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Abstract. Structural re-parameterization (SRP) is a novel technique se-
ries that boosts neural networks without introducing any computational
costs in inference stage. The existing SRP methods have successfully
considered many architectures, such as normalizations, convolutions, etc.
However, the widely used but computationally expensive attention mod-
ules cannot be directly implemented by SRP due to the inherent mul-
tiplicative manner and the modules’ output is input-dependent dur-
ing inference. In this paper, we statistically discover a counter-intuitive
phenomenon Stripe Observation in various settings, which reveals that
channel attention values consistently approach some constant vectors
during training. It inspires us to propose a novel attention-alike SRP,
called ASR, that allows us to achieve SRP for a given network while
enjoying the effectiveness of the attention mechanism. Extensive exper-
iments conducted on several standard benchmarks show the effective-
ness of ASR in generally improving the performance of various scenarios
without any elaborated model crafting. We also provide experimental
evidence for how the proposed ASR can enhance model performance.
https://github.com/zhongshsh/ASR.
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1 Introduction

The structural re-parameterization (SRP) technique [1, 9, 15, 21, 44] is a type
of efficient neural network technology that decouples training and inference,
greatly facilitating the deployment of Deep Neural Networks (DNNs) in practi-
cal applications and possessing excellent potential for industrial implementation.
It increases the model’s representation power for a given backbone network by
adding multiple branches or specific layers with various neural network com-
ponents to the backbone during the training phase, while during the inference
phase, the added branches or layers can be merged into the parameters of the
backbone network through some equivalent transformations, enabling perfor-
mance improvement without any additional parameters or computational costs.
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Table 1: The significant decrease in inference speed (Frames Per Second) by using
attention modules. "#P." denotes the number of parameters.

CIFAR100 STL10 CIFAR100 STL10

Model #P. (M) Speed #P. (M) Speed Model #P. (M) Speed #P. (M) Speed

ResNet164 1.73 1944 1.70 255 ResNet164 1.73 1944 1.70 255
+IE [32,42] 1.74 1505 (↓ 22.56%) 1.72 170 (↓ 33.26%) +SRM [30] 1.76 1387 (↓ 28.64%) 1.74 162 (↓ 36.40%)
+CBAM [45] 1.93 793 (↓ 59.21%) 1.90 127 (↓ 50.23%) +DIA [26] 1.95 1092 (↓ 43.82%) 1.92 154 (↓ 39.61%)
+SE [20] 1.93 1469 (↓ 24.42%) 1.91 173 (↓ 32.08%) +SPA [14] 3.86 1080 (↓ 44.45%) 3.83 180 (↓ 29.36%)
+ASR (SE) 1.73 1942 (∼ 0.00%) 1.70 255 (∼ 0.00%) +ASR (SPA) 1.73 1946 (∼ 0.00%) 1.70 253 (∼ 0.00%)
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Fig. 1: The visualization of the Stripe Observation on ImageNet classification. In Sec-
tion 4.2, we shows this observation also holds for segmentation and detection tasks.
This phenomenon can be verified on a large number of third-party models with different
settings, ensuring its reproducibility and generality. (see Appendix for comprehen-
sive examples) a, after passing through the attention model, the attention values of
different images tend to approach a certain value within the same channel, resulting
in a "stripe structure". b, Statistical analysis. The standard deviation of attention
values for each channel is almost distributed around zero. c, the visualization of the
first-order difference (absolute value) for attention value over epoch. Most of the values
approach some constants rapidly and consistently.

Specifically, for an input x, a branch layer Tθ with learnable parameters θ, and a
layer on the backbone Bθ̂ (usually a convolutional filter with a sufficiently large
kernel size [8]), if there are transformations h and g such that

h[Tθ,Bθ̂](x)︸ ︷︷ ︸
Training

= Bg[θ̂,θ](x)︸ ︷︷ ︸
Inference

, (1)

this situation can be decoupled in training and inference processing using
SRP. For example, during training, Convθ(x) +Convθ̂(x) can be equivalently
transformed into Convθ+θ̂(x) during inference, enabling the model performance
of two convolutional filters to be achieved with only one convolutional filter.
Another example about batch normalization (BN) is BNθ(Convθ̂(x)) can be
equivalently transformed into Convθ̂,a,b(x) during inference, where a and b are
constants related to θ. Based on the idea of Eq. (1), although previous SRP
methods have successfully integrated various neural network components, in-
cluding normalization methods, multi-branch convolution, global pooling, etc.,
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Fig. 2: The sketch of ASR. Inspired by Stripe Observation, we utilize a learnable vector
as input to the attention module for training. In Inference phase, the attention module
can be merged into the parameters of the backbone.

