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Abstract

This work presents Adaptive Local-then-Global Merging
(ALGM), a token reduction method for semantic segmenta-
tion networks that use plain Vision Transformers. ALGM
merges tokens in two stages: (1) In the first network layer,
it merges similar tokens within a small local window and
(2) halfway through the network, it merges similar tokens
across the entire image. This is motivated by an analysis
in which we found that, in those situations, tokens with a
high cosine similarity can likely be merged without a drop
in segmentation quality. With extensive experiments across
multiple datasets and network configurations, we show that
ALGM not only significantly improves the throughput by
up to 100%, but can also enhance the mean IoU by up to
+1.1, thereby achieving a better trade-off between segmen-
tation quality and efficiency than existing methods. More-
over, our approach is adaptive during inference, meaning
that the same model can be used for optimal efficiency or
accuracy, depending on the application. Code is available
at https://tue-mps.github.io/ALGM .

1. Introduction

Vision Transformers (ViTs) have shown to be very effec-
tive for image segmentation tasks [9, 10, 19, 37, 38, 46,
47, 51, 52]. However, the computational complexity of
the multi-head self-attention operation scales quadratically
with the number of input pixels. This harms the computa-
tional efficiency, especially on the high-resolution images
that are typically used for image segmentation. To alleviate
this burden and improve the efficiency, several works have
proposed methods to reduce the number of tokens that the
ViT has to process. Most token reduction methods have
been introduced for image classification [2, 3, 7, 8, 15–
18, 20, 22, 24, 28, 30, 33, 36, 40, 42–44, 48–50, 54], but
there is also an increasing amount of work that focuses on
tasks like semantic segmentation [12, 21, 23, 25, 26, 29, 39].
In this work, we also focus on semantic segmentation, and
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Figure 1. Efficiency and segmentation quality for ALGM,
applied to Segmenter [38], SegViT [51], and SETR [52] on
ADE20K. On average, ALGM improves the throughput of these
baselines by 39%, while improving the mIoU by +0.7.

aim to design a token reduction method that achieves a
better balance between efficiency and segmentation quality
than existing works.

This objective is motivated by the limitations of exist-
ing works. First, token pruning methods [15, 30, 33, 48],
which are popular for image classification, discard uninfor-
mative tokens. They are not directly applicable to semantic
segmentation, as each token requires a prediction. To over-
come this, token pausing or halting methods [12, 26, 39]
retain discarded tokens and aggregate them with the other
tokens at the end of the ViT. However, these methods ob-
serve a drop in segmentation quality, possibly because use-
ful information contained in the halted tokens is not avail-
able in later network layers. Alternatively, token sharing
and merging methods avoid discarding tokens, and repre-
sent multiple image patches or tokens with a smaller set
of tokens [21, 23, 29]. This approach allows these meth-
ods to maintain the segmentation quality, but requires them
to introduce additional computational overhead to identify
tokens for sharing or merging, and they apply token reduc-
tion only once, limiting the efficiency gain. Furthermore,
token merging methods that have been designed for image
classification yield a notable decline in segmentation qual-
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ity when applied to semantic segmentation [2, 23, 24].
Based on these existing works, we make two observa-

tions: (a) CTS [29] demonstrates that local token sharing
in early network stages enhances efficiency without com-
promising segmentation quality, but it inefficiently requires
a pre-processing network. Therefore, our first objective is
to merge redundant tokens early in the network without re-
quiring pre-processing, and still maintain the segmentation
quality. (b) Token merging approaches like ToMe [2] show
that gradually merging redundant tokens across the entire
image (i.e., globally) can greatly boost the efficiency, but
at the cost of segmentation quality. Thus, our second objec-
tive is to also apply global token merging to further improve
efficiency, but without harming the segmentation quality.

To achieve these objectives, we need to find an efficient
method to identify tokens that can be merged without caus-
ing a drop in segmentation quality. Inspired by existing to-
ken merging methods [2, 28, 43], in Sec. 3.2, we explore if
the cosine similarity is a suitable measure to identify merge-
able tokens. Concretely, we compare the cosine similarities
between tokens representing the same category – i.e., intra-
class tokens, which are potentially redundant and can be
merged – and tokens representing different categories – i.e.,
inter-class tokens, which should not be merged. We find
that (a) already in the 1st network layer, the similarities be-
tween intra-class tokens in small local windows are much
higher than for inter-class tokens, and (b) comparing tokens
globally, intra-class token similarities become increasingly
higher than inter-class similarities in later layers.

Based on these new findings, we present our Adap-
tive Local-then-Global Merging (ALGM) module that inte-
grates two token merging phases. In the first network layer,
ALGM adopts a local merging strategy. This is followed
by a global merging mechanism in an intermediate layer,
to also reduce global token redundancies. Moreover, rather
than using a predetermined number of merged tokens, our
approach dynamically decides the number of merged tokens
based on the semantic complexity of the image content. Fi-
nally, we restore the original token resolution to make seg-
mentation predictions. For details, see Sec. 3.3.

