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Abstract

Recently, efficient Vision Transformers have shown great
performance with low latency on resource-constrained de-
vices. Conventionally, they use 4×4 patch embeddings and
a 4-stage structure at the macro level, while utilizing so-
phisticated attention with multi-head configuration at the
micro level. This paper aims to address computational re-
dundancy at all design levels in a memory-efficient man-
ner. We discover that using larger-stride patchify stem not
only reduces memory access costs but also achieves com-
petitive performance by leveraging token representations
with reduced spatial redundancy from the early stages. Fur-
thermore, our preliminary analyses suggest that attention
layers in the early stages can be substituted with convo-
lutions, and several attention heads in the latter stages
are computationally redundant. To handle this, we intro-
duce a single-head attention module that inherently pre-
vents head redundancy and simultaneously boosts accu-
racy by parallelly combining global and local information.
Building upon our solutions, we introduce SHViT, a Single-
Head Vision Transformer that obtains the state-of-the-art
speed-accuracy tradeoff. For example, on ImageNet-1k, our
SHViT-S4 is 3.3×, 8.1×, and 2.4× faster than MobileViTv2
×1.0 on GPU, CPU, and iPhone12 mobile device, respec-
tively, while being 1.3% more accurate. For object detec-
tion and instance segmentation on MS COCO using Mask-
RCNN head, our model achieves performance compara-
ble to FastViT-SA12 while exhibiting 3.8× and 2.0× lower
backbone latency on GPU and mobile device, respectively.

1. Introduction

Vision Transformers (ViT) have demonstrated impres-
sive performance across various computer vision tasks due
to their high model capabilities [1–3]. Compared to Convo-
lutional Neural Networks (CNN) [4, 5], ViTs excel in mod-
eling long-range dependencies and scale effectively with
large amounts of training data and model parameters [6].
Despite these advantages, the lack of inductive bias in
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Figure 1. Comparison of throughput and accuracy between our
SHViT and other recent methods.

vanilla ViTs necessitates more training data, and the global
attention module incurs quadratic computational complex-
ity with respect to the image size. To address these chal-
lenges, previous research has either combined ViTs with
CNNs or introduced cost-efficient attention variants.

Recently, studies addressing problems with real-time
constraints have also proposed efficient models following
similar strategies. And their strategies can be categorized
into two groups: 1) efficient architecture - macro design;
and 2) efficient Multi-Head Self-Attention (MHSA) - micro
design. Studies exploring architectural design [7–12] utilize
convolution to handle high-resolution / low-level features
and employ attention for low-resolution / high-level fea-
tures, demonstrating superior performance without complex
operations. However, most of these methods mainly focus
on which modules to use for aggregating tokens rather than
how to construct the tokens (about patchify stem and stage
design). On the other hand, efficient MHSA techniques re-
duce the cost of attention by implementing sparse atten-
tion [9, 13–18] or low-rank approximation [19–22]. These
modules are applied with the commonly adopted multi-head
mechanism. Despite all the great progress, redundancies in
macro/micro design are still not fully understood or ad-
dressed. In this paper, we explore the redundancy at all de-
sign levels, and propose memory-efficient solutions.

To identify computational redundancy in macro design,
we concentrate on patch embedding size, observing that
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most recent efficient models use a 4×4 patch embedding.
We conduct experiments as shown in Fig. 2 to analyze spa-
tial redundancy in traditional macro design and find sev-
eral intriguing results. First, despite having fewer channels,
the early stages exhibit a severe speed bottleneck due to
the large number of tokens (at 224×224, stage1: 3136 to-
kens; stage2: 784 tokens). Second, using a 3-stage design
that processes 196 tokens in the first stage through a 16×16
patchify stem does not lead to a significant drop in perfor-
mance. For further comparison, we set up a basic model
(Tab. 6 (2)) employing the aforementioned macro design,
performing simple token mixing using a 3×3 depthwise
convolution. Compared to the efficient model MobileViT-
XS [18], our simple model achieves 1.5% superior accuracy
on ImageNet-1k [23], while running 5.0× / 7.6× faster on
the A100 GPU / Intel CPU. These results demonstrate that
there is considerable spatial redundancy in the early stages,
and compared with specialized attention methods, efficient
macro design is more crucial for the model to achieve com-
petitive performance within strict latency limits. Note that
this observation does not mean the token mixer is trivial.

We also probe redundancy in micro design, specifically
within the MHSA layer. Most efficient MHSA methods
have primarily focused on effective spatial token mixing.
Due to the efficient macro design, we are able to use com-
pact token representations with increased semantic density.
Thus, we turn our focus to the channel (head) redundancy
present in attention layers, also crucial aspect overlooked in
most previous works. Through comprehensive experiments,
we find that there is a noticeable redundancy in multi-head
mechanism, particularly in the latter stages. We then pro-
pose a novel Single-Head Self-Attention (SHSA) as a com-
petitive alternative that reduces the computational redun-
dancy. In SHSA, self-attention with a single head is applied
to just a subset of the input channels, while the others re-
main unchanged. SHSA layer not only eliminates the com-
putational redundancy derived from multi-head mechanism
but also reduces memory access cost by processing par-
tial channels. Also, these efficiencies enable stacking more
blocks with a larger width, leading to performance improve-
ment within the same computational budget.