existing methods are currently unable to be applied to attention modules, which
are widely used in deep learning applications. This is due to the fact that the
attention module Tθ , as illustrated in Fig. 2 (a), acts on the backbone network
with an inherent multiplicative manner [2,11,13,18,24,28,31,36,47,53] (usually
is the element-wise multiplication ⊙), and the module’s output is also input-
dependent during inference. Therefore, usually, for any given transformation g,
we have

Bθ̂ ⊙Tθ ̸= Bg[θ̂,θ]. (2)

Eq. (2) reveals that the attention module is not directly compatible with the
existing SRP’s paradigm, which means that the widely used attention networks
may limit the scenarios and scope of SRP. However, attention modules have
an unignorable impact on inference. Despite their few parameters, as shown in
Table 1, attention modules can drastically slow inference speed due to complex
computations.

Therefore, there is a question: Can we incorporate the effectiveness of
attention mechanisms into SRP in an indirect way? To answer this
question, we first find and verify a counter-intuitive phenomenon that occurs in
different datasets, network structures, and attention modules, that is

(Stripe Observation) As shown in Fig. 1, the attention value vi ∈ Rc
obtained by i-th channel attention module will consistently approach to a
value v̄i ∈ Rc, which v̄i may follow a distribution with mean vector µi and
covariance matrix diag(σ2

i1, ..., σ
2
ic), σij , j = 1, 2, ..., c closes to 0.

Empirically, as shown in Fig. 1, we visualize the attention values of the well-
known attention module SE [20] on the ResNet50 [16] architecture trained on
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the ImageNet [37] dataset to observe the so-called Stripe Observation. For Fig. 1
(a), we consider the images from the ImageNet dataset as inputs to the model
and visualize the values of feature maps before and after passing through the
attention module. We find that the values of the input feature maps of the at-
tention module varied greatly among different channels and images, while the
output values of different images generated from the attention module tended to
approach a certain value within the same channel, resulting in a "stripe struc-
ture". Therefore, we call this phenomenon Stripe Observation.

Further, we can quantify this observation from a statistical perspective.
Specifically, we visualize the standard deviation of values for each channel of the
feature map before and after passing through the attention modules, as shown
in Fig. 1 (b). We observe that the standard deviation of values for each channel
is almost distributed around zero after passing through the attention module,
regardless of the images, indicating that the attention values at any module do
indeed approach a corresponding constant vector. Let vti be the attention value
obtained by the i-th module during the t-th epoch, We can further explore the
process of forming these constant vectors. Fig. 1 (c) visualizes the first-order dif-
ference (absolute value) of three input images over epoch for randomly selected
20 channels, i.e., ∆i = abs[vt+1

i − vti ]. Typically, a commonly used schedule
learning rate is applied for training ResNet50 on the ImageNet dataset, where
the learning rate is reduced by 90% every 30 epochs. As shown in Fig. 1 (c),
most of the values almost converge at the first learning rate decay (30 epochs),
i.e., the first-order difference is zero (black color). More empirical visualizations
about Stripe Observation can be found in the Appendix.

Inspired by the Stripe Observation that the channel attention values of dif-
ferent inputs in a dataset tend to approach a constant vector, we propose an
Attention-alike Structural Re-parameterization (ASR) as shown in Fig. 2 (b),
where we directly consider a learnable vector as the input to the attention mod-
ules. This makes the attention modules relatively independent of the model input
so that the "attention values" become a constant vector after training directly.
Therefore, the dilemma mentioned in Eq. (2) is solved, and we can achieve the
SRP, like Fig. 2 (c), of a given model while enjoying the effectiveness of the
attention mechanism. The details of ASR can be found in Section 3. We also
demonstrate the effectiveness of ASR and its compatibility with existing neural
network training methods using multiple benchmarks in Section 4. Furthermore,
we provide the empirical evidence for the strong robustness of ASR in Section
6. We summarize contributions as follows:

– We revisit the channel attention mechanism from a statistical perspective.
With comprehensive experiments, we find the Stripe Observation, which re-
veals that the attention value approach constant vectors during training.

– We coin a novel structural re-parameterization method ASR, tailored for
Stripe Observation, which can leverage various attention modules to improve
the model without any extra inference cost.

