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ABSTRACT

In this work, we present efficient modulation, a novel design for efficient vision
networks. We revisit the modulation mechanism, which operates input through
convolutional context modeling and feature projection layers, and fuses features
via element-wise multiplication and an MLP block. We demonstrate that the mod-
ulation mechanism is particularly well suited for efficient networks and further
tailor the modulation design by proposing the efficient modulation (EfficientMod)
block, which is considered the essential building block for our networks. Benefit-
ing from the prominent representational ability of modulation mechanism and the
proposed efficient design, our network can accomplish better trade-offs between
accuracy and efficiency and set new state-of-the-art performance in the zoo of
efficient networks. When integrating EfficientMod with the vanilla self-attention
block, we obtain the hybrid architecture which further improves the performance
without loss of efficiency. We carry out comprehensive experiments to verify Effi-
cientMod’s performance. With fewer parameters, our EfficientMod-s performs 0.6
top-1 accuracy better than EfficientFormerV2-s2 and is 25% faster on GPU,
and 2.9 better than MobileViTv2-1.0 at the same GPU latency. Additionally,
our method presents a notable improvement in downstream tasks, outperform-
ing EfficientFormerV2-s by 3.6 mIoU on the ADE20K benchmark. Code and
checkpoints are available at https://github.com/ma-xu/EfficientMod.

1 INTRODUCTION

Vision Transformers (ViTs) (Dosovitskiy et al., 2021; Liu et al., 2021; Vaswani et al., 2017) have
shown impressive accomplishments on a wide range of vision tasks and contributed innovative
ideas for vision network design. Credited to the self-attention mechanism, ViTs are distinguished
from conventional convolutional networks by their dynamic properties and capability for long-range
context modeling. However, due to the quadratic complexity over the number of visual tokens,
self-attention is neither parameter- nor computation-efficient. This inhibits ViTs from being deployed
on edge or mobile devices and other real-time application scenarios. To this end, some attempts have
been made to employ self-attention within local regions (Liu et al., 2021; Chen et al., 2022a) or to
selectively compute informative tokens (Rao et al., 2021; Yin et al., 2022) to reduce computations.
Meanwhile, some efforts (Mehta & Rastegari, 2022; Chen et al., 2022b; Graham et al., 2021) attempt
to combine convolution and self-attention to achieve desirable effectiveness-efficiency trade-offs.

Most recently, some works (Liu et al., 2022b; Yu et al., 2022a; Trockman & Kolter, 2022) suggest
that a pure convolutional network can also attain satisfying results compared with self-attention.
Among these, FocalNet (Yang et al., 2022) and VAN (Guo et al., 2023), which are computationally
efficient and implementation-friendly, show cutting-edge performance and significantly outperform
ViT counterparts. Generally, both approaches consider context modeling using a large-kernel convo-
lutional block and modulate the projected input feature using element-wise multiplication (followed
by an MLP block), as shown in Fig. 1b. Without the loss of generality, we refer to this design as
Modulation Mechanism, which exhibits promising performance and benefits from the effectiveness
of convolution and the dynamics of self-attention. Although the modulation mechanism provides
satisfactory performance and is theoretically efficient (in terms of parameters and FLOPs), it suffers
unsatisfying inference speed when the computational resource is limited. The reasons are two-fold:
i) redundant and isofunctional operations, such as successive depth-wise convolutions and redun-
dant linear projections take up a large portion of operating time; ii) fragmentary operations in the
context modeling branch considerably raise the latency and are in contravention of guidance G3 in
ShuffleNetv2 (Ma et al., 2018).
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(a) Transformer block (b) Modulation design (c) Our Ef�cientMod block

Figure 1: Comparison of Transformer, abstracted modulation design, and our Ef�cientMod block.b
is element-wise multiplication anda means matrix multiplication. Compared to Transformer and
abstracted modulation, our uni�ed block ef�ciently modulates the projected values (V ) via a simple
context modeling design (CTX). Dimension number is indicated in (c) to aid comprehension.