Based on these findings, we introduce a Single-Head Vi-
sion Transformer (SHViT) based on memory-efficient de-
sign principles, as a new family of networks that run highly
fast on diverse devices. Experiments demonstrate that our
SHViT achieves state-of-the-art performance for classifi-
cation, detection, and segmentation tasks in terms of both
speed and accuracy, as shown in Fig. 1. For instance, our
SHViT-S4 achieves 79.4% top-1 accuracy on ImageNet
with throughput of 14283 images/s on an Nvidia A100 GPU
and 509 images/s on an Intel Xeon Gold 5218R CPU @
2.10GHz, outperforming EfficientNet-B0 [24] by 2.3% in
accuracy, 69.4% in GPU inference speed, and 90.6% in
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Macro design Reso. Params
(M)

CPUONNX

(images/s)
GPU

(images/s)
Top-1
(%)

(a) : [24(1), 48(1), 184(4), 368(2)] 224 4.9 430 11267 75.0
(b) : [128(2), 256(4), 384(2)] 224 7.2 1183 (2.8× ↑) 33810 (3.0× ↑) 73.5 (-1.5)

(b′) : [128(2), 256(4), 384(2)] 256 7.2 1064 (2.5× ↑) 27641 (2.5× ↑) 74.9 (-0.1)

(b′′) : [128(2), 256(4), 384(2)] 224 7.3 729 26101 74.0

Figure 2. Macro design analysis. All stages are composed of
MetaFormer blocks [28]. The stages depicted in blue and red uti-
lize depthwise convolution and attention layers as token mixer, re-
spectively. In the table below, the macro design numbers represent
the number of channels, while the numbers in parentheses indicate
the number of blocks.

CPU speed. Also, SHViT-S4 has 1.3% better accuracy than
MobileViTv2×1.0 [21] and is 2.4× faster on iPhone12 mo-
bile device. For object detection and instance segmentation
on MS COCO [25] using Mask-RCNN [26] detector, our
model significantly outperforms EfficientViT-M4 [27] by
6.2 APbox and 4.9 APmask with a smaller backbone latency
on various devices.
In summary, our contributions are as follows:

• We conduct a systematic analysis of the redundancy
that has been overlooked in the majority of existing
research, and propose memory-efficient design princi-
ples to tackle it.

• We introduce Single-Head ViT(SHViT), which strike
a good accuracy-speed tradeoff on a variety of devices
such as GPU, CPU, and iPhone mobile device.

• We carry out extensive experiments on various tasks
and validate the high speed and effectiveness of our
SHViT.

2. Analysis and Method
In this section, we first conduct analyses of redundan-

cies in both macro and micro design through first-of-its-
kind experiments and then discuss various solutions to mit-
igate them. After that, we introduce the Single-Head Vision
Transformer (SHViT) and explain its details.

2.1. Analysis of Redundancy in Macro Design

Most efficient models [5,7–9,11,17,19,21,29,30] adopt
a 4×4 patchify stem / 4-stage configuration (Fig. 2 (a)). In



Layer 1

Layer 2

Layer 3

Layer 4

Layer 5

Layer 6

Layer 7

Layer 8

Layer 9

Layer 10

Layer 11

Layer 12

(a)

(b)

DeiT Tiny (6heads) :72.14% (72.95%)
Leave 1 head (∆%)Remove 1 head (∆%)Head similarity (%)

6heads3heads6heads3heads6heads3heads

-1.13-1.71-0.15-0.8163.949.5

-2.21-2.60-0.18-0.9557.735.5

-4.63-4.50-0.27-1.5134.818.4

-4.51-2.65-0.25-0.5933.839.2

-2.40-1.22-0.28-0.5246.253.2

-2.13-0.51-0.31-0.1139.747.5

-1.61-1.54-0.37-0.6441.352.1

-1.67-1.51-0.05-0.7653.263.5

-1.35-1.40-0.28-0.6864.269.0

-1.73-1.17-0.36-0.7653.976.2

-1.08-0.92-0.09-0.5581.291.6

-0.74-0.54-0.04-0.2671.591.2

Query 
pixel

Most   
important

head  

Most   
redundant

head  

Figure 3. Multi-head redundancy analysis on DeiT [31]. To bet-
ter analyze head redundancy, we increase the number of heads in
DeiT-T from 3 to 6 and retrain the model. We compute the atten-
tion maps and calculate the average cosine similarity between each
head in different layers across 128 test samples from ImageNet.
The importance of each head is determined by its score when it is
removed and when it is left alone. Zoom-in for better visibility.

contrast, plain ViT models [1, 31] adopt a 16×16 patchify
stem to generate meaningful input tokens for subsequent
MHSA layers. We focus on this discrepancy and further hy-
pothesize that a larger-stride patchify stem is not only nec-
essary for the MHSA layers but also crucial for effective
representation learning within tight latency regimes.

To substantiate our hypothesis, inspired by [10, 27, 32],
we adopt 16×16 patchify stem and 3-stage design. We build
two models based on the MetaFormer block [28] and the
two aforementioned macro designs (see Fig. 2 for details).
Specifically, we configured both models to have a similar
number of channels for equivalent feature map size. Sur-
prisingly, model (b) is 3.0× / 2.8× faster on the GPU / CPU,
respectively, although it performs 1.5% worse than (a). Fur-
thermore, when trained at a resolution of 256×256, (b′) is
not only comparable to (a) but also significantly faster.

As shown in the above observations, our proposed effi-
cient macro design has the following advantages:
1) token representations with large receptive fields and re-
duced spatial redundancy can be utilized at the early stages.
2) It can diminish the feature map size by up to 16 times,
leading to a significant reduction in memory access costs.
3) due to the aggressive stride design, there’s only a mild
decrease in throughput when the resolution is increased,
leading to effective performance enhancement (as shown in
Fig. 2(b′), 8, and Tab. 2).

2.2. Analysis of Redundancy in Micro Design

MHSA layer computes and applies attention maps in-
dependently in multiple subspaces (heads), which has con-
sistently shown enhanced performance [1, 33]. However,

Swin-T

Swin-T x0.5

Figure 4. Multi-head redundancy analysis on Swin [40]. We
scale down by halving the width of Swin-T. Left: the average co-
sine similarity. Right: head masking results. The process of deriv-
ing the results is the same as the DeiT experiment. (Fig. 3)

while attention maps are computationally demanding, re-
cent studies have shown that many of them aren’t critically
essential [34–39]. We also delve into the multi-head redun-
dancy of prevailing tiny ViT models (DeiT-T [31], Swin-
T [40]) through three experiments:attention map visualiza-
tion, head similarity analysis, and head ablation study.
For head similarity analysis, we measure the average cosine
similarity between each head and other heads in the same
layer. For head ablation study, we evaluate the performance
impact by nullifying the output of some heads in a given
layer while maintaining full heads in the other layers. And
the highest score is reported. Details of each experiment and
further results are provided in the supplementary materials.