– We provide experimental evidence for the proposed ASR’s compatibility,
effectiveness, and robustness.
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2 Related works

Attention mechanism selectively focuses on the most informative components
of a network via self-information processing and has gained a promising per-
formance on vision tasks [32]. For example, SENet [20] proposes the channel
attention mechanism, which adjusts the feature map with channel view, and
CBAM [45] considers both channel and spatial attention for adaptive feature
refinement. Recently, more works [2, 11, 13, 18, 31, 36, 47, 55] are proposed to op-
timize spatial attention and channel attention. Most of the above works regard
attention mechanism as an additional module, and with the development of the
transformer [41], a large number of works [10,23,40,46,50,52] regard the atten-
tion as important parts of the backbone network.
Structural re-parameterization enables different architectures to be mutu-
ally converted through the equivalent transformation of parameters [21]. For
instance, a branch of 1×1 convolution and a branch of 3×3 convolution can be
transferred into a single branch of 3×3 convolution [9]. In the training phase,
multi-branch [8, 9] and multi-layer [1, 15] topologies are designed to replace the
vanilla layers for augmenting models. Afterward, during inference, the training-
time complex models are transferred to simple ones for faster inference. Cao et
al [1] have discussed how to merge a depthwise separable convolution kernel dur-
ing training. Thanks to the efficiency of structural re-parameterization, it has
gained great importance and has been utilized in various tasks [22,34,49,54] such
as compact model design [10], architecture search [3, 25, 48], pruning [6, 17, 27],
image recognition [7], and super-resolution [12,44].

3 Proposed method

Our attention-alike structural re-parameterization (ASR) is a simple-yet-effective
method without introducing any additional computational cost and parameters
in inference, which can share the effectiveness of any channel attention mod-
ule by considering a learnable vector as input for the attention module. Fig. 2
depicts the sketch of ASR. In the following subsections, we first introduce the
preliminary channel attention modules in Section 3.1. We then detail discuss the
training and inference phase of ASR in Section 3.2.

3.1 Preliminary: channel attention in vision

Given a single input x ∈ RC×H×W of channel attention modules (see Fig. 2),
we usually obtain the corresponding global information u ∈ RC×1×1 through
global average pooling (GAP) following [20,26,51], where the c-th element of u
is calculated as follows:

uc = GAP(xc) =
1

H ×W

H∑
i=1

W∑
j=1

xc,i,j . (3)
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Then, the attention value v ∈ RC×1×1 is calculated and leveraged to adjust the
input x using Eq. (4).

x′ = x⊙ v, where v = Tθ(u) = σ(Fθ(u)), (4)

where ⊙ denotes channel-wise multiplication, Fθ is the neural network part of
attention modules with learnable parameters θ, and σ(·) is activation function.

3.2 Attention-alike structural re-parameterization

Training phase. Based on Stripe Observation, we can directly consider a
learnable vector ψ ∈ RC×1×1 as the input of Fθ. Without GAP, we measure
the output of attention modules by vψ,θ = σ(Fθ(ψ)) ∈ RC×1×1.

Then during the training phase, ψ will be simultaneously updated with other
learnable parameters.
Inference phase. After training, according to the paradigm of SRP, we con-
sider equivalently merging the attention module into the backbone, as shown in
Fig. 2 (c). Since the "attention value" vψ,θ is a constant vector, for the various
common-used modules Bθ̂ in backbone, we can seamlessly find the corresponding
transformation g such that

Bθ̂ ⊙ vψ,θ = Bg[θ̂,ψ,θ], (5)

for example, for input x, if Bθ̂ is a convolutional layer C with kernels K and bias
b, then Eq.(5) can be rewritten as

C(x;K,b)⊙ vψ,θ = x ∗K⊙ vψ,θ + b⊙ vψ,θ

= C(x;K⊙ vψ,θ,b⊙ vψ,θ),
(6)

where ∗ denote convolution and K ⊙ vψ,θ means that the the product of i-th
elements of vψ,θ and i-th kernel of K. Since the existing SRP methods mainly
merge various neural network layers into a convolutional layer, from Eq. (6),
ASR is compatible with most of these SRP methods. Moreover, since the channel
attention module is generally placed after the normalization layer, we can also
take batch normalization BN as an example, i.e.,

BN(x; γ, β)⊙ vψ,θ =
(x− µ)⊙ γ ⊙ vψ,θ

σ
+ β ⊙ vψ,θ

= BN(x; γ ⊙ vψ,θ, β ⊙ vψ,θ),
(7)

where µ, σ, γ, and β are the accumulated mean, standard deviation, and learned
scaling factor and bias of BN, respectively. See the Appendix for more of the
equivalent transformations for other Bθ̂ in proposed ASR.
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4 Experiments

4.1 Implementation details

In this section, we employ various backbone architectures, including vanilla
ResNet [16], VGG [39], ShuffleNetV2 [35], MobileNet [19], ViT [10], RepVGG [9],
and ResNet-ACNet [5]. Additionally, we use SE [20], IE [32, 42], SRM [30],
ECA [43], and SPA [14] as the attention modules in our experiments. We employ
several popular datasets, namely ImageNet [37], STL10 [4], and CIFAR10/100 [29]
in our experiments. Additionally, we use COCO [33] in our style transfer exper-
iments. All experiments are performed using at least 3 runs to ensure statistical
significance. We provide detailed recipes in the Appendix.