ALGM offers multiple advantages. (a) Unlike methods
that use token pausing, redundant tokens remain active in
the network, and continue to contribute in subsequent net-
work layers via their merged representation. (b) ALGM
avoids the need for preprocessing layers and the significant
overhead associated with token sharing or merging meth-
ods. (c) Global merging is only applied when token similar-
ity is sufficiently reflective of category similarity, reducing
the chance of merging tokens that should remain separate.
(d) Being a parameter-free approach, the ALGM module is
naturally compatible with all plain ViT backbones, as well
as any segmentation decoder, with or without re-training.

Through experiments outlined in Sec. 4, we demonstrate

that ALGM consistently enhances the throughput by con-
siderable margins when applied to a wide range of differ-
ent segmentation methods (see Fig. 1). Moreover, we ob-
serve that, on top of this improved efficiency, ALGM also
enhances the segmentation quality. From an investigation
into the cause of this improvement, we find that it can be
attributed to two factors: a better balance between frequent
and infrequent categories in the self-attention operation, and
the denoising of tokens. For more results, we refer to Sec. 5.

We summarize our main contributions as follows:
• A generally applicable token merging framework that in-

tegrates local and global merging, enhancing both the ef-
ficiency and segmentation quality of ViT-based semantic
segmentation networks.

• An analysis of similarities between intra- and inter-class
tokens, within local windows and across network layers.

• An exploration of the cause of the segmentation quality
improvement obtained by ALGM.

2. Related work
Since the introduction of the Vision Transformer (ViT), a
substantial amount of work has been dedicated to improving
the efficiency of these ViTs. In this work, we focus on token
reduction, which aims to decrease the number of tokens that
are processed by the ViT, to improve efficiency.

Token reduction in general. The majority of token re-
duction methods have been introduced for ViTs that con-
duct image classification. Some methods use a token prun-
ing strategy, where uninformative tokens are identified and
simply discarded [15, 20, 24, 30, 33, 40, 48]. Uninforma-
tive tokens are identified by making intermediate predic-
tions with auxiliary heads [20, 30, 33], or obtaining impor-
tance scores from attention weights [15, 24, 40]. Pruned to-
kens can be discarded completely [15, 30, 33, 48] or fused
into one token to preserve information flow [20, 24]. While
token pruning can notably enhance the throughput of trans-
formers, discarding tokens is not possible for semantic seg-
mentation as each token requires a prediction, and fused
tokens representing multiple regions or categories cannot
be trivially reconstructed to make a semantic segmentation
prediction. Alternatively, token merging methods combine
groups of tokens into a smaller set of representative to-
kens. Some works introduce a learned layer to map the
original token set to a smaller one [6, 34, 36, 54], while
most methods merge tokens if they have a high similarity
score [2, 3, 5, 8, 17, 28, 43]. Other methods combine differ-
ent merging, pruning or fusing approaches [3, 5, 8, 28, 44].

Token reduction for semantic segmentation. Some
token merging methods for image classification can also
be applied to semantic segmentation [2, 6, 17, 24, 28] by
reconstructing merged tokens to their original positions to
make a prediction. However, while these approaches im-
prove efficiency, they consistently cause a drop in segmen-
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tation quality, as also shown by Liang et al. [23].
Other token reduction methods have been proposed

specifically for the semantic segmentation task. Token
pausing or halting approaches [12, 26, 39] identify tokens
that produce high-confidence predictions in early network
layers, and do not process them any further. Instead of dis-
carding tokens like pruning methods, they retain tokens and
reconstruct them later to make a final prediction. However,
in subsequent layers, these ‘paused’ tokens do not partici-
pate in the self-attention operation anymore, meaning that
potentially useful information is no longer available, which
negatively affects the segmentation quality. Alternatively,
ELViT [23] and AiluRus [21] introduce a non-parametric
token clustering layer that merges redundant neighboring
tokens in one network layer. These methods are able to re-
duce tokens while maintaining the segmentation quality, but
their efficiency gain is limited. It is likely that this is be-
cause their clustering layer introduces computational over-
head, and because they reduce tokens only once, not us-
ing the token redundancies potentially present in other lay-
ers. CTS [29] uses a CNN-based policy network to identify
image patches that can share a token before the first trans-
former layer. This approach can also reduce tokens while
maintaining segmentation quality, but its policy network in-
troduces computational overhead, and it only merges tokens
in local windows, ignoring global redundancies.

Inspired by the advantages and limitations of existing
work, this work proposes a parameter-free token merging
method for semantic segmentation that applies both local
and global merging based on cosine similarities between to-
kens. Importantly, with minimal computational overhead,
we identify where cosine similarities can be used to select
tokens for merging while maintaining or even improving the
segmentation quality.