First of all, in the early stages (Fig. 3 (a)), we observe that
the top-performing heads tend to operate in a convolution-
like manner, while heads that have minimal impact on
performance when removed typically process information
more globally. Also, as shown in Fig. 2 (b′′), the model us-
ing attention layers in the first stage exhibits a less favor-
able speed-accuracy trade-off compared to those employing
depthwise convolution layers in the first stage. Hence, for
efficiency, we use convolutions with spatial inductive bias
as the token mixer in the initial stage.

In the latter stages, we find that there is a lot of redun-
dancy both at the feature and prediction levels. For example,
the latter stages of DeiT-T (Fig. 3 (b)) exhibit the average
head similarity of 78.3% (64.8% for 6 heads), with Swin-
T also demonstrating notably high values (Fig. 4 Left).
In the experiment of removing one head, We observe that
the majority of heads can be removed without deviating
too much from the original accuracy. Remarkably, in some
cases of Swin-T (Fig. 4 Right), removing a head even leads
to slightly improved score. Furthermore, when using just
one head out of 12 or 24 in Swin-T, the performance drop
is, on average, only 0.95% points.

Previous approaches [34–39] to tackle head redundancy
typically train full networks first and then prune unneces-
sary heads. Although these methods are effective, they come
at the expense of increased computational resources and
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Figure 5. Overview of Single-Head Vision Transformer (SHViT). The model starts with a 16×16 overlapping patch embedding layer
and uses single-head attention layers in the latter stages to efficiently compute global dependencies. See text for details.

memory footprints during training. To address the afore-
mentioned problem cost-effectively, we design our attention
module with a single head to inherently avoid head redun-
dancy. This approach ensures both the training and infer-
ence processes are streamlined and efficient.

2.3. Single-Head Self-Attention

Based on the above analyses, we propose a new Single-
Head Self-Attention (SHSA), with details presented in the
lower right corner of Fig. 5. It simply applies an attention
layer with a single head on only a part of the input chan-
nels (Cp=rC) for spatial feature aggregation and leaves the
remaining channels untouched. We set r to 1/4.67 as a de-
fault. Formally, the SHSA layer can be described as:

SHSA(X) = Concat(X̃att,Xres)W
O (1)

X̃att = Attention(XattW
Q,XattW

K ,XattW
V ), (2)

Attention(Q,K,V) = Softmax(QKT/
√

dqk)V, (3)
Xatt,Xres = Split(X, [Cp, C − Cp]) (4)

where WQ, WK , WV , and WO are projection weights,
dqk is the dimension of the query and key (set to 16 as
a default), and Concat( · ) is the concatenation operation.
For consistent memory access, we take the initial Cp chan-
nels as representatives of the whole feature maps. Addition-
ally, the final projection of SHSA is applied to all channels,
rather than just the initial Cp channels, ensuring efficient
propagation of the attention features to the remaining chan-
nels. SHSA can be interpreted as sequentially stretching the
previously parallel-computed redundant heads along the
block-axis.

Identity

Contraction
Linear

Expansion
Linear

(a) Bottleneck

(b) Full channel (c) Partial channel (Ours)

Single-head
attention

Single-head
attention Single-head

attention

Single-Head Attention design Params
(M)

CPUONNX

(images/s)
GPU

(images/s)
Top-1

(%)
(a) : Bottleneck 10.6 802 27195 73.6
(b) : Full channel 10.4 724 26432 75.1
(c) : Partial channel (Ours) 11.4 951 26878 75.2

Figure 6. Comparison of Single-head attention designs. (a) re-
places convolution with single-head attention in ResNet’s bottle-
neck block [4]. The contraction ratio is equal to the partial ratio in
(c). (b) uses full channels for single-head attention modules. All
models are configured to have similar speeds. Our partial channel
approach has the best speed-accuracy tradeoff.

In Fig. 6, we also explore various single-head designs.
Recent studies [7, 12, 27, 29, 32, 41, 42] sequentially com-
bines convolution and attention layers to incorporate local
details into a global contexts. Unfortunately, this approach
can only extract either local detail or global context in a
given token mixer. Also, it is noted in [6] that some channels
process local details while others handle global modeling.
These observations imply that the current serial approaches
have redundancy when processing all channels in each layer
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Figure 7. Runtime breakdown. Operations highlighted in the red
box represent memory-bound operations, where the majority of
the duration is consumed by memory accesses, and the computa-
tional time is relatively brief.

(Fig. 6 (a), (b)). In contrast, our partial channel approach
with preceding convolution memory-efficiently addresses
the aforementioned issue by leveraging two complementary
features in parallel within a single token mixer [12, 43].

For effective utilization of the attention layer, Layer Nor-
malization [44] is essential; meanwhile, to implement a
multi-head approach, data movements like reshape opera-
tion are required. Consequently, as shown in Fig. 7, a large
portion of MHSA’s runtime is taken up by memory-bound
operations like reshaping and normalization [27,45–47]. By
minimizing the use of memory-bound operations or apply-
ing them to fewer input channels, the SHSA module can
fully leverage the computing power of GPUs/CPUs.