In this work, we proposeEf�cient Modulation, a simple yet effective design that can serve as the
essential building block for ef�cient models (see Fig. 1c). In comparison to modulation blocks
behind FocalNet (Yang et al., 2022) and VAN (Guo et al., 2023), the ef�cient modulation block
is more simple and inherits all bene�ts (see Fig. 1b and Fig. 1c). In contrast to the Transformer
block, our Ef�cientMod's computational complexity is linearly associated with image size, and we
emphasize large but local interactions, while Transformer is cubically correlated with the token
number and directly computes the global interactions. As opposed to the inverted residual (MBConv)
block (Sandler et al., 2018), which is still thede factofundamental building block for many effective
networks, our solution uses fewer channels for depth-wise convolution and incorporates dynamics
(see Table 6 for comparison). By analyzing the connections and differences between our and these
designs, we offer a deep insight into where our effectiveness and ef�ciency come from. By examining
the similarities and distinctions, we gain valuable insights into the ef�ciency of our approach.

With our Ef�cient Modulation block, we introduce a new architecture for ef�cient networks called
Ef�cientMod Network. Ef�cientMod is a pure convolutional-based network and exhibits promising
performance. Meanwhile, our proposed block is orthogonal to the traditional self-attention block and
has excellent compatibility with other designs. By integrating attention blocks with our Ef�cientMod,
we get a hybrid architecture, which can yield even better results. Without the use of neural network
searching (NAS), our Ef�cientMod offers encouraging performance across a range of tasks. Compared
with the previous state-of-the-art method Ef�cientFormerV2 (Li et al., 2023b), Ef�cientMod-s
outperforms Ef�cientFormerV2-S2 by0.3 top-1 accuracy and is 25% faster on GPU. Furthermore,
our method substantially surpasses Ef�cientFormerV2 on downstream tasks, outperforming it by3.6
mIoU on the ADE20K semantic segmentation benchmarkwith comparable model complexity.
Results from extensive experiments indicated that the proposed Ef�cientMod is effective and ef�cient.

2 RELATED WORK

Ef�cient ConvNets Designs. One of the most profound ef�cient networks is MobileNet (Howard
et al., 2017), which decouples a conventional convolution into a point-wise and a depth-wise con-
volution. By doing so, the parameter number and FLOPs are radically reduced, and the inference
speed is substantially boosted. Subsequently, MobileNetV2 (Sandler et al., 2018) further pushed
the �eld by introducing the inverted bottleneck block (also known as the MBConv block), which
is now thede factofundamental building block for most ef�cient networks (Tan & Le, 2019; Guo
et al., 2022; Li et al., 2021; Peng et al., 2021; Tu et al., 2022). In addition, some other contributions
are also noteworthy. Network architecture search (NAS) can provide better network designs like
MobileNetv3 (Howard et al., 2019), Ef�cientNet (Tan & Le, 2019; 2021), and FBNet (Wu et al., 2019;
Wan et al., 2020; Dai et al., 2021),etc. Shuf�eNet (Zhang et al., 2018) leverages group operation and
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channel shuf�ing to save computations. Shuf�eNetv2 (Ma et al., 2018), FasterNet (Chen et al., 2023),
and GhostNet (Han et al., 2020a) emphasize the effectiveness of feature re-use. Regarding ef�cient
design, our model is similar to the MBConv block, but the inner operations and mechanisms behind
it are different. Regarding design philosophy, our model is similar to FocalNet Yang et al. (2022) and
VAN Guo et al. (2023), but is considerably more ef�cient and elegant. We discuss the connections
and differences in Sec. 3.5 and Table 6.

Transformers in Ef�cient Networks. Transformer has garnered considerable interest from the
vision community, which undoubtedly includes effective networks. Some methods, such as Mobile-
Former (Chen et al., 2022b), contemplate adding self-attention to ConvNets to capture local and
global interactions concurrently. Self-attention, however, endures high computational costs due
to the quadratic complexity of the number of visual tokens. To eschew prohibitive computations,
Ef�cientFormerV2 and EdgeNeXt (Maaz et al., 2023) consider MBConv blocks in the early stages
and employ self-attention in the later stages when the token number (or feature resolution) is small.
In contrast to earlier efforts, which combined self-attention and MBConv block to achieve a trade-off
between ef�ciency and effectiveness, we distilled the inherent properties of self-attention, dynamics,
and large receptive �eld and introduced these properties to our Ef�cientMod. We also explore the
hybrid architecture that integrates self-attention and Ef�cientMod for better performance.

