with a trade-off in performance
metrics. However, MaMe achieves simultaneous improve-
ments in both performance and speed on COCO caption
task, indicating MaMe’s potential for optimizing multi-
modal models. Lastly, we discussed MaMe’s causal token
merging potential for application in large language models
to compress KV cache while preserving causality.
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