2.4. Single-Head Vision Transformer

An overview of the Single-Head Vision Transformer
(SHViT) architecture is illustrated in Fig. 5. Given an in-
put image, we first apply four 3×3 strided convolution lay-
ers to it. Compared to the stride-16 16×16 convolution to-
kenizing used by standard ViT models [1, 31], our over-
lapping patchify stem can extract better local representa-
tions [10,27,32]. Then, the tokens pass through three stages
of stacked SHViT blocks for hierarchical representation
extraction. A SHViT block consists of three main mod-
ules (see Fig. 5): Depthwise Convolution (DWConv) layer
for local feature aggregation or conditional position em-
bedding [48, 49], Single-Head Self-Attention (SHSA) layer
for modeling global contexts, and Feed-Forward-Network
(FFN) for channel interaction. The expansion ratios in FFN
are set to 2. The combination of DWConv and SHSA cap-
tures both local and global dependencies in a computation-
ally and memory-efficient manner. Based on findings in
sec. 2.2, we do not use the SHSA layer in the first stage.
To reduce tokens without information loss, we utilize an ef-
ficient downsampling layer, which is composed of two stage
1 blocks, with an inverted residual block [27,50,51] (stride-
2) placed between them. Finally, the global average pooling

Model variants Depth Emb. dim. Reso. Partial ratio Exp. ratio
SHViT-S1 [2, 4, 5] [128, 224, 320] 224

1 / 4.67 2SHViT-S2 [2, 4, 5] [128, 308, 448] 224
SHViT-S3 [3, 5, 5] [192, 352, 448] 224
SHViT-S4 [4, 7, 6] [224, 336, 448] 256

Table 1. Architecture details of SHViT variants.

and fully connected layer are used to output the predictions.
Besides the aforementioned operators, normalization

and activation layers also play crucial roles in determin-
ing the model speed. We employ Layer Normalization [44]
only for the SHSA layer while integrating Batch Normal-
ization (BN) [52] into the remaining layers, as BN can be
merged into its adjacent convolution or linear layers. We
also use ReLU [53] activations instead of other complex al-
ternatives [51, 54, 55], as they are much slower on various
inference deployment platforms [7, 27, 56].

We build four SHViT variants with different settings of
depth and width. Due to the large-sized patch embedding
and single-head design, we can use a larger number of chan-
nels and blocks than previous efficient models. Model spec-
ifications are provided in Tab. 1.

3. Experiments

3.1. Implementation Details

We conduct image classification on ImageNet-1K [23],
which includes 1.28M training and 50K validation images
for 1000 categories. All models are trained from scratch us-
ing AdamW [57] optimizer for 300 epochs with a learn-
ing rate of 10−3 and a total batch size of 2048. We use co-
sine learning rate scheduler [58] with linear warmup for 5
epochs. Weight decays are set to 0.025/0.032/0.035/0.03 for
SHViT-S1 to S4. For fair comparison, we follow the same
data augmentation proposed in [31], including Mixup [59],
random erasing [60], and auto-augmentation [61]. For 3842

and 5122 resolution, we finetune the model for 30 epochs
with weight decay of 10−8 and learning rate of 0.004. Ad-
ditionally, we assess throughput performance across vari-
ous hardware platforms. We measure GPU throughput on
an Nvidia A100 with batch size of 256. For CPU and
CPUONNX, we evaluate the runtime on an Intel(R) Xeon(R)
Gold 5218R CPU @ 2.10GHz processor , with batch size
of 16 (using a single thread). For CPUONNX, we convert the
models to ONNX [62] runtime format. Mobile latency is
measured using iPhone 12 with iOS version 16.5. We export
the models (batch size is set to 1) using CoreML tools [63]
and report the median latency over 1,000 runs. We also vali-
date our model as an efficient vision backbone for object de-
tection and instance segmentation on COCO [25] with Reti-
naNet [64] and Mask R-CNN [26], respectively. All models
are trained under 1× schedule (12 epochs) following [40]
on mmdetection library [65].



Model Reso. Epochs FLOPs Params Throughput (images/s) Top-1 Top-5
(M) (M) GPU CPU CPUONNX (%) (%)

MobileNetV3-Small [51] 224 600 57 2.5 31477 167 1172 67.4 -
MobileViT-XXS [18] 256 300 410 1.3 7594 21 170 69.0 -

MobileViTV2 ×0.5 [21] 256 300 466 1.4 8616 17 157 70.2 -
EfficientViT-M2 [27] 224 300 201 4.2 30377 147 781 70.8 90.2
MobileOne-S0 [56] 224 300 275 2.1 19689 86 1648 71.4 -

EMO-1M [29] 224 300 261 1.3 10032 34 119 71.5 -
FasterNet-T0 [30] 224 300 340 3.9 23518 92 844 71.9 -

ShuffleNetV2 ×1.5 [66] 224 300 299 3.5 16495 62 799 72.6 -
MobileFormer-96M [19] 224 450 96 3.6 13106 91 235 72.8 -

SHViT-S1 224 300 241 6.3 33489 143 1111 72.8 91.0
EfficientFormerV2-S0 [9] 224 300 400 3.5 2374 54 372 73.7 -

EfficientViT-M4 [27] 224 300 299 8.8 26201 113 616 74.3 91.8
EdgeViT-XXS [17] 224 300 600 4.1 6763 33 168 74.4 -
MobileViT-XS [18] 256 300 986 2.3 4408 8 96 74.8 -

ShuffleNetV2 ×2.0 [66] 224 300 591 7.4 12276 40 250 74.9 92.4
EMO-2M [29] 224 300 439 2.3 7333 25 78 75.1 -

MobileNetV3-Large [51] 224 600 217 5.4 13994 43 613 75.2 -
SHViT-S2 224 300 366 11.4 26878 99 951 75.2 92.4

FastViT-T8 [7] 256 300 700 2.1 5978 23 140 75.6 -
GhostNet ×1.3 [67] 224 300 226 7.3 9433 39 109 75.7 92.7
FasterNet-T1 [30] 224 300 850 7.6 17827 41 552 76.2 -

EfficientNet-B0 [24] 224 350 390 5.3 8433 26 267 77.1 93.3
EfficientViT-M5 [27] 224 300 522 12.4 18722 64 456 77.1 93.4
PoolFormer-S12 [28] 224 300 1823 11.9 5432 13 120 77.2 -
MobileOne-S2 [56] 224 300 1299 7.8 9355 22 581 77.4 -

SHViT-S3 224 300 601 14.2 20522 62 731 77.4 93.4
EdgeViT-XS [17] 224 300 1100 6.7 5520 21 120 77.5 -

EfficientFormerV2-S1 [9] 224 300 650 6.1 2112 37 325 77.9 -
MobileViTV2 ×1.0 [21] 256 300 1800 4.9 4345 7 63 78.1 -