Discussion on Ef�cient Networks. Although parameter number and FLOPs are widely employed
metrics to assess the theoretical complexity of a model, they do not re�ect the network's real-time
cost, as endorsed in Shuf�eNetv2 (Ma et al., 2018). Practical guidelines for ef�cient network design
are critical, like fewer network fragments (Ma et al., 2018) and consistent feature dimension (Li et al.,
2022),etc. FasterNet (Chen et al., 2023) also demonstrates that low FLOPs do not necessarily lead
to low latency due to inef�cient low �oating-point operations per second. In this work, we present
Ef�cientMod and incorporate prior observations into our design to achieve practical effectiveness.

3 METHOD

3.1 REVISIT MODULATION DESIGN

We �rst derive the general concept of modulation mechanism from VAN and FocalNet.

Visual Attention Networks. VAN (Guo et al., 2023) considers a convolutional attention design,
which is simple yet effective. Speci�cally, given input featurex >Rc� h � w , we �rst projectx to a new
feature space using a fully-connected (FC) layer (with activation function)f ˆ �• and then feed it into
two branches. The �rst branchctx ˆ �• extracts the context information, and the second branch is an
identical mapping. We use element-wise multiplication to fuse the feature from both branches, and a
new linear projectionpˆ �• is added subsequently. In detail, a VAN block can be written as:

Output� pˆctx ˆ f ˆx•• b f ˆx•• ; (1)
ctx ˆx• � gˆDWConv7;3 ˆDWConv5;1 ˆx••• ; (2)

whereb is element-wise multiplication,DWConvk;d means a depth-wise convolution with kernel
sizek and dilationd, andgˆ �• is another FC layer in the context branch. Following the design
philosophy of MetaFormer (Yu et al., 2022a), the VAN block is employed as a token-mixer, and a
two-layer MLP block (with a depth-wise convolution) is adjacently connected as a channel-mixer.

FocalNets. FocalNets (Yang et al., 2022) introduced the Focal Modulation that replaces self-
attention but enjoys the dynamics and large receptive �elds. FocalNet also considers a parallel two
branches design, where one context modeling branchctx ˆ �• adaptively aggregates different levels of
contexts and one linear project branchv ˆ �• projectx to a new space. Similarly, the two branches are
fused by element-wise multiplication, and an FC layerpˆ �• is employed. Formally, the hierarchical
modulation design in FocalNet can be given by (ignoring the global average pooling level for clarity):

ctx ˆx• � gŒ
L

Q
l � 1

actˆDWConvk l ˆ f ˆx•• b zˆ f ˆx•••‘ ; (3)

wherectx includesL levels of context information that are hierarchically extracted by depth-wise
convolutional layer with a kernel size ofkl , z ˆ �• projectc-channel feature to a gating value.actˆ �• is
GELU activation function after each convolutional layer.
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Abstracted Modulation Mechanism. Both VAN and FocalNet demonstrated promising represen-
tational ability and exhibited satisfying performance. By revisiting as aforementioned, we reveal
that both methods share some indispensable designs, which greatly contribute to their advancements.
Firstly, the two parallel branches are operated individually, extracting features from different feature
spaces like self-attention mechanism (as shown in Fig. 1a). Secondly, for the context modeling, both
considered large receptive �elds. VAN stacked two large kernel convolutions with dilation while
FocalNet introduced hierarchical context aggregation as well as a global average pooling to achieve
a global interaction. Thirdly, both methods fuse the features from two branches via element-wise
multiplication, which is computationally ef�cient. Lastly, a linear projection is employed after feature
fusion. We argue that the gratifying performance of the two models can be credited to the above
key components. Meanwhile, there are also distinct designs, like the particular implementations of
context modeling and the design of feature projection branches (shared or individual projection).
Consolidating the aforementioned similarities and overlooking speci�c differences, we abstract the
modulation mechanism as depicted in Fig. 1b and formally de�ne the formulation as:

Output� pˆctx ˆx• b v ˆx•• : (4)

The abstracted modulation mechanism inherits desirable properties from both convolution and self-
attention but operates in a convolutional fashion with satisfying ef�ciency in theory. Speci�cally,
Eq. 4 enjoys dynamics like self-attention due to the element-wise multiplication. The context
branch also introduces local feature modeling, but a large receptive �eld is also achieved via large
kernel size (which is not a bottleneck for ef�ciency). Following VAN and FocalNet, a two-layer
MLP block is constantly introduced after the modulation design, as shown in Fig. 1c. Besides
aforementioned strengths that make modulation mechanism suitable for ef�cient networks, we also
tentatively introduce a novel perspective in Appendix Sec. K that modulation has the unique potential
to project the input feature to a very high dimensional space.

3.2 EFFICIENT MODULATION

Despite being more ef�cient than self-attention, the abstracted modulation mechanism still fails to
meet the ef�ciency requirements of mobile networks in terms of theoretical complexity and inference
latency. Here, we introduce Ef�cient Modulation, which is tailored for ef�cient networks but retains
all the desirable properties of the modulation mechanism.

Sliming Modulation Design. A general modulation block has many fragmented operations, as
illustrated in Fig. 1b. Four FC layers are introduced without considering the details of the context
modeling implementation. As stated in guideline G3 in Shuf�eNetv2 (Ma et al., 2018), too many
fragmented operations will signi�cantly reduce speed, even if the computational complexity may
be low by tweaking the channel number. To this end, we fuse the FC layers from the MLP and
modulation blocks as shown in Fig.1c. We considerv ˆ �• to expand the channel dimension by an
expansion factor ofr and leveragepˆ �• to squeeze the channel number. That is, the MLP block is
fused into our modulation design with a �exible expansion factor, resulting in a uni�ed block similar
to the MBConv block (we will discuss the differences and show our superiority in Table. 6).

Simplifying Context Modeling. We next tailor our context modeling branch for ef�ciency. given the
input x, we �rst projectx to a new feature space by a linear projectionf ˆx•. Then, a depth-wise
convolution with GELU activation is employed to model local spatial information. We set the kernel
size to 7 to balance the trade-off between ef�ciency and a large receptive �eld. Lastly, a linear
projectiongˆx• is employed for channel communication. Notice that the channel number is kept the
same throughout the context modeling branch. In short, our context modeling branch can be given by:

ctx ˆx• � gˆactˆDWConv7;1 ˆ f ˆx•••• : (5)

This design is much simpler than the context modeling in VAN and FocalNet. We discard isofunctional
depth-wise convolutions by one large-kernel depth-wise convolution. We acknowledge that this may
slightly degrade the performance as a compromise to ef�ciency. Ablation studies demonstrate that
each operation in our context branch is indispensable.

3.3 NETWORK ARCHITECTURE

With the modi�cations as mentioned above, we arrive at our Ef�cient Modulation block depicted in
Fig. 1c. Next, we instantiate our ef�cient networks. Please see Appendix Sec. B for more details.
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First, we introduce a pure convolutional network solely based on the Ef�cientMod block. Following
common practice (Li et al., 2023b; Yu et al., 2022a), we adopt a hierarchical architecture of 4 stages;
each stage consists of a series of our Ef�cientMod blocks with residual connection. For simplicity,
we used overlapped patch embedding (implemented with a convolutional layer) to down-size the
features by a factor of 4, 2, 2, and 2, respectively. For each block, we normalize the input feature
using Layer Normalization (Ba et al., 2016) and feed the normalized feature to our Ef�cientMod
block. We employ Stochastic Depth (Huang et al., 2016) and Layer Scale (Touvron et al., 2021b)
to improve the robustness of our model. Notice that our Ef�cientMod block is orthogonal to the
self-attention mechanism. Following recent advances that combine convolution and attention for
better performance (Li et al., 2023b; Mehta & Rastegari, 2022; Chen et al., 2022b; Pan et al., 2022),
we next combine our Ef�cientMod with attention block to get a new hybrid design. We consider the
vanilla attention block as in ViT (Dosovitskiy et al., 2021) without any modi�cations. The attention
blocks are only introduced in the last two stages, where the feature size is relatively small. We vary
the width and depth to match the parameters in the pure convolutional-based Ef�cientMod counterpart
for a fair comparison. We introduce three scales ranging from 4M to 13M parameters, resulting in
Ef�cientMod-xxs, Ef�cientMod-xs, and Ef�cientMod-s.