3. Method
3.1. Preliminaries

A ViT-based segmentation architecture typically consists of

two subnetworks: (a) An encoder E : I
L1,...,LL−−−−−−→ TL,

which uses L distinct transformer layers to map the input
image I to TL, the set of tokens representing the image con-
tent at the final layer LL. The encoder E first splits the in-
put image I ∈ R3×H×W into N = H×W

p2 non-overlapping
patches, determined by a patch size p. Following patch
embedding and positional encoding steps, an initial set of
token embeddings T0 = {t1, . . . , tN} is obtained. Each
token ti belongs to Rd, with d denoting the feature dimen-
sion. These token embeddings are subsequently processed
by transformer layers L = {L1, ...,LL}, resulting in the
output TL. Each layer Ll in L integrates a multi-head self-
attention (MHSA) block followed by a multi-layer percep-
tron (MLP) block which output T ′

l = MHSA(Tl−1)+Tl−1
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Figure 2. Comparison of cosine similarity between intra-class
and inter-class tokens. On ADE20K training set using Segmenter
+ ViT-S [13, 38]. (a) Local similarities across 5 window sizes in
the first layer. (b) Layer-wise analysis of global similarities.

and Tl = MLP(T ′
l ) + T ′

l respectively. (b) A decoder
D : TL −→ P , which utilizes transformer or convolutional
layers to process TL and generate the per-pixel segmenta-
tion prediction P , where P ∈ RC×H×W and C represents
the number of classes. Our primary objective is to reduce
the number of tokens in T , the total set of tokens, by iden-
tifying those tokens that can be merged without adversely
affecting the segmentation quality of P .

3.2. Token similarity analysis

As highlighted in Sec. 1, considering the advantages and
limitations of existing methods, our goal is to find a method
to (a) apply early local token merging without requiring
a pre-processing network and (b) also apply global to-
ken merging to further improve efficiency, without harm-
ing the segmentation quality. To achieve this, we need
to find a method that can efficiently identify tokens suit-
able for merging while preserving the segmentation qual-
ity. CTS [29] is based on the hypothesis that tokens that
represent the same semantic class can be merged without
compromising segmentation quality, since they carry redun-
dant information. On the other hand, several token merging
methods for image classification [2, 28, 43] merge tokens
with a high cosine similarity. They get promising efficiency
gains, but sometimes at the cost of accuracy. This motivates
us to examine if and when cosine similarity can be an effec-
tive metric to identify tokens that represent the same cate-
gory and are thus suitable for both local and global merging.

To analyze this, we extract and compare the similarities
between tokens from Segmenter with ViT-S [13, 38] trained
on the ADE20K [53] training set. (1) We first analyze the
local similarities within k×k windows in the first trans-
former layer. We calculate the cosine similarity between
tokens representing different categories (i.e., inter-class to-
kens), which should not be merged, and tokens represent-
ing the same category (i.e., intra-class tokens), which can
be merged. As illustrated in Fig. 2a, the smaller the win-
dow size k, the more accurately cosine similarity reflects
that tokens depict the same category. Consequently, tokens

15775



...

Indices

M
ul

ti-
H

ea
d 

Se
lf-

at
te

nt
io

n 

M
LP

C
on

di
tio

na
l L

oc
al

 A
ve

ra
ge

 P
oo

lin
g

(C
LA

P)
  

Merged Token Indices 

Step 1: Reshape the tokens to a
grid shape, group them using a
specific window size, and then
create a fully connected similarity
graph for each group.

Step 3: Merge the connected
tokens within each window using
average pooling, then reshape
them into a row-based structure.

...

M
ul

ti-
H

ea
d 

Se
lf-

at
te

nt
io

n 

M
LP

... ...

Indices

M
ul

ti-
H

ea
d 

Se
lf-

at
te

nt
io

n 

M
LP

G
lo

ba
l B

ip
ar

tit
e 

 M
at

ch
in

g 
(G

B
M

)

M
ul

ti-
H

ea
d 

Se
lf-

at
te

nt
io

n 

M
LP

Encoder 

Local Merging Global Merging

To
ke

n 
U

nm
er

gi
ng

To
ke

n 
U

nm
er

gi
ng

 Decoder 

C
N

N
-b

as
ed

Tr
an

sf
or

m
er

-b
as

ed

Input Image   Prediction  

Step 2: Compute the mean similarity
of tokens within each window and
retain edges with a similarity greater
than .

...

Step 3: Keep
the edges with
similarity
greater than . 

... ...

Step 1: Partition
the tokens into two
sets A and B.
Construct a
bipartite similarity
graph between the
tokens.

1

2...

3

1

...

Step 2: Keep one
edge from tokens
in set A and their
most similar
tokens in set B.

...
...

Step 4: Merge the
connected tokens,
and concatenate the
sets back together.

1

2

3

...

Option A

Option B
... ...