For a given attention module κ, it’s not necessary for ASR(κ) to outperform
standalone κ in terms of performance, and see Section 7 (3) for details.

4.2 ASR for various settings

We use the task of image classification to evaluate the capability of ASR applied
in various visual backbones and datasets as shown in Table 2 and Table 3. To
ensure a fair and intuitive comparison, the experimental settings are the same
for the same backbones and all models are trained from scratch. Besides, due to
the consideration of the variety of backbone structures, it’s hard to formulate
the application of ASR uniformly and please see the Appendix for specific details
regarding ASR applied to each backbone.

Table 2: Top-1 accuracy (%) of ASR on ImageNet-1k for models trained without any
external data. ASR (κ) denotes the ASR based on the attention module κ, "params."
represents the parameter size of the model, and "Image size" refers to the size of the
images input into the model. The inference speed and parameter size of models with
and without ASR (κ) are equal.

Model #params. Image size Top-1 acc. Model #params. Image size Top-1 acc.

ResNet34 22M 2242 73.31 ViT-S 22M 2242 80.02
ResNet34+ASR (SE) 22M 2242 74.04 (↑ 0.73) ViT-S+ASR (SE) 22M 2242 80.33 (↑ 0.31)
ResNet34+ASR (ECA) 22M 2242 73.88 (↑ 0.57) ViT-S+ASR (ECA) 22M 2242 80.37 (↑ 0.35)
ResNet34+ASR (SRM) 22M 2242 73.96 (↑ 0.65) ViT-S+ASR (SRM) 22M 2242 80.51 (↑ 0.49)

ResNet50 26M 2242 76.13 ViT-B 86M 2242 81.42
ResNet50+ASR (SE) 26M 2242 76.70 (↑ 0.57) ViT-B+ASR (SE) 86M 2242 82.54 (↑ 1.12)
ResNet50+ASR (ECA) 26M 2242 76.87 (↑ 0.74) ViT-B+ASR (ECA) 86M 2242 82.38 (↑ 0.96)
ResNet50+ASR (SRM) 26M 2242 76.55 (↑ 0.42) ViT-B+ASR (SRM) 86M 2242 82.24 (↑ 0.82)

ResNet101 45M 2242 77.06 ViT-B 86M 3842 82.97
ResNet101+ASR (SE) 45M 2242 77.79 (↑ 0.73) ViT-B+ASR (SE) 86M 3842 83.55 (↑ 0.58)
ResNet101+ASR (ECA) 45M 2242 77.63 (↑ 0.57) ViT-B+ASR (ECA) 86M 3842 83.86 (↑ 0.89)
ResNet101+ASR (SRM) 45M 2242 78.18 (↑ 1.12) ViT-B+ASR (SRM) 86M 3842 83.71 (↑ 0.74)

(1) For various backbones. We first plug our ASR into the widely used model
ResNet [16] and the popular transformer-based model ViT [10], respectively. Ta-
ble 2 shows that, on ImageNet [37], models with ASR achieve better performance
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Table 3: Top-1 accuracy (%) of ASR for various datasets and models. ASR (κ) has
the same inference speed as corresponding backbone.

Model STL10 CIFAR100 CIFAR10 Model STL10 CIFAR100 CIFAR10

ResNet164 82.38 74.32 92.97 ShuffleNetV2 80.34 71.12 91.68
ASR (SE) 83.70 (↑ 1.32) 75.36 (↑ 1.04) 94.47 (↑ 1.50) ASR (SE) 81.46 (↑ 1.12) 71.34 (↑ 0.22) 91.68 (↑ 0.00)
ASR (IE) 85.15 (↑ 2.77) 75.58 (↑ 1.26) 94.39 (↑ 1.42) ASR (IE) 82.83 (↑ 2.49) 71.89 (↑ 0.77) 91.90 (↑ 0.22)
ASR (SRM) 83.76 (↑ 1.38) 75.23 (↑ 0.91) 94.45 (↑ 1.48) ASR (SRM) 81.28 (↑ 0.94) 71.79 (↑ 0.67) 91.69 (↑ 0.01)
ASR (SPA) 83.44 (↑ 1.06) 75.12 (↑ 0.80) 94.65 (↑ 1.68) ASR (SPA) 82.15 (↑ 1.81) 72.05 (↑ 0.93) 91.71 (↑ 0.03)