ResNet50 [4, 5] 224 300 4110 25.6 5281 8 271 78.8 -
FasterNet-T2 [30] 224 300 1910 15.0 11181 21 417 78.9 -

EMO-6M [29] 224 300 961 6.1 5105 15 50 79.0 -
EfficientNet-B1 [24] 240 350 700 7.8 4982 11 156 79.1 94.4

FastViT-T12 [7] 256 300 1400 6.8 4197 14 92 79.1 -
MobileFormer-508M [19] 224 450 508 14.0 5390 23 91 79.3 -

MobileOne-S4 [56] 224 300 2978 14.8 5281 11 281 79.4 -
SHViT-S4 256 300 986 16.5 14283 36 509 79.4 94.5

Finetuning with higher resolution
EfficientViT-M5r384 [27] 384 330 1486 12.4 7041 17 176 79.8 95.0
EfficientViT-M5r512 [27] 512 360 2670 12.4 3777 9 88 80.8 95.5

SHViT-S4r384 384 330 2225 16.5 6702 14 315 81.0 95.4
SHViT-S4r512 512 360 3973 16.5 3957 8 198 82.0 95.9

Table 2. SHViT classification performance on ImageNet-1K [23] with comparisons to SOTA efficient models. Throughput is measured on
an Nvidia A100 GPU with batch size of 256 for GPU and Intel(R) Xeon(R) Gold 5218R CPU @ 2.10GHz processor with batch size of 16
for CPU and CPUONNX. Larger throughput means faster inference speed. FLOP count is computed by fvcore [68] library.

3.2. SHViT on ImageNet-1K Classification

As shown in Fig. 1, Tab. 2, and 4, we compare Single-
Head Vision transformer (SHViT) with the state-of-the-
art models. The comparison results clearly show that our
SHViT achieves a better trade-off between accuracy and
throughput/latency across various devices.
Comparison with efficient CNNs. Our SHViT-S1 achieves
5.4% higher accuracy than MobileNetV3-Small [51], while
maintaining similar speeds on both the A100 GPU and Intel
CPU. Compared to ShuffleNetV2 ×2.0 [66], SHViT-S2 ob-
tains slightly better performance with 2.2× and 2.5× speed
improvements on the A100 GPU and Intel CPU, respec-
tively. Furthermore, our model is 3.8× faster when con-
verted to the ONNX runtime format. Compared to the re-
cent FasterNet-T1 [30], SHViT-S3 not only achieves 1.2%

higher accuracy but also runs faster: 15.1% on the A100
GPU and 32.4% on the Intel CPU. Notably, at Top-1 ac-
curacy of 79.1−79.4%, our model is 2.9×/ 3.3× faster
than EfficientNet-B1 [24], 3.4×/ 5.5× faster than FastViT-
T12 [7], and 2.7×/ 1.8× faster than MobileOne-S4 [56] on
the A100 GPU/Intel CPU with ONNX format. When lever-
aging minimal attention module in a memory-efficient way,
ViTs can still show fast inference speeds like efficient CNNs.

Comparison with efficient ViTs and hybrid models.
Our SHViT-S1 has 10% and 42% higher throughput than
EfficientViT-M2 [27] on the A100 GPU and Intel CPU with
ONNX runtime, respectively, while showing better perfor-
mance with a large margin (70.8% → 72.8%). SHViT-S3
obtains similar accuracy to PoolFormer-S12 [28], but it uses
3× fewer FLOPs, is 3.8× faster on the A100 GPU, and



Model Reso. Flops Throughput (images/s) Top-1
(M) GPU CPU CPUONNX (%)

SHViT-S1 224 241 33489 143 1111 74.0
SwiftFormer-XS [69] 224 600 7922 26 175 75.7
EfficientFormerV2-S0 [9] 224 400 2374 54 372 75.7
SHViT-S2 224 366 26878 99 951 76.2
FastViT-T8 [7] 256 1400 5978 23 140 76.7
SHViT-S3 224 601 20522 62 731 78.3
SwiftFormer-S [69] 224 1000 6415 21 147 78.5
EfficientFormerV2-S1 [9] 224 650 2112 37 325 79.0
EfficientFormer-L1 [8] 224 1300 6840 21 274 79.2
SHViT-S4 256 986 14283 36 509 80.2

Table 3. Comparison of SOTA efficient models on ImageNet-1K
classification, using DeiT [31] distillation recipe.

6.1× faster as ONNX model. Remarkably, our SHViT-S4
surpasses recent EdgeViT-XS [17] with a 1.9% higher accu-
racy, while being 2.6× faster on A100 GPU, 1.7× faster on
Intel CPU, and 4.2× faster on ONNX implementation. As
shown in the results above, when converted to ONNX for-
mat, our models demonstrate a notable performance boost
compared to the recent SOTA models. This enhancement is
largely because our single-head design uses fewer reshape
operations, which often cause overhead in ONNX runtime.
To summarize, the above results demonstrate that our pro-
posed memory-efficient macro design has a more significant
impact on the speed-accuracy tradeoff than efficient atten-
tion variants or highly simple operations like pooling.
Finetuning with higher resolution. Following [27], we
also finetune our SHViT-S4 to higher resolutions. Com-
pared to the state-of-the-art EfficientViT-M5r512 [27], our
SHViT-S4r384 attains competitive performance, even when
trained at a lower resolution. Additionally, SHViT-S4r384
is 77.4% faster on the A100 GPU, 55.6% on the Intel
CPU, and an impressive 3.6× faster on ONNX runtime for-
mat. Moreover, SHViT-S4r512 achieves 82.0% top-1 accu-
racy with throughput of 3957 images/s on the A100 GPU,
demonstrating effectiveness across various input sizes.
Distillation results. We report the performance of our mod-
els using DeiT [31] distillation recipe in Tab. 3. Notably, our
models outperform competing models in both speed and ac-
curacy. Specifically, SHViT-S3 even surpasses FastViT-T8
which is 5.2× slower as ONNX models. SHViT-S4 attains
superior performance than EfficientFormer-L1 [8] while be-
ing 2.1× / 1.9× faster on the GPU / ONNX runtime.