3.4 COMPUTATIONAL COMPLEXITY ANALYSIS

We also examine our design's theoretical computational complexity and practical guidelines.

Given input featurex > RC � H � W, the total parameters number of one Ef�cientMod block is
2ˆr � 1• C2 � k2C, and the computational complexity isO ‰2ˆr � 1•HWC 2 � HWk 2CŽ, where
k is kernel size andr is the expansion ratio inv ˆ �• . We ignore the activation function and bias
in learnable layers for simplicity. Compared with Attention, our complexity is linear to the input
resolution. Compared with MBConv, we reduce the complexity of depth-wise convolution by a factor
of r , which is crucial for effectiveness as validated in Table 6.

Figure 2: From Repeat to
Reshape , Ef�cientMod-s GPU
latency decreases 5.1% and CPU
latency increases 21.8%.

Besides the theoretical computational complexity, we also pro-
vide some practical guidelines for our design.I) We reduce the
FLOPs by moving more parameters to later stages where the
feature resolution is small.The reason behind is that our Ef�-
cientMod's FLOPs are basically equal tothe input resolution�
the number of parameters. Following this guideline, we can add
more blocks or substantially increase the width in later stages.
Note that this guideline is not unique to our Ef�cientMod and
can be applied to all FC and Convolutional layers.II) We only
introduce attention blocks to the last two stages, as a common
practice in many works (Li et al., 2023b; Mehta & Rastegari,
2022; Yu et al., 2022b; Mehta & Rastegari, 2023) considering
self-attention's computational complexity.III) We useRepeat
operation to match channel number to save CPU time with a light
overhead on GPU.Ef�cientFormer observed that theReshape
is often a bottleneck for many models. Here, we introduce more details.Reshape is considerably
sluggish on the CPU but is GPU-friendly. Meanwhile,Repeat operation is swift on CPU but
time-consuming on GPU. As shown in Fig. 2, two solutions (Repeat andReshape ) can be used
for interact in Ef�cientMod, we selectRepeat to get the optimal GPU-CPU latency trade-off.

3.5 RELATION TO OTHER MODELS

Lastly, we discuss the connections and differences between our Ef�cientMod block and other notable
designs to emphasize the unique properties of our approach.

MobileNetV2 ushered in a new era in the �eld of ef�cient networks by introducing mobile inverted
bottleneck (MBConv in short) block. Compared to the MBConv block that sequentially arranges the
FC layer, our Ef�cientMod block separates the depth-wise convolutional layer and inserts it from
the side into the middle of the two-layer FC network via element-wise multiplication. We will show
that our design is a more ef�cient operation (due to the channel number reduction of depth-wise
convolution) and achieve better performance (due to modulation operation) in Table 6.
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Table 1:ImageNet-1K classi�cation performance.We compare Ef�cientMod with SOTA methods
and report inference latency, model parameters, and FLOPs. The latency is measured on one P100
GPU and Intel(R) Xeon(R) CPU E5-2680 CPU with four threads. We use tiny gray color to indicate
results trained with strong training strategies like re-parameterization in MobileOne and distillation
in Ef�cientFormerV2. Benchmark results on more GPUs can be found in Appendix Sec. H.