VGG19 79.23 72.48 93.15 MobileNet 80.35 66.87 90.97
ASR (SE) 79.95 (↑ 0.72) 73.37 (↑ 0.89) 93.98 (↑ 0.83) ASR (SE) 81.18 (↑ 0.83) 68.91 (↑ 2.04) 91.48 (↑ 0.51)
ASR (IE) 80.48 (↑ 1.25) 73.41 (↑ 0.93) 93.55 (↑ 0.40) ASR (IE) 81.38 (↑ 1.03) 69.45 (↑ 2.58) 91.30 (↑ 0.33)
ASR (SRM) 80.35 (↑ 1.12) 73.33 (↑ 0.85) 93.60 (↑ 0.45) ASR (SRM) 81.51 (↑ 1.16) 69.04 (↑ 2.17) 91.09 (↑ 0.12)
ASR (SPA) 80.23 (↑ 1.00) 73.38 (↑ 0.90) 93.79 (↑ 0.64) ASR (SPA) 81.35 (↑ 1.00) 68.56 (↑ 1.69) 91.36 (↑ 0.39)
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Fig. 3: Comparison between attention modules and their ASR in the inference phase
on ResNet164 and CIFAR100. The inference speed and #params. of models with ASR
are comparable to those of vanilla models, yet have better performance.

than baselines, showing max improvements of 1.12%, 0.96%, and 1.12% in accu-
racy across ASR (SE), ASR (ECA), and ASR (SRM). Besides, we explore the
performance of ASR on deeper models ResNet164 and lightweight models like
MobileNet [19]. Table 3 indicates that ASR has the ability to generally improve
model performance.
(2) For various datasets. We evaluate the performance of ASR across com-
monly used datasets to demonstrate its applicability, including ImageNet [37] in
Table 2, STL10 [4], CIFAR10 and CIFAR100 [29] in Table 3. The results indi-
cate that ASR is capable of improving the performance of various backbones on
various datasets.
(3) For other tasks. We consider instance segmentation and object detection
tasks on Mask R-CNN and COCO2017 dataset. First, using pre-trained models
from well-known third-party GitHub repositories (PytorchInsight & ECANet),
Fig. 4 visualizes the Stripe Observation of instance segmentation and object de-
tection for first attention module under different settings, illustrating the repro-
ducibility and generality of this phenomenon. Moreover, Table 5 further shows
the effectiveness of ASR on these tasks under COCO2017 and Mask R-CNN.
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Table 4: The experiments about the compatibility of ASR for existing attention mod-
ules. Given an attention module κ, "w/o ASR" means the backbone with only κ. "w/
ASR" denotes the backbone with both κ and ASR (κ). ‡ We have repeated five runs for
SPA on STL10. Although its performance is relatively low compared to other modules,
it still demonstrates the effectiveness of ASR.

STL10 CIFAR100 STL10 CIFAR100

κ w/o ASR w/ ASR w/o ASR w/ ASR κ w/o ASR w/ ASR w/o ASR w/ ASR

R
es

N
et

83

SE 84.21 85.51 (↑ 1.30) 74.62 75.87 (↑ 1.25)

R
es

N
et

16
4 SE 83.81 86.41 (↑ 2.60) 75.29 77.32 (↑ 2.03)

IE 84.03 85.70 (↑ 1.67) 74.74 75.57 (↑ 0.83) IE 84.69 85.99 (↑ 1.30) 75.78 76.20 (↑ 0.42)
SRM 82.09 84.83 (↑ 2.74) 75.38 75.78 (↑ 0.40) SRM 84.85 85.20 (↑ 0.35) 75.32 77.18 (↑ 1.86)
SPA 77.54‡ 80.88 (↑ 3.34) 74.64 74.92 (↑ 0.28) SPA 75.33‡ 79.61 (↑ 4.28) 75.48 77.25 (↑ 1.77)
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Fig. 4: Stripe Observation in other tasks (zoom in for best view).

(4) No burden on inference efficiency. More importantly, as an attention-
alike method, the performance of ASR is equivalent to or exceeds that of the
original attention modules, and is consistent with the vanilla models in terms
of parameter size and inference speed as shown in Fig. 3. With an appropriate
attention module, ASR can even outperform the attention modules in terms of
accuracy for the reason that by learning constant attention that represents a
learned average response, it has the potential to mitigate negative interference
from the input and achieve better overall performance in an averaged sense.