Model
Latency Top-1

(ms) (%)
EfficientFormer-L1 [8] 1.5 77.3 (79.2)
EfficientFormerV2-S1 [9] 1.3 77.9 (79.0)
MobileViTv2 ×1.0 [21] 3.8 78.1
EfficientNet-B1 [24] 1.8 79.1
FastViT-T12 [7] 1.4 79.1 (80.3)
MobileOne-S4 [56] 1.7 79.4
SHViT-S4 1.6 79.4 (80.2)

Table 4. Mobile latency com-
parison. The results in brack-
ets are trained with distilla-
tion [31].

Mobile Latency Eval-
uation. We also verify
the effectiveness of our
model on the mobile de-
vice in Tab. 4. Compared
to the efficient models
EfficientNet-B1 [24] /
MobileOne-S4 [56], our
SHViT-S4 achieves sim-
ilar accuracy while run-
ning 0.2 ms / 0.1 ms

faster on iPhone 12 device. SHViT-S4 also obtains com-

-34.4%

-69.7%

Figure 8. Mobile latency comparison of a SHViT-S4 with recent
state-of-the-art FastViT [7] and EfficientFormer [8]; measured on
iPhone 12 for various input sizes.

RetinaNet Object Detection on COCO

Backbone
Latency (ms)

AP AP50 AP75 APs APm APlGPU CPU Mobile
MobileNetV3 [51] 0.34 7.5 7.5 29.9 49.3 30.8 14.9 33.3 41.1
EfficientViT-M4 [27] 0.33 7.3 7.8 32.7 52.2 34.1 17.6 35.3 46.0
PVTv2-B0 [70] 0.73 115.4 27.5 37.2 57.2 39.5 23.1 40.4 49.7
MobileFormer-508M [19] 0.89 35.7 26.9 38.0 58.3 40.3 22.9 41.2 49.7
EdgeViT-XXS [17] 0.88 38.4 12.9 38.7 59.0 41.0 22.4 42.0 51.6
SHViT-S4 0.28 5.0 3.3 38.8 59.8 41.1 22.0 42.4 52.7

Mask R-CNN Object Detection & Instance Segmentation on COCO

Backbone
Latency (ms)

APb APb
50 APb

75 APm APm
50 APm

75GPU CPU Mobile
EfficientNet-B0 [24] 0.54 16.7 3.8 31.9 51.0 34.5 29.4 47.9 31.2
EfficientViT-M4 [27] 0.33 7.3 7.8 32.8 54.4 34.5 31.0 51.2 32.2
PoolFormer-S12 [28] 1.20 40.4 6.8 37.3 59.0 40.1 34.6 55.8 36.9
EfficientFormer-L1 [8] 0.84 21.0 4.3 37.9 60.3 41.0 35.4 57.3 37.3
ResNet-50 [4] 0.94 19.0 8.8 38.0 58.6 41.4 34.4 55.1 36.7
FastViT-SA12 [7] 1.06 39.4 6.5 38.9 60.5 42.2 35.9 57.6 38.1
SHViT-S4 0.28 5.0 3.3 39.0 61.2 41.9 35.9 57.9 37.9

Table 5. Comparison results on object detection and instance seg-
mentation on COCO 2017 [25] using RetinaNet [64] and Mask
RCNN [26] head. Backbone latencies are measured with image
crops of 512 × 512. The batch sizes used for GPU, CPU, and Mo-
bile latency are 32, 16, and 1 respectively.

petitive performance against highly-optimized models for
mobile latency, indicating its consistent performance across
diverse inference platforms. Further results in Fig. 8 show
that our model significantly outperforms over the recent
models FastViT [7] and EfficientFormer [8], especially at
higher resolutions. At low resolutions, SHViT-S4 is slightly
slower, but at 1024 × 1024, our model achieves 34.4% and
69.7% lower latency than FastViT and EfficientFormer, re-
spectively. These results stem from the increased memory
efficiency in the macro and micro design.

3.3. SHViT on downstream tasks

In Tab. 5, We evaluate the transfer ability of our SHViT
using two frameworks: 1) RetinaNet [64] for object detec-
tion, 2) Mask R-CNN [26] for instance segmentation.
Object detection. SHViT-S4 is 2.3× faster on mobile de-
vice than MobileNetV3 [51] and outperforms it by +8.9 AP.
Compared to MobileFormer [19], our model achieves better
performance while being 3.2× and 8.2× faster on the A100
GPU and mobile device, respectively.



#Row Ablation Variant
Throughput (images/s) Top-1

GPU CPU CPUONNX (%)
(1) Single Head → MHSA [1, 33] 18036 50 578 77.7
(2) Self-Attention → None 22075 61 792 76.3
(3) = 1/8 20666 57 754 77.1
(4) Partial Ratio = 1/4.67 (SHViT-S3) 20522 62 731 77.4
(5) = 1/2 19976 56 673 77.5

Table 6. Ablation on our proposed Single-Head Attention and de-
sign choice for SHViT-S3 variant.

Instance Segmentation. SHViT-S4 surpasses GPU or
mobile-optimized models like EfficientViT [27] and Effi-
cientNet [24] in speed, while delivering a substantial perfor-
mance boost. Remarkably, our model gains 1.7 APb and 1.3
APm over PoolFormer [28] but runs 4.3×, 8.1×, and 2.1×
faster on the GPU, CPU, and mobile device respectively.

As shown in the above results, the large-stride patchify
stem with 3-stage reduces not only computational costs but
also generates meaningful token representations, especially
at higher resolutions. Furthermore, the marked performance
gap with EfficientViT [27], using a similar macro design,
proves the efficacy of our micro design choices.