Figure 3. ALGM comprises two primary modules: (1) Conditional Local Average Pooling (CLAP) for local merging and (2) Global
Bipartite Matching (GBM) for global merging. The top section illustrates the placement of these modules in the first and middle layers,
while the bottom provides a detailed visualization of the individual modules.

with a high cosine similarity within small local windows in
the first layer can likely be merged without a drop in seg-
mentation quality. (2) We analyze the global similarities by
calculating the cosine similarities for inter-class and intra-
class tokens across the entire image for all transformer lay-
ers. As seen in Fig. 2b, the global similarities in early lay-
ers do not accurately represent category correspondence, so
they should not be employed to identify tokens for merging.
However, deeper in the network, cosine similarity becomes
a better measure to identify tokens that can be merged glob-
ally without affecting segmentation quality.

3.3. Adaptive Local-then-Global Merging

From the analysis we know that (a) local token similari-
ties in early layers and (b) global token similarities in in-
termediate layers are likely good indicators of the merge-
ability of tokens. To exploit this, we propose the Adaptive
Local-then-Global Merging (ALGM) approach. As demon-
strated in Fig. 3, the process begins with local merging in
the first layer using the Conditional Local Average Pool-
ing (CLAP) module. In an intermediate layer, we adopt the
Global Bipartite Merging (GBM) module which is based
on the BSM [2] algorithm for global merging. The proce-
dure concludes with a token unmerging module to restore
the original token resolution.

Local token merging. Given the insights from

Sec. 3.2, we aim to merge tokens in the first layer if they
have a high similarity with neighboring tokens in a small
window. To implement this, we introduce the CLAP mod-
ule, which is positioned in layer L1, between the MHSA
and MLP blocks, as illustrated in Fig. 3. The CLAP mod-
ule follows these steps: (1) It receives the token embed-
dings T ′

1 ∈ RN×d from layer L1 and reshapes them into
a grid T ′

G1 ∈ R
H
p ×W

p ×d. It then defines a window of
size k × k and groups the tokens within each window into
separate sets W = {w1, . . . , ws}, where s = N

k2 . Each
w ∈ Rk×k×d is a set of token embeddings, represented as
w = {t1, t2, . . . , tk2}. (2) Subsequently, for each w in W , it
computes the cosine similarity between all pairs of tokens ti
in w, and calculates the mean of these similarities to get µw.
Then, as we hypothesize that the similarity between tokens
represents the mergeability, CLAP merges only the tokens
in windows w for which µw > τ , where τ is an automat-
ically determined similarity threshold, which is elaborated
later in this section. (3) Finally, the tokens inside selected
windows w are merged into a single token by taking the av-
erage of these tokens. The indices of these tokens are also
stored for later unmerging. Once completed, merged and
non-merged tokens are concatenated to produce the output
token embeddings T ′′

1 = {t1, . . . , tN ′} where N ′ ≤ N .
Global token merging. After local merging, the to-

kens are processed through standard transformer layers up
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to layer Lm, where the GBM module is applied. Sim-
ilar to the steps of the BSM [2] algorithm: (1) In the
first step, the tokens in T ′

m are split into two sets: A =
{t1, t3, . . . , tN ′−1} and B = {t2, t4, . . . , tN ′}. A fully-
connected bipartite graph is then constructed between the
tokens within these sets based on their cosine similarity. (2)
Then, GBM only retains the edges that represent the high-
est similarity from a token in set A to any token in set B.
This means that for a given token Ai , the edge to token Bj

is only retained if Bj is the most similar token to Ai when
compared to all other tokens in set B. (3) Next, unlike the
original BSM which employs a constant number of merged
tokens, GBM uses a similarity threshold τ . Thus, edges
are only retained if their similarity exceeds τ . (4) Finally,
the tokens with remaining edges are merged by taking their
average, and their indices are stored for future unmerging.
The two sets are then concatenated, yielding the output em-
beddings T ′′

m = {t1, . . . , tN ′′} where N ′′ ≤ N ′.

Token unmerging. Upon completing global merging,
the embeddings T ′′

m are processed through the remaining
L − m transformer layers, resulting in the final token em-
beddings TL. These embeddings, along with the indices of
merged tokens retained during the merging phases, are pro-
vided as inputs to the decoder D. In this phase, we deploy
an unmerging module that duplicates the embeddings of the
merged tokens at the indices of the tokens from which they
were merged. For transformer-based decoders, which are
designed to handle tokens, the unmerging module is applied
after the decoder. Conversely, for CNN-based decoders,
which require spatially organized features, token unmerg-
ing is executed prior to the decoder.