In summary, ASR relies on straightforward attention modules to enhance the
performance of various models across diverse datasets without any elaborated
model crafting. Furthermore, thanks to the design of structural reparameteriza-
tion, ASR improves performance without any extra burden during the inference
phase. Noting that we only choose simple attention modules as the training
structure for SRP to showcase ASR’s effectiveness in our experiments, ASR ex-
hibits robust scalability and can be extended to incorporate diverse attention
modules, having the potential for further enhancing model performance.

4.3 The compatibility of ASR

In this section, we further investigate the compatibility of ASR with other at-
tention modules and SRP methods.
(1) ASR for existing attention modules. As shown in Fig. 2, ASR is an
attention-like mechanism. It is natural to wonder whether ASR is compatible
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Table 5: The result of instance segmentation and object detection on Mask R-CNN and
COCO2017. For given attention module κ, ASR(κ) performs comparably to standalone
κ without any additional inference cost. It’s not necessary for ASR(κ) to outperform
standalone κ in terms of performance, see Section 7 (3) for details.

Segmentation AP Segmentation AP Detection AP Detection AP

ResNet50 34.0 ResNet101 35.6 ResNet50 37.3 ResNet101 39.0

+SE 35.2 +SE 36.8 +SE 38.4 +SE 40.5
+ASR (SE) 35.1 (↑ 1.1) +ASR (SE) 37.0 (↑ 1.4) +ASR (SE) 38.1 (↑ 0.8) +ASR (SE) 40.2 (↑ 1.2)
+ASR (SE) + SE 35.7 (↑ 1.7) +ASR (SE) + SE 37.3 (↑ 1.7) +ASR (SE) + SE 38.9 (↑ 1.6) +ASR (SE) + SE 40.9 (↑ 1.9)

+ECA 35.4 +ECA 37.1 +ECA 38.8 +ECA 40.7
+ASR (ECA) 35.6 (↑ 1.6) +ASR (ECA) 36.8 (↑ 1.2) +ASR (ECA) 38.6 (↑ 1.3) +ASR (ECA) 40.5 (↑ 1.5)
+ASR (ECA) + ECA 35.8 (↑ 1.8) +ASR (ECA) + ECA 37.4 (↑ 1.8) +ASR (ECA) + ECA 39.1 (↑ 1.8) +ASR (ECA) + ECA 41.1 (↑ 2.1)

Table 6: Top-1 accuracy (%) of ASR (SE) applied to well-known SRP methods
RepVGG [9] and ACNet [5]. RepVGGA0 and RepVGGB3 are RepVGG models with
different layers of each stage and multipliers [9]. ‡ We follow the settings of ResNet
in the official code of ACNet, which have different layers of each stage and design
(basic-block) compared to the ResNet in Table 3.

Model STL10 CIFAR100

RepVGGA0 83.48 68.80
RepVGGA0-ASR (SE) 84.01 (↑ 0.53) 69.38 (↑ 0.58)

RepVGGB3 87.05 76.70
RepVGGB3-ASR (SE) 88.29 (↑ 1.24) 77.42 (↑ 0.72)

ResNet56 ‡ 82.25 70.67
ResNet56-ACNet 83.11 (↑ 0.86) 71.42 (↑ 0.75)
ResNet56-ACNet-ASR (SE) 84.79 (↑ 2.54) 71.81 (↑ 1.14)

ResNet110 ‡ 82.02 72.60
ResNet110-ACNet 83.54 (↑ 1.52) 73.01 (↑ 0.41)
ResNet110-ACNet-ASR (SE) 86.13 (↑ 4.11) 73.46 (↑ 0.86)

with DNNs that already incorporate attention modules. To investigate this, we
conduct experiments as shown in Table 4, and find that ASR significantly im-
proves the performance of DNNs that have attention modules. The SPA’s low
acc. on STL-10 isn’t our issue (our settings are fair and repeated five run), and
Table 4 shows even in this case ASR still works to boost SPA which further
shows ASR’s effectiveness.
(2) ASR for existing SRP methods. As a type of SRP, we also investi-
gate the compatibility of ASR with other SRP methods. Specifically, we select
RepVGG [9] and ACNet [5], which employ SRP in different ways and evaluate
their performance with and without ASR (SE) as presented in Table 6. The
results indicate that ASR is compatible with and can further improve the per-
formance of SRP.

In conclusion, the experiments conducted in this section highlight that ASR,
as a highly scalable SRP method, possesses the ability to not only improve the
performance of visual backbone networks without any extra costs during infer-
ence but also to seamlessly integrate with homogeneous methods like attention
modules and other SRP techniques.
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Table 7: Top-1 accuracy (%) of ResNet164 on CIFAR100. δ represents the number
of ASR inserted at model’s the same positions. Bold and underline indicate the best
results and the second best results, respectively.