3.4. Ablation Study

In this section, we first verify the effectiveness of our
proposed Single-Head Self-Attention (SHSA) layer and
then conduct a concise ablation study on the value of the
partial ratio for SHSA layer. Results are provided in Tab. 6.
Effectiveness of SHSA. To assess whether the SHSA layer
can effectively capture the global contexts like the Multi-
Head Self-Attention (MHSA) [1] layer, we conduct an ab-
lation study by either replacing the SHSA layer with the
MHSA layer or removing it. As shown in Tab. 6 (1, 2 vs. 4),
SHSA layer exhibits a better speed-accuracy tradeoff com-
pared to MHSA layer. While removing SHSA layer results
in a faster model speed, it leads to a significant drop in ac-
curacy. Meanwhile, model (2) can also achieve highly com-
petitive performance compared with the SOTA models in
Tab. 2, which shows that our proposed macro design offers
a solid architectural baseline under tight latency constraints.
Searching for the appropriate partial ratio of SHSA. By
default, we set the partial ratio to 1 / 4.67 for all SHViT
models, which obtains the optimal speed-accuracy tradeoff
(3, 5 vs. 4). Compared to a very small value, increasing the
channels moderately for token interaction achieves effective
performance enhancement at low costs. Also, a too large
value does not provide a performance boost that compen-
sates for the accompanying costs.

4. Related Work
Leveraging Convolutional Neural Networks (CNN) in

resource-constrained devices has gained significant atten-
tion from many researchers. Within this trend, several
strategies have emerged, including decomposition of con-
volution in MobileNets [50, 51, 71], channel shuffling in

ShuffleNets [66, 72], cheap linear transformation in Ghost-
Net [67], compound scaling law in EfficientNet [24], and
structural re-parameterization in many works [7, 56, 73].

Even within the Vision Transformer (ViT) [1] realm,
there are ongoing numerous efforts for efficient designs to
accelerate inference speed on various devices. One promis-
ing approach is designing a new ViT architecture that in-
tegrates the local priors of CNN. This method mostly in-
corporates attention only in the latter stages, allowing for
the efficient extraction of global information without con-
siderable computational overhead [7–10, 12]. In contrast,
other methods employ attention and convolution in paral-
lel, either within a single token mixer [14, 43, 74] or on a
block-by-block basis [19], to combine a rich set of features.
Another line of approach focuses on reducing the compu-
tational complexity of MHSA [17,18,21,69]. For example,
MobileViTv2 [21] introduces a separable self-attention with
linear complexity with respect to the number of tokens (res-
olution). EdgeViT [17] applies MHSA to sub-sampled fea-
tures to perform approximately full spatial interaction in a
cost-effective manner. Unlike the above approaches, we pri-
oritize organizing tokens with minimal spatial redundancy
over efficiently mixing tokens.

Also, recent works [27, 34–39, 75–77] have demon-
strated that numerous heads function in similar ways and
can be pruned without notably affecting performance. Effi-
cientViT [27] proposes feeding attention heads with differ-
ent splits of the full channel to improve attention diversity.
In addition, [76] presents a regularization loss for multi-
head similarity, while [78] explores head similarity across
different layers. As opposed to reducing multi-head redun-
dancy, we design module with single-head configuration,
which not only inherently prevents multi-head redundancy
but also saves computation costs.

5. Conclusion
In this work, we have investigated redundancies at both

the spatial and channel dimensions of the architectural de-
sign commonly used by many established models. We then
proposed 16×16 patch embeddings with 3-scale hierarchi-
cal representations and Single-Head Self-Attention to ad-
dress the computational redundancies. We further present
our versatile SHViT, built upon our proposed macro/micro
designs, that achieves ultra-fast inference speed and high
performance on diverse devices and vision tasks.
Discussion. While our macro design is effective, there is a
need for fine-grained (high-resolution) features to enhance
performance further or to recognize small objects. There-
fore, our future work focuses on devising cost-effective
ways to utilize them. Integrating the single-head design into
existing sophisticated attention methods will be an intrigu-
ing way to explore.
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SHViT: Single-Head Vision Transformer with Memory Efficient Macro Design
—— Supplementary Material ——

This supplementary material presents additional comparison
results, memory analysis, detection results, and experimental set-
tings.

A. Comparison with Tiny Variants of Large-
scale Models
We compare our model against tiny variants of established

models in Tab. 7. Our model, when applied to higher resolu-
tions, outperforms state-of-the-art models in terms of parameter
and throughput. Compared to Swin-T [40], our SHViT-S4r384 is
0.3% inferior in accuracy but is 2.3× / 9.5× faster on the A100
GPU / Intel CPU.

In Fig. 9, we also provide further results of Section 3.2. It
demonstrates improved speed performance when increasing the
resolution not only on mobile devices but also on other inference
platforms compared to the recent models [7, 8]. This result show-
cases that our model can be a competitive alternative in real-world
applications. Further analysis of these performance enhancements
will be detailed in the following section.

B. Memory Efficiency Analysis
Our model has a larger number of parameters compared

to lightweight models. For instance, SHViT-S3 has 2.7× more
parameters compared to EfficientNet-B0 [24]. However, an im-
portant consideration for deploying the model on resource-
constrained devices is the memory access cost of the feature maps.
On an I/O bound devices, the number of memory access for a given
layer is as follows

2× b× h× w × c+ k2 × c2 (5)

Particularly, when increasing batch size to enhance throughput, or
for applications that require high-resolution input, the impact of
the first term in the above equation becomes significantly more
critical. Our proposed macro and micro designs considerably re-
duce memory usage by eliminating redundancies in the first term’s
h × w and c components, respectively. In Tab. 8, our model, de-
spite having more parameters than EfficientNet-B0, consumes less
test memory. Notably, the disparity in memory usage grows with
increasing batch sizes.

C. Further Results on COCO Detection
We also present results on COCO object detection bench-

mark [79] with DEtection TRansformer (DETR) [80, 81] frame-
work in Tab. 9.