Model Top-1(%) Latency (ms) Params FLOPs Size.GPU CPU (M) (G)

MobileNetV2� 1:0 (2018) 71.8 2.1 3.8 3.5 0.3 2242

FasterNet-T0 (2023) 71.9 2.5 6.8 3.9 0.3 2242

EdgeViT-XXS (2022) 74.4 8.8 15.7 4.1 0.6 2242

MobileOne-S1 (2023) 74.6(75.9) 1.5 6.9 4.8 0.8 2242

MobileViT-XS (2022) 74.8 4.1 21.0 2.3 1.1 2562

Ef�cientFormerV2-S0 (2023b) 73.7(75.7) 3.3 10.7 3.6 0.4 2242

Ef�cientMod-xxs 76.0 3.0 10.2 4.7 0.6 2242

MobileNetV2� 1:4 (2018) 74.7 2.8 6.0 6.1 0.6 2242

DeiT-T (2021a) 74.5 2.7 16.5 5.9 1.2 2242

FasterNet-T1 (2023) 76.2 3.3 12.9 7.6 0.9 2242

Ef�cientNet-B0 (2019) 77.1 3.4 10.9 5.3 0.4 2242

MobileOne-S2 (2023) - (77.4) 2.0 10.0 7.8 1.3 2242

EdgeViT-XS (2022) 77.5 11.8 21.4 6.8 1.1 2242

MobileViTv2-1.0 (2023) 78.1 5.4 30.9 4.9 1.8 2562

Ef�cientFormerV2-S1 (2023b) 77.9(79.0) 4.5 15.4 6.2 0.7 2242

Ef�cientMod-xs 78.3 3.6 13.4 6.6 0.8 2242

PoolFormer-s12 (2022a) 77.2 5.0 22.3 11.9 1.8 2242

FasterNet-T2 (2023) 78.9 4.4 18.4 15.0 1.9 2242

Ef�cientFormer-L1 (2022) 79.2 3.7 19.7 12.3 1.3 2242

MobileFormer-508M (2022b) 79.3 13.4 142.5 14.8 0.6 2242

MobileOne-S4É (2023) - (79.4) 4.8 26.6 14.8 3.0 2242

MobileViTv2-1.5 (2023) 80.4 7.2 59.0 10.6 4.1 2562

EdgeViT-S (2022) 81.0 20.5 34.7 13.1 1.9 2242

Ef�cientFormerV2-S2 (2023b) 80.4(81.6) 7.3 26.5 12.7 1.3 2242

Ef�cientMod-s 81.0 5.5 23.5 12.9 1.4 2242

SENetintroduces dynamics to ConvNets by proposing channel-attention mechanism (Hu et al., 2018).
An SE block can be given byy � x � sigˆW2 ˆactˆW1x••• . Many recent works (Tan & Le, 2019;
Zhang et al., 2022; Liu et al., 2022a) incorporate it to achieve better accuracy while maintaining a low
complexity in theory. However, due to the fragmentary operations in SE block, it would signi�cantly
reduce the inference latency on GPUs. On the contrary, our Ef�cientMod block inherently involves
channel attention viay � ctxˆx• � qˆx•, whereqˆx• adaptively adjust the channel weights ofctxˆx•.

4 EXPERIMENTS

In this section, we validate our Ef�cientMod on four tasks: image classi�cation on ImageNet-
1K (Deng et al., 2009), object detection and instance segmentation on MS COCO (Lin et al., 2014),
and semantic segmentation on ADE20K (Zhou et al., 2017). We implement all networks in PyTorch
and convert to ONNX models on two different hardware:
• GPU: We chose the P100 GPU for our latency evaluation since it can imitate the computing power

of the majority of devices in recent years. Other GPUs may produce different benchmark results,
but we observed that the tendency is similar.

• CPU: Some models may operate with unpredictable latency on different types of hardware (mostly
caused by memory accesses and fragmented operations). We also provide all models' measured
latency on the Intel(R) Xeon(R) CPU E5-2680 CPU for a full comparison.

For the latency benchmark, we set the batch size to 1 for both GPU and CPU to simulate real-world
applications. To counteract the variance, we repeat 4000 runs for each model and report the mean
inference time. We use four threads following the common practice. For details on more devices
(e.g., different GPUs, iPhone,etc.), please check out supplemental material.
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Figure 3: The trade-off between
ONNX GPU latency and accuracy.