Module δ = 1 δ = 2 δ = 3 δ = 4 Module δ = 1 δ = 2 δ = 3 δ = 4

ASR (SE) 75.36 75.87 75.72 75.22 ASR (SRM) 75.23 75.45 75.61 75.11
ASR (IE) 75.58 75.71 75.45 74.56 ASR (SPA) 75.12 75.43 75.81 75.62

5 Ablation study

(1) About multiple uses of ASR. Since ASR can eliminate the extra pa-
rameter and computation cost of the attention modules in the backbones during
inference, theoretically, there will be no extra cost in the inference stage no
matter how many times ASR is used for attention module re-parameterization.
Therefore, we explore the optimal frequency denoted as δ of ASR on the model’s
performance. As shown in Table 7, the performance of the model increases
first and then decreases with the increase of δ. This phenomenon suggests that
ASR can further enhance the performance of the network that has already been
trained with ASR, but δ cannot be too large. This is because, in general, the out-
put of the attention module goes through a Sigmoid activation function, whose
each value is not large than 1. If δ is too large, the backbone network’s feature
map will become small in value due to being multiplied by too many of these vec-
tors, affecting the model’s training and information forwarding. Moreover, when
δ is larger, the computational cost of training increases. Therefore, we generally
choose δ = 1 in all experiments.

Table 8: ResNet164-ASR without learnable input ψ on CIFAR100. Ci and Ni denote
the initialization of unlearnable ψ. Ci means that the all elements of ψ are constant i
and Ni means that ψ samples from the normal distribution N(0, i2Idim(ψ)).

Module Ours C0.1 C0.3 C0.5 N0.1 N0.3 N0.5

ASR (SE) 75.36 75.18 75.09 75.07 74.56 75.02 74.93
ASR (IE) 75.58 75.24 75.11 75.14 75.36 75.17 75.47

(2) About the learnable input ψ. We discuss the importance of the learn-
able input ψ for ASR. From the ASR paradigm, we verify the performance when
ψ is a unlearnable constant Ci or Ni, where Ci means that the all elements
of ψ are constant i and Ni means that ψ samples from the normal distribu-
tion N(0, i2Idim(ψ)). The results are shown in Table 8, where we can find the
performance with constant ψ is weaker relative to the learnable one, while the
performance seems good when C0.1. Therefore, in the experiments of this paper
ψ are initialized with C0.1, and results about other initializations can be found
in the Appendix.
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Source Style w/ batch noise [BN] w/o batch noise [IN] w/ batch noise [BN+ASR (SE)]

Fig. 5: The results about the batch noise attack. "BN" denotes batch normalization
and "IN" represents instance normalization. Batch noise severely disrupts the results
of style transfer. However, even with batch noise present in BN+ASR (SE), it can yield
style transfer results comparable to IN without any batch noise, indicating that
the proposed ASR can effectively enhance model robustness to mitigate the impact of
noise. Zoom in for the best view and see Appendix for more results.

6 Analysis

(1) Why the attention values approach some constant vectors? In the
introduction, we observe Stripe Observation consistently across a wide range of
experimental settings. This phenomenon is intriguing and although not easily
explained by theory, it appears empirically reasonable.

For image classification, given a dataset D, certain priors such as location
and color priors exist in D and they have a significant impact on neural network
learning, especially for attention networks that excel at capturing inductive bi-
ases. The attention mechanism adaptively adjusts the weights of feature maps
to extract key information and suppress irrelevant information, which can be vi-
sualized through Grad-CAM [38]. Specifically, we use the pre-trained SENet [20]
and SRMNet [30] as backbones and randomly sample 500 images from the STL10
and ImageNet datasets, and measure the average attention visualizations (us-
ing Grad-CAM) of these images under the given backbones, as shown in Fig. 6.
We find that the regions of interest identified by the network tend to be biased
toward the center of the images in all visualizations. This is because in the shoot-
ing or annotation process of these datasets, the target object y was inherently
present in the salient location of the image (close to the center), or else the image
would not be labeled with the corresponding label of y. Therefore, intuitively,
the existence of a series of constant "attention" values that satisfy certain priors
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(a) SE-STL10 (b) SE-ImageNet (c) SRM-STL10 (d) SRM-ImageNet

Fig. 6: Average attention visualizations (using Grad-CAM [38]) on image classification
task. Brighter regions indicate the areas that capture more attention from the model.

Table 9: Top-1 Accuracy (%) of vanilla ResNet164 (Origin) and ASR-enhanced
ResNet164 on CIFAR100 under constant or random noise attack. σ refers to the vari-
ance of the normal distribution used to generate random noise.