Adaptive token merging. As the complexity of im-
ages varies, reducing a constant number of tokens can lead
to a suboptimal efficiency or segmentation quality. Merging
too many tokens in complex images can lead to insufficient
representation of their complexity. Conversely, simpler im-
ages can benefit from a more reduced token count, enhanc-
ing efficiency. To tackle this challenge, we introduce an
adaptive method that automatically determines a similarity
threshold. Before training, we take the base segmentation
model to which we want to apply ALGM, and then run in-
ference on the training set. We then extract the tokens after
the MHSA block in each layer Ll, calculate the cosine sim-
ilarities between all token pairs, and compute the mean µsim
and standard deviation σsim of these similarities across the
entire training set. Given these statistics, we then set the
threshold τ = µsim + σsim to merge token pairs with above-
average similarities. Using this threshold, the number of
remaining tokens N ′ and N ′′ after the CLAP and GBM
modules will vary per image. During training, to facilitate
batching of images and tokens, we take the maximum num-
ber of remaining tokens N ′ and N ′′ per batch, and apply
this to all images in the batch.

4. Experimental setup
Datasets. We conduct our main experiments on

ADE20K [53], which is widely recognized as a chal-
lenging scene parsing dataset. Additionally, we show
ALGM’s general applicability on the Pascal Context [31],
Cityscapes [11], and COCO-Stuff-10K [4] datasets.

Implementation details. ALGM can be applied to any
segmentation model that uses plain ViTs. We apply it to
three popular networks: Segmenter [38], SETR [52], and
SegViT [51] using four standard ViT backbones [13]: ViT-
T/S/B/L. For a fair comparison, we train all networks using
the original hyperparameters and official implementations.
By default, we integrate our CLAP and GBM modules at
the 1st and 5th layers for ViT-T/S/B models, and at the 1st

and 7th layers for ViT-L, using the automatically generated
threshold τ for both merging phases. For more details, see
the supplementary material.

Evaluation metrics. To assess the segmentation qual-
ity, we use the standard mean Intersection-over-Union
(mIoU) metric, and for computational efficiency we eval-
uate the throughput in terms of images per second (im/sec)
and the number of floating point operations (FLOPs). For
the throughput, we calculate the average im/sec on the vali-
dation set with a batch size of 32 on an Nvidia A100 GPU,
after a 50-iteration warmup. To calculate the number of
FLOPs, we use fvcore [35] and compute the average num-
ber of operations over all images in the validation set. We
report the number of GFLOPs, i.e., FLOPs ×109.

5. Experimental results
5.1. Main results

To evaluate the effectiveness of ALGM, we apply it to sev-
eral ViT-based segmentation networks and compare it with
existing state-of-the-art token reduction methods. For each
existing method, we report the version with the highest effi-
ciency while maintaining the segmentation quality as much
as possible. For a more comprehensive analysis across var-
ious settings, additional results are provided in the supple-
mentary material. For our ALGM, we report two versions:
(1) the default ALGM, which uses the automatic threshold
during both training and inference, and (2) ALGM*, which
is the same trained model, but during inference it uses the
smallest threshold τ for which the mIoU is higher than the
baseline. In other words, ALGM* is tuned for optimal ef-
ficiency while maintaining the segmentation quality. See
Sec. 5.4 and the supplementary material for more details on
the use of different merging thresholds.

ADE20K. Tab. 1 presents the results of ALGM and ex-
isting token reduction methods for different segmentation
models and ViT backbones on the ADE20K dataset [53].
We find that, across all settings, ALGM is able to consider-
ably improve the throughput and number of GFLOPs with
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Method mIoU (%)↑ Im/sec ↑ GFLOPs ↓

Seg-T [38] 38.1 287 12.8
+ CTS [29] 38.2 309 9.8
+ ToMe [2] 37.9 346 9.2
+ ALGM (ours) 38.9 388 8.4
+ ALGM* (ours) 38.4 427 7.3

Seg-S [38] 45.3 134 38.6
+ CTS [29] 45.1 174 27.2
+ ToMe [2] 45.1 170 28.2
+ ALGM (ours) 46.4 192 26.3
+ ALGM* (ours) 45.5 235 20.9

Seg-B [38] 48.5 51 130
+ CTS [29] 48.7 73 91
+ ToMe [2] 48.5 68 97
+ ELViT‡ [23] 48.2 73 92
+ ALGM (ours) 49.4 73 91
+ ALGM* (ours) 48.5 87 76

Seg-L [38] 51.8 10 672
+ CTS [29] 51.8 16 446
+ ToMe [2] 51.6 14 505
+ ELViT [23] 51.4 12 539
+ ELViT‡ [23] 51.9 12 539
+ AiluRus‡ [21] 52.2 - 479
+ ALGM (ours) 52.7 16 438
+ ALGM* (ours) 51.9 20 370

SegViT-L [51] 54.5 10 638
+ ALGM (ours) 54.6 14 476
+ ALGM* (ours) 54.5 15 461

SETR-L [52] 48.1 18 363
+ ALGM (ours) 48.4 24 277
+ ALGM* (ours) 48.1 29 227

Table 1. Main results on ADE20K. ALGM applied to Segmenter
(Seg) [38], SegViT [51], and SETR [52] across 4 ViT backbones.
ALGM* is the same trained model as ALGM, but uses the thresh-
old τ during inference that achieves the best efficiency while main-
taining the mIoU w.r.t. the baseline. ‡Indicates a training-free
method, applied directly to the baseline model.