Arch. Model Params FLOPs Acc. Epoch

Conv

RSB-ResNet-18 (2021) 12.0M 1.8G 70.6 300
RepVGG-A1 (2021) 12.8M 2.4G 74.5 120
PoolFormer-s12 (2022a) 11.9M 1.8G 77.2 300
GhostNetv2� 1.6 (2022) 12.3M 0.4G 77.8 450
RegNetX-3.2GF (2020) 15.3M 3.2G 78.3 100
FasterNet-T2 (2023) 15.0M 1.9G 78.9 300
ConvMLP-M (2023a) 17.4M 3.9G 79.0 300
GhostNet-A (2020b) 11.9M 0.6G 79.4 450
MobileOne-S4 (2023) 14.8M 3.0G 79.4 300
Ef�cientMod-s 12.9M 1.5G 80.5 300

+ Atten. Ef�cientMod-s 12.9M 1.4G 81.0 300

Table 2: We compare our convolution-based model with
others and show improvements in the hybrid version.

4.1 IMAGE CLASSIFICATION ON IMAGENET-1K

We evaluate the classi�cation performance of Ef�cientMod networks on ImageNet-1K. Our training
recipe follows the standard practice in DeiT (Touvron et al., 2021a), details can be found in Appendix
Sec. 5. Strong training tricks (e.g., re-parameterization and distillation) were not used to conduct a
fair comparison and guarantee that all performance was derived from our Ef�cientMod design.

We compare our Ef�cientMod with other ef�cient designs and present the results in Table 1. Distinctly,
our method exhibits admirable performance in terms of both classi�cation accuracy and inference
latency on different hardware. For instance, our Ef�cientMod-s performs the same as EdgeViT but
runs 15 milliseconds (about 73%) faster on the GPU and 11 milliseconds (about 32%) faster on the
CPU. Moreover, our model requires fewer parameters and more minor computational complexity.
Ef�cientMod-s also outperforms Ef�cientFormerV2-S2 by0.6 improvements and runs 1.8ms
(about 25%) faster on GPU. Our method performs excellently for different scales. Be aware that
some ef�cient designs (like MobileNetV2 and FasterNet) prioritize low latency while other models
prioritize performance (like MobileViTv2 and EdgeViT). In contrast, our Ef�cientMod provides
state-of-the-art performance while running consistently fast on both GPU and CPU.

To better grasp the enhancements of our method, we use Ef�cientMod-s as an example and
outline the speci�c improvements of each modi�cation. The results of our Ef�cientMod,
from the pure convolutional-based version to the hybrid model, are presented in Table 2.

EFormerv2 s0 (3.3ms) s1 (4.5ms) s2 (7.3ms)

w/o Distill. 73.7 77.9 80.4
w/ Distill. 75.7(+2.0) 79.0(+1.1) 81.6(+1.2)

Ef�cientMod xxs (3.0ms) xs (3.6ms) s (5.5ms)

w/o Distill. 76.0 78.3 81.0
w/ Distill. 77.1(+1.1) 79.4(+1.1) 81.9(+0.9)

Table 3: Results w/o and w/ distillation.

We note that even the pure convolutional-based version
of Ef�cientMod already produces impressive results at
80.5%, signi�cantly surpassing related convolutional-
based networks. By adapting to hybrid architecture, we
further enhance the performance to 81.0%.

Meanwhile, some methods are trained with strong train-
ing strategies, like re-parameterization (Ding et al.,
2021) in MobileOne and distillation (Hinton et al., 2015) in Ef�cientFormerV2. When trained
with distillation (following the setting in (Li et al., 2023b)), we improve Ef�cientMod-s from 81.0 to
81.9%, as shown in Table 3. All following results are without distillation unless stated otherwise.

4.2 ABLATION STUDIES

Model Top-1(%)� GPU (ms)� CPU (ms)� Param. FLOPs
VAN-B0 75.4(� 0.6) 4.5 (� 1.5) 16.3(� 6.1) 4.1M 0.9G

FocalNet@4M 74.5(� 1.5) 4.2 (� 1.2) 16.8(� 6.6) 4.6M 0.7G
Ef�cientMod-xxs 76.0 3.0 10.2 4.7M 0.6G

Table 4: Compare Ef�cientMod with other modulation models.