(Na, Nb) Origin ASR (SE) ASR (IE) ASR (SRM)

(1.0,0.0) 74.32 75.36 (↑ 1.04) 75.58 (↑ 1.26) 75.23 (↑ 0.91)
(0.8,0.8) 45.42 68.81 (↑ 23.39) 69.85 (↑ 24.43) 69.57 (↑ 24.15)
(0.8,0.5) 46.10 71.13 (↑ 25.03) 72.38 (↑ 26.28) 71.69 (↑ 25.59)
(0.5,0.5) 35.77 72.18 (↑ 36.41) 72.69 (↑ 36.92) 71.85 (↑ 36.08)
(0.5,0.2) 73.10 74.48 (↑ 1.38) 75.36 (↑ 2.26) 75.02 (↑ 1.92)

of the network is reasonable, and these constant vectors can be regarded as the
average embodiment of certain priors in D.

For other tasks, like instance segmentation and object detection, due to the
nature of their tasks, their spatial priors differ significantly from image classi-
fication, meaning their labels may not necessarily be concentrated around the
center of the image. However, as observed in Section 4.2, these tasks also exhibit
the Stripe Observation. Therefore, we believe that for these high-level tasks, the
constant vectors learned by the attention module possess high-level average pri-
ors, albeit not easily visualizable. In the future, it’s worth exploring the learned
priors in greater detail across different tasks.
(2) Why does ASR work? ASR generates constant vectors through the at-
tention module to help the training of DNNs, and we find that these constant
vectors from ASR can regulate the noise to enhance the robustness of DNNs and
help model training.

We conduct experiments on different types of noise attacks to empirically ver-
ify the ability of ASR in regulating noise to improve model robustness, including
batch noise and constant noise. First, We consider the style transfer task, which
generally adopts the instance normalization (IN) without batch noise, rather
than BN, as adding batch noise would significantly reduce the quality of gener-
ated images due to noise interference. As shown in Fig. 5, ASR can significantly
alleviate the adverse effects of noise when batch noise is introduced, resulting in
image quality comparable to that of IN without batch noise.

Next, we examine constant noise, following the settings in [32], we inject noise
Na and Nb in each BN layer of ResNet164, i.e., BN(x; γ, β) = [x−µσ ⊙Na+Nb]⊙
γ + β. As shown in Table 9, the noise have a large impact on neural network
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training. However, compared with the original network, ASR can significantly
mitigate the performance loss suffered by the model.

7 Discussion

(1) Limitation of proposed ASR. ASR is inspired by the intriguing Stripe
Observation, which reveals that the channel attention values corresponding to
any input in the dataset approach to some constant vectors after neural network
training. However, this observation does not hold for other types of attention,
like spatial attention (see Appendix). These types of attention have individual
attention maps for different inputs, which means that ASR may not be directly
transferable to their corresponding attention modules. Further details and com-
parisons can be found in the Appendix.
(2) It’s not necessary for ASR(κ) to outperform standalone κ.

– ASR can use a stronger κ. ASR(κ) has the same structure as backbone
and can be paired with other strong κ to get better performance. For in-
stance, in Table 3 and 4, ResNet164 on CIFAR100 exhibits a standalone
SRM acc. of 75.38, surpassing ASR(SRM) at 75.23. However, employing IE
allows ASR(IE) with 75.58 acc. to surpass standalone SRM, while maintain-
ing the same network structure and inference speed as Org’s.

– ASR is compatible with various powerful SRP methods. We have
shown that ASR can be compatible with various SRP methods (Table 6)
and even itself (Table 7). Hence, ASR can be combined with various powerful
SRP methods to achieve stronger performance while maintaining the same
network structure as Org. For example, ACNet+ASR(SRM) can reach 75.88,
surpassing the standalone SRM performance of 75.38.

– ASR is generic boosting method. Although ASR(κ) may not awalys
surpass the performance of standalone κ, it can enhance κ such that ASR(κ)
+ κ surpasses standalone κ under the same computational cost. The Table 4
and Table 5 provide the details.

8 Conclusion

In this paper, we introduce a novel attention-alike structural re-parameterization
(ASR) method, tailored for the attention mechanism, which enables effective
interconversion between different network architectures. Our discovery of the
Stripe Observation provides new insights into the channel attention mechanism
from a statistical perspective, leading to the development of ASR. Extensive
experiments demonstrate that ASR can improve model performance without
any extra inference cost. We have also provided experimental evidence for
the compatibility, effectiveness, and robustness of ASR, making it a promising
approach for practical applications.
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