respect to the base segmentation networks, and also achieve
a substantial mIoU increase. This shows that our token
merging approach does not only improve the efficiency, but
also boosts the segmentation quality. In Sec. 5.4, we pro-
vide a more detailed analysis into the cause of this mIoU im-
provement. The ALGM* variant, which is optimized for ef-
ficiency, is able to improve the throughput even further (up
to +100% for Seg-L), while consistently achieving an mIoU
that is the same or slightly higher than the base networks.
Moreover, ALGM and ALGM* consistently outperform all
existing token reduction works, in terms of both the mIoU
and the efficiency metrics. This shows that our method can
find a better balance between segmentation quality and effi-
ciency, which is the objective of this work.

Other datasets. When applying ALGM to COCO-
Stuff, Cityscapes and Pascal-Context [4, 11, 31] in Tab. 2,
we observe very similar results as for ADE20K. For all

datasets, our default ALGM significantly improves the
throughput with respect to the base segmentation networks,
while also obtaining a better segmentation quality. Again,
ALGM* can improve the throughput even further, obtaining
throughput improvements of +90% on Cityscapes for Seg-
S and +72% on COCO-Stuff for Seg-L without any drop in
segmentation quality.

On the COCO-Stuff and Pascal-Context datasets, ALGM
and ALGM* also consistently outperform all existing meth-
ods. For Cityscapes, ALGM outperforms ToMe [2], Ailu-
Rus [21], and ELViT [23], but it does not achieve the same
efficiency improvements as CTS [29]. We observe that the
visual homogeneity of the Cityscapes images causes tokens
to be similar in the first transformer layer even if they do
not belong to the same category, requiring a higher merging
threshold and limiting the efficiency improvement. Over-
all, taking into account all datasets, we can conclude that
ALGM is a robust and generally applicable method that
consistently improves the efficiency of ViT-based segmen-
tation models while also enhancing their accuracy.

Comparison with other works. In Tab. 3, we com-
pare ALGM to DToP [39] and DoViT [26]. However, these
works report mIoU and GFLOPs results without token re-
duction that differ from the results we obtain from the of-
ficial code of SETR [52] and Segmenter [38], while DToP
and DoViT do not release their code. Therefore, we can
only compare the relative performance differences obtained
due to token reduction. In Tab. 3, we observe that DToP
can maintain the mIoU while reducing the GFLOPs by
25%, whereas ALGM* maintains the mIoU and reduces the
GFLOPs by 30%. Compared to DoViT, ALGM consider-
ably improves both the segmentation quality and efficiency.
For further comparisons, see the supplementary material.

5.2. Application to state-of-the-art model

To demonstrate the effectiveness of ALGM on a large-
scale state-of-the-art network, we apply it to the EVA
backbone [14] with a ViT-Adapter + Mask2Former de-
coder [9, 10]. Here, we calculate the average throughput on
4 Nvidia A6000 GPUs due to memory requirements. The
results in Tab. 4 show that without training, we can improve
the throughput by 26% while keeping the mIoU constant.
When we also train the model, we achieve the same effi-
ciency gains but now also further improve the mIoU with
+0.2. These results show the general effectiveness and com-
patibility of ALGM with large-scale pre-trained networks.

5.3. Ablations

CLAP module window size. In Tab. 5a, we evaluate
the effect of using different window sizes for our CLAP
module. We find that smaller window sizes yield higher
mIoU scores, whereas larger window sizes result in a better
efficiency. This is as expected, as we have found in Fig. 2a

15778



Method mIoU (%)↑ Im/sec↑ GFLOPs↓
Seg-S [38] 42.3 132 39
+ CTS [29] 42.2 164 28
+ ALGM (ours) 43.1 182 27
+ ALGM* (ours) 42.3 219 22

Seg-B [38] 43.6 50 130
+ CTS [29] 43.7 71 89
+ ALGM (ours) 44.4 69 96
+ ALGM* (ours) 43.8 84 79

Seg-L [38] 46.8 18 401
+ CTS [29] 46.7 27 272
+ ALGM (ours) 47.4 25 287
+ ALGM* (ours) 46.8 31 241

(a) COCO-Stuff [4].

Method mIoU (%)↑ Im/sec↑ GFLOPs↓
Seg-S [38] 76.5 41 116
+ CTS [29] 76.5 81 56
+ ALGM (ours) 76.9 65 76
+ ALGM* (ours) 76.5 78 64

Seg-L [38] 79.1 6.2 1005
+ CTS [29] 79.5 13.2 523
+ ToMe [2] 78.7 8.1 822
+ ELViT [23] 78.7 7.3 857
+ ELViT‡ [23] 78.8 7.3 857
+ AiluRus‡ [21] 78.8 - 711
+ ALGM (ours) 79.5 8.6 766
+ ALGM* (ours) 79.1 10.3 654

(b) Cityscapes [11].