The encoder of DETR consists of self-attention and FFN, and
the decoder consists of self-attention, cross-attention, and FFN. To
demonstrate the efficacy of our single-head attention module not
only as a feature extractor but also as a detection head, we apply
single-head design to the encdoer’s self-attention and decoder’s
cross-attention layers. These two layers involve significant com-
putational costs, thus employing a single-head design can greatly

Model
Params FLOPs Throughput (image/s) Top-1

(M) (G) GPU CPUONNX (%)
CaiT-XXS36 [82] 17 3.8 1394 24 79.1
Twins-PCPVT-S [49] 24 3.8 3800 53 81.2
Swin-T [40] 28 4.5 2868 33 81.3
TNT-S [83] 24 5.2 1554 37 81.5
CoAtNet-0 [84] 25 4.2 2448 53 81.6
DeiT-B [31] 87 17.6 3227 21 81.8
XCiT-S12 [85] 26 4.8 3110 - 82.0
PVTv2-B2 [70] 25 4.0 2924 14 82.0
FocalNet-T [86] 28 4.4 2808 68 82.1
ConvNeXt-T [87] 29 4.5 3325 49 82.1
SHViT-S4 17 1.0 14283 509 79.4
SHViT-S4r384 17 2.2 6702 315 81.0
SHViT-S4r512 17 4.0 3957 198 82.0

Table 7. Comparison with the tiny variants of state-of-the-art large-
scale models on ImageNet-1K classification. ‘r384’ means fine-
tuned at 384×384 resolution. Models which could not be reliably
converted to ONNX format are annotated by ‘−’.

-3.2x

-3.6x

-3.8x

-4.3x

Figure 9. GPU, CPU latency comparison of a SHViT-S4 with
recent state-of-the-art FastViT [7] and EfficientFormer [8]; mea-
sured on A100 GPU, Intel CPU for various image resolutions.

Model
Top-1 Params Inference Memory (MB) / Throughput (images/s)

(%) (M) bs1 bs32 bs256 bs1024

SHViT-S3 77.4 14.2 1855 / 147 1963 / 4691 2613 / 20522 5525 / 22309

EfficientNet-B0 77.1 5.3 1931 / 175 2015 / 5427 3861 / 8433 10493 / 8706

Table 8. Memory Consumption Comparison with EfficientNet-
B0 [24]. ‘bs32’ indicates that test time memory consumption and
throughput are measured at batch size of 32.

enhance the model speed. However, in the detection head, each of
the attention weights localizes different extremities [88], making
it challenging to simply combine them into a single-head design.
Furthermore, we find that the multi-head design in both the initial
layer and latter layers of the encoder/decoder is vital. Thus, we em-
ploy single-head attention modules in the 2nd, 3rd, and 4th layers
of each encoder/decoder. To minimize performance degradation,
we also increase the head dimension in the single-head module
from 32 to 64. We train our model using the training recipe of De-
formable DETR [80, 81]. As shown in Tab. 9, single-head module
demonstrates reasonable performance as a detector head and is a



Method Params FPS AP AP50 AP75 APS APM APL

Deformable DETR w/ single-head 37.1M 31.4 (24% ↑) 43.1 62.7 46.6 26.3 46.6 57.2

Deformable DETR 40.0M 25.4 43.8 62.6 47.7 26.4 47.1 58.0

Table 9. Effectiveness of our Single-Head Attention module with
Deformable DETR [81] framework. Our method improves test
speed by 24% without significant performance degradation.

competitive alternative for applications where inference speed is
crucial.

D. More Details on Redundancy Experiments
In this section, we provide implementation details of section 2.2.
head similarity analysis. For each layer i, the average cosine sim-
ilarity value is computed as:

HeadSimi =
1

Nh(Nh − 1)

∑
j ̸=k

cos(headj , headk) (6)

where Nh is the number of heads. Then, the value is averaged for
all batches.
head ablation study. In order to perform head ablation exper-
iments, we modify the formula for Multi-Head Self-Attention
(MHSA):

MHSA = Concat(δ1head1, ..., δNheadN )WO, (7)

headi = Attention(XiW
Q
i ,XiW

K
i ,XiW

V
i ), (8)

Attention(q, k, v) = Softmax(qkT/
√

dhead)v, (9)

where the δ are mask vaiables with values in {0, 1}. When all δ
are equal to 1, the above layer is equivalent to the MHSA layer. In
order to ablate head i, we simply set δi = 0. We conduct experi-
ments by selectively removing one or more attention heads from a
given architecture during test time and assessing the resulting im-
pact on accuracy. And we report the best accuracy for each layer in
the model, i.e. the accuracy achieved by reducing the entire layer
to the single most important head.

We further investigate head redundancy in DeiT-S-Distill [31],
a vision transformer distilled with knowledge from ConvNets. In
the distilled model, we can also observe a significant computa-
tional redundancy among many heads in the latter stages. Addi-
tionally, in the early stages, where many heads operate similarly
to convolution, there is a relatively substantial decline in perfor-
mance.

E. Further Discussions on Related Works
About Macro Design. Our patch embedding scheme is similar
to that of [10, 27], but the derivation process takes place from a
completely different perspective. While [10] indirectly determines
the patch embedding size through experiment grafting ResNet and
DeiT, our work, on the other hand, investigate redundancy from
the beginning, analyzing it separately in terms of spatial and chan-
nel. This allows us to address not only the spatial redundancy
in traditional patch embedding but also propose a SHSA mod-
ule, in contrast to [10] which employs MHSA (at mobile, SHViT-
S4 80.2%/1.6ms vs. LeViT-192 80.0%/28.0ms). To the best of

DeiT-S-Distill
      81.17%

Figure 10. Head ablation study on DeiT-Small-Distill [31].

our knowledge, none of existing works have analyzed the effects
(speed, memory efficiency) of resolving spatial redundancy in di-
verse environments (devices, tasks).
About Partial Design in SHSA. Partial channel design has also
been employed in previous research [30, 66]. However, our work
is distinct in both motivation and effectiveness. While prior work
primarily focused on FLOPs (or throughput) and so employs con-
volutions (either depthwise or vanilla) on partial channels, this pa-
per addresses multi-head redundancy by employing attention with
single-head on partial channels. Furthermore, our SHSA, with
preceding convolution, memory-efficiently leverages two comple-
mentary features in parallel within a single token mixer [12, 43].
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