Compare to other Modula-
tion models. We compare our
Ef�cientMod-xxs with FocalNet
and VAN-B0, that has a similar
number of parameters. For a fair
comparison, we customize Focal-
Net_Tiny_lrf by reducing the channel number or the blocks. We tested three variants, selected the
best one, and termed it FocalNet@4M. Since Conv2Former (Hou et al., 2022) code has not been
fully released, we didn't consider it in our comparison. From Table 4, we see that Ef�cientMod
outperforms other modulation methods for both accuracy and latency.
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Figure 4: We directly visualize the forward context modeling results as shown in Eq. 5. The
visualization results suggest that our context modeling can emphasize the conspicuous context. No
backward gradient is required as in Class Activation Map (Zhou et al., 2016).

f ˆ �• Conv gˆ �• Acc.
  72.7-7.8

  78.6-0.9

  72.3-8.2

    79.8-0.7

    79.6-0.9

      80.5
mul. � sum 79.5-1.0

Table 5: Ablation studies based on
Ef�cientMod-s-Conv w/o attention.

Arch. Model Params FLOPs Acc. Latency (ms)
GPU CPU

iso.

MBConv 6.4M 1.6G 72.9 4.4 122.2
Ef�cientMod 6.4M 1.6G 72.9 2.9 19.3
MBConv 12.4M 3.1G 77.0 6.5 196.5
Ef�cientMod 12.5M 3.1G 77.6 4.2 39.1

hier.

MBConv 6.4M 0.7G 76.9 5.4 18.7
Ef�cientMod 6.4M 0.7G 77.4 3.8 12.4
MBConv 12.9M 1.6G 79.8 9.2 59.6
Ef�cientMod 12.9M 1.5G 80.5 5.8 25.0

Table 6: Comparison between MBConv and Ef�cientMod
with isotropic (iso.) and hierarchical (hier.) architecture.

Ablation of each component. We start by examining the contributions provided by each component
of our design. Experiments are conducted on the convolutional Ef�cientMod-s without introducing
attention and knowledge distillation. Table 5 shows the results of eliminating each component in the
context modeling branch. Clearly, all these components are critical to our �nal results. Introducing
all, we arrive at 80.5% top-1 accuracy. Meanwhile, we also conducted an experiment to validate the
effectiveness of element-wise multiplication. We substitute it with summation (same computations
and same latency) to fuse features from two branches and present the results in the last row of the
table. As expected, the performance drops by 1% top-1 accuracy. The considerable performance drop
reveals the effectiveness of our modulation operation, especially in ef�cient networks.

Connection to MBConv blocks. To verify the superiority of Ef�cientMod block, we compare our
design and the essential MBConv with isotropic and hierarchical architectures, respectively. Please
check Appendix Sec. B for detailed settings. With almost the same number of parameters and FLOPs,
results in Table 6 indicate that our Ef�cientMod consistently runs faster than MBConv counterparts
by a signi�cant margin on both GPU and CPU. One most probable explanation is that our depth-wise
convolution is substantially lighter than MBConv's (channel numbers arec andrc, respectively,
wherer is set to 6). Besides the faster inference, our design consistently provides superior empirical
results than MBConv block. Please check Appendix Sec. G for more studies on scalability.

Context Visualization. Inherited from modulation mechanism, our Ef�cientMod block can distin-
guish informative context. Following FocalNet, we visualize the forward output of the context layer
(computing the mean value along channel dimension) in Ef�cientMod-Conv-s, as shown in Fig. 4.
Clearly, our model consistently captures the informative objects, and the background is restrained,
suggesting the effectiveness of the modulation design in ef�cient networks.

4.3 OBJECTDETECTION AND INSTANCE SEGMENTATION ON MS COCO

To validate the performance of Ef�cientMod on downstream tasks, we conduct experiments on MS
COCO dataset for object detection and instance segmentation. We validate our Ef�cientMod-s on
top of the common-used detector Mask RCNN (He et al., 2017). We follow the implementation of
previous work (Yu et al., 2022a; Wang et al., 2021; 2022; Tan & Le, 2021), and train the model using
1� scheduler,i.e., 12 epochs. We compare our convolutional and hybrid Ef�cientMod-s with other
methods and report the results in Table. 7. Results suggest that Ef�cientMod consistently outper-
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