Method mIoU (%)↑ Im/sec↑ GFLOPs↓
Seg-S [38] 53.0 172 32.1
+ CTS [29] 52.9 220 22.4
+ ALGM (ours) 53.2 217 24.6
+ ALGM* (ours) 53.0 263 20.2

Seg-L [38] 57.7 21 343
+ CTS [29] 57.6 32 233
+ ToMe [2] 57.6 22 263
+ ELViT [23] 57.5 25 257
+ ELViT‡ [23] 57.9 25 257
+ ALGM (ours) 58.0 30 247
+ ALGM* (ours) 57.7 34 222

(c) Pascal-Context [31].
Table 2. Main results on COCO-Stuff, Cityscapes and Pascal-Context. ALGM applied to Segmenter (Seg) across 3 ViT backbones and
3 datasets. ALGM* is the same trained model as ALGM, but uses the threshold τ during inference that achieves the best efficiency while
maintaining the mIoU w.r.t. the baseline. ‡Indicates a training-free method, applied directly to the baseline model.

Method
No token reduction With token reduction

mIoU↑ GFLOPs↓ mIoU↑ GFLOPs↓
SETR-B + DToP [39] 47.0 108 47.0 (+0.0) 81 (-25%)
SETR-B + ALGM (ours) 46.4 108 47.1 (+0.7) 86 (-20%)
SETR-B + ALGM* (ours) 46.4 108 46.5 (+0.1) 75 (-30%)

Seg-S + DoViT [26] 46.2 26.6 45.8 (-0.4) 21.8 (-18%)
Seg-S + ALGM (ours) 45.3 38.6 46.4 (+1.1) 26.3 (-32%)
Seg-S + ALGM* (ours) 45.3 38.6 45.5 (+0.2) 20.9 (-46%)

Table 3. ALGM vs. DToP and DoViT [26, 39]. Applied to
SETR [52], and Segmenter (Seg) [38] on ADE20K [53].

Method Decoder mIoU (%)↑ Im/sec↑ GFLOPs↓
EVA [14] Mask2Former 61.5 1.9 4080
EVA [14] + ALGM‡ Mask2Former 61.5 2.4 3538
EVA [14] + ALGM Mask2Former 61.7 2.4 3537

BEiT-3 [9, 41] Mask2Former 62.0 - -
BEiTv2-L [9, 32] Mask2Former 61.2 - -
BEiT-L [1, 9] Mask2Former 59.4 - -
SwinV2-G [27] UperNet [45] 59.3 - -

Table 4. Application to state-of-the-art model. ALGM is applied
to SOTA method EVA + ViT-Adapter + Mask2Former [9, 10, 14]
and evaluated over the ADE20K validation set, with single-scale
testing. ‡Directly applied to the backbone without fine-tuning.

that, the smaller the local window is, the more likely it is
that a high token similarity indicates that tokens depict the
same category and can thus share a token without harming
the segmentation quality. On the other hand, using smaller
window sizes means that fewer tokens are merged, limiting
the overall efficiency improvement.

Impact of merging modules. To assess the impact
of the individual CLAP and GBM merging modules, we
evaluate various configurations in Tab. 5b. We find that only
applying CLAP leads to modest improvements in both the
mIoU and the throughput, showing that local merging is ef-
fective. If we use the GBM module in the first layer in-
stead, we find that the throughput increases but at the cost
of segmentation quality, confirming our findings in Sec. 3.2
and Fig. 2b that global token similarities in the first layer
should not be used to identify tokens for merging. Con-

versely, placing the GBM module in layer 5 does yield an
improved mIoU, albeit with a lower efficiency gain. Ap-
plying GBM in both layer 1 and layer 5 results in a signifi-
cantly better efficiency, but the incorrectly merged tokens in
layer 1 are then merged even further in layer 5, harming the
segmentation quality. Finally, combining CLAP with GBM
yields the best mIoU while achieving a significant efficiency
gain, showing the power of applying both early local merg-
ing and later global merging. Fig. 5 visualizes the tokens
that are merged by these modules. See the supplementary
material for more examples.

GBM module position. Tab. 5c shows the effect of
positioning the GBM module at various transformer layers.
We find that, for ViT-S, layer 5 yields the best trade-off be-
tween mIoU and efficiency, which again shows that early
layers should not be used for global merging, and applying
it in later layers gives diminishing efficiency returns.

5.4. Detailed analyses

Cause of segmentation quality improvement. The
main results in Tab. 1 and Tab. 2 have shown that ALGM
not only enhances efficiency, but also improves the seg-
mentation quality. This improvement is most significant
for complex datasets, and we hypothesize that it has two
causes: (1) Balancing: As tokens that depict the same cate-
gory are merged, large and frequently-occurring categories
are represented by fewer tokens, meaning that they play a
less dominant role in the self-attention operation, causing
a more balanced attention distribution with respect to rare
classes. To assess if this is true, in Tab. 6, we evaluate a
setting in which we do not reduce the number of tokens and
therefore do not balance the attention process, but instead
replicate the average token embedding across the tokens
that would otherwise be merged. We find that this causes a
drop in mIoU, indicating that attention balancing is indeed a
factor in the mIoU improvement of ALGM. (2) Denoising:
As tokens are merged, we take the average of their values.
This denoises the tokens, which could facilitate the learning
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Window size mIoU (%)↑ Im/sec↑ GFLOPs↓
Baseline 45.3 134 38.6

2×2 46.4 192 26.3
4×4 44.6 212 22.5
8×8 37.2 264 13.3
2×1 46.5 181 28.3
2×4 45.4 208 23.6

(a) CLAP module window size.

Layer 1 Layer 5 mIoU (%)↑ Im/sec↑ GFLOPs↓
Baseline 45.3 134 38.6

CLAP - 45.6 161 31.9
GBM - 45.0 183 28.5

- GBM 45.8 144 36.1
GBM GBM 44.2 216 23.7
CLAP GBM 46.4 192 26.3

(b) Merging modules.

Layer mIoU (%)↑ Im/sec↑ GFLOPs↓
Baseline 45.3 134 38.6

2 45.1 201 25.1
4 45.8 195 25.9
5 46.4 192 26.2
6 46.3 185 26.8
8 46.5 176 27.6

(c) GBM module position.

Table 5. Ablations for ALGM. We apply ALGM to Segmenter [38] with ViT-S [13] and evaluate on the ADE20K validation set [53].
CLAP: Conditional Local Average Pooling (local merging); GBM: Global Bipartite Matching [2] (global merging).

Denoising Balancing Token selection Token reorganization mIoU (%)↑
✓ ✓ Take average Reduction 46.4
✓ ✗ Take average No reduction 45.6
✗ ✓ Pick random token Reduction 45.0
✗ ✗ Pick random token No reduction 44.4

Table 6. Analyzing mIoU improvement. ALGM is applied to
Segmenter with ViT-S [13, 38] on ADE20K [53]. Balancing
refers to attention balancing; Denoising refers to token denoising.
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Figure 4. Similarity thresholds for token merging. ALGM ap-
plied to Segmenter [38] with ViT-S [13] on ADE20K [53].

process. To evaluate this aspect, we evaluate a configura-
tion where we do not take the average of tokens but instead
pick one random token from each set of mergeable tokens.
Tab. 6 shows that doing so also results in a considerable
drop in mIoU. Finally, when disabling both denoising and
balancing, the mIoU is at its worst. This implies that both
denoising and balancing play an important role, and that the
merging of dominant tokens in ALGM is a potent approach
to rectify attention imbalances and reduce token noise to
enhance the segmentation quality.

Similarity threshold. As explained in Sec. 3.3, we
compute an automatic similarity threshold τ to select to-
kens that can be merged. In Fig. 4, we show the perfor-
mance of ALGM with different thresholds. We find that our
automatic threshold finds an optimal balance between effi-
ciency and segmentation quality. Interestingly, taking the
automatic threshold during training and using lower thresh-
olds during inference leads to less significant mIoU drops
than training with a lower τ . We expect that this difference
arises from the fact that early-training embeddings are less
accurate, leading to overly aggressive merging during train-

(a) Input image (b) Local merging (c) Global merging

Figure 5. Merged tokens. We depict tokens that are merged as a
result of the local CLAP and global GBM merging modules.

ing, which the network cannot recover from; naturally, this
problem does not occur during inference. Overall, these re-
sults show the versatility of ALGM at test time, as it can
be used to optimize efficiency while keeping the mIoU the
same like we do with ALGM*, but also to achieve a higher
mIoU than the baseline. We observe similar results for other
datasets, see the supplementary material.

6. Discussion
In this work, we propose a token reduction method for
semantic segmentation that combines early local merging
with later global merging. This is motivated by the finding
that, using this merging strategy, we predominantly merge
tokens that contain redundant information, meaning that
they can be merged without compromising the segmenta-
tion quality. With extensive experiments, we show that our
approach is indeed able to find a very good balance between
efficiency and segmentation quality, outperforming existing
work. Interestingly, we also find that using ALGM for to-
ken reduction leads to substantial mIoU improvements for
complex datasets. With some first analyses, we find that this
is likely caused by improved attention balancing and token
denoising. However, further research is required to fully un-
derstand the causes of these phenomena and their potential
applicability to other networks and tasks. Another interest-
ing avenue for future research could be to examine whether
token reduction is similarly effective on more complex tasks
like panoptic and video segmentation.
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