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ABSTRACT

The hybrid model of self-attention and convolution is one of the methods to
lighten ViT. The quadratic computational complexity of self-attention with re-
spect to token length limits the efficiency of ViT on edge devices. We propose
a self-attention approximation without training parameters, called SPSA, which
captures global spatial features with linear complexity. To verify the effectiveness
of SPSA combined with convolution, we conduct extensive experiments on image
classification and object detection tasks. The source code is available at SPSA.

1 INTRODUCTION
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Figure 1: Illustration of simple parameter-free self-attention approximation.

Recently, hybrid models of convolution and self-attention have emerged as an important approach
to apply ViT (Kolesnikov et al.l[2021) to edge devices (Li et al., [2022; Maaz et al.,|2022). We pro-
pose a parameter-free self-attention approximation, called SPSA, which is extremely simple and has
linear computational complexity. The paper aims to present a new form of global spatial attention
that inspires researchers to design new lightweight CNN-ViT hybrid networks. Based on this, we
experimentally validate the feasibility of combining SPSA with convolution taking the well-known
channel attention as the performance benchmark. To demonstrate the effectiveness of SPSA as spa-
tial attention, we explore the generalizability of the fusion of SPSA and different channel attention.

2  METHOD

Fig. [1] illustrates SPSA. Given an input X e R XWXC, we implement global average pooling
(GAP) to obtain the key vector k, i.e., k = W 7 Zl 1,j=1 X;jand k € R€. The matrices Q and

V are generated using identical mappings, i.e., @ = V = X. According to Eq. (I)), SPSA uses the
cross-correlation coefficient to evaluate the similarity between each location in query (Q and key k.

S [Qeri — Qlks — K]
VECL Qi — QP [k — )

The weight matrix A is get by subtracting the normalized Cgy, from 1 (reverse operation), i.e,
A= (1-0(Cqx))", where o(-) is a Sigmoid function, the exponent « is used to enhance feature

CQk =

(D
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expression. Finally, A € RW > 1 jg expanded along the channel to the size of V, and the output
Xout is the Hadamard product of A and V, i.e., X,,; = expand(A) o V. Inspired by self-attention,
multi-head SPSA is calculated in sub-channels to enhance the expression of feature subspaces.

Obviously, SPSA has a linear complexity O(N) to the number of pixels and has no learnable param-
eters. Importantly, SPSA gives different attention to the global spatial content and is competent for
the approximation of self-attention. If you are interested, we explain the code, the cross-correlation
coefficient, the reverse operation and the computational complexity in detail in the appendix.

Table 1: Classification results on ImageNet-1k. Table 2: Object detection results on COCO 2017.

Method +Param. FLOPs Inference Top-1 Method +Param. FLOPs AP APsy AP:s
ResNet-50 0 4.11G 1879 7728 Faster-RCNN

+SE 25IM 412G 1510 7786 Tponeiso 0 20707 364 582 392
+CBAM 25IM 412G 1286 7824 op 25IM 20718 377 60.1 409
+GSoPNetl  273M  6.39G 1359 7901 L pca %0 50718 380 €06 409
+ AANet 0.24M 415G - 7170 L pCA 25IM  207.18 390 611 423
+ECA 80 4.12G 1769 77.99 | gpsA 0 207.07 390 603 422
+FCA 2.5IM 412G 1453 7857 | SPSA-SE 25IM  207.18 395 612 429
+SPSA 0 4.11G 1644 78.08 | SPSA-ECA 80 207.18 393 612  42.6

+ SPSA-SE 251IM 412G 1410 78.31 +SPSA-FCA  251M  207.18 394 61.0 426
+ SPSA-ECA 80 4.12G 1442 78.25

+SPSA-FCA  25IM 412G 1256  78.69  ResNet10l 0 28314 387 606 419
+SE 474M 28333 396 620 @ 43.1
ResNet-101 0 7.83G 1129 78.72 +ECA 165 28332 403 629  44.0
+SE 474M  7.85G 960 79.19 +FCA 474M 28333 412 633 446
+ AANet 0.85M  8.05G - 78.70 + SPSA 0 28314 412 625 450
+ECA 165 7.84G 1003 79.09 + SPSA-SE 474M 28333 413 628 452
+FCA 474M  7.85G 933 79.63 + SPSA-ECA 165 28332 41.6 627 453
+ SPSA 0 7.83G 968 79.42 + SPSA-FCA 4.74M 283.33 415 62.8 45.2
+ SPSA-SE 474M  7.85G 896 79.60 Mask.RCNN
+ SPSA-ECA 165 7.84G 934 79.49
+SPSA-FCA  474M  7.85G 808 79.65 ResNet-50 0 260.14 372 589 403
+SE 25IM 26025 387 609 421
ResNet-152 0 11.56G 805 7939 LINL 840M 26854 39.0 61.1 419
+SE 6.58M  11.58G 758 7984 LECA 80 26025 390 613 421
+ AANet L4IM  11.90G - 79.10 +FCA 25IM 26025 403 620  44.1
+ECA 250 11.57G 785 79.86 + SPSA 0 260.14 395 605 431
+FCA 6.58M  11.58G 713 80.02 + SPSA-SE 25IM 26025 405 61.6 44.2
+ SPSA 0 11.56G 764 79.99 + SPSA-ECA 80 26025 40.0 615 436
+SPSA-FCA  25IM 26025 404 617 440
Table 3: SPSA application on other baselines. RetinaNet
ResNet-50 0 23932 356 555 382
Baselines Top-1 Top-5 Mothod Top-1 Top-5 +SE 2.51M 23943 37.1 572 39.9
ResNeXt-50  78.35 94.11 +SPSA 78.89 9447 +ECA 80 23943 373 577 39.6
+ SPSA 0 23932 375 569 399

MobileNetV2  67.09 8792 +SPSA 67.89 88.40 + SPSA-SE 251M 23943 38.6 58.0 412
ShuffleNetV2 6545 86.54 +SPSA 65.87 86.72 + SPSA-ECA 80 23943 382 578 40.6

3 EXPERIMENTS & CONCLUSION

Image classification On ImageNet-1k, we carry out ResNet-SPSA experiments and take other mod-
ules as performance benchmarks, including SE (Hu et al., [2018)), CBAM (Woo et al.,|2018)), GSoP-
Netl (Gao et al.,[2019), AANet (Bello et al.,[2019), ECA (Wang et al., 2020), and FCA (Qin et al.,
2021). As in Table[I} SPSA achieves a better trade-off in accuracy-parameter and accuracy-inference
speed. Admittedly, there is a gap between SPSA and SOTA method, but it decreases as the baseline
increases. SPSA fused with other channel attentions also all achieve better performance, except for
FcaNet which is incompatible with SPSA due to DCT. The results are sufficient to demonstrate the
feasibility of SPSA combined with convolution and its effectiveness as spatial attention. Table [3]
further indicates the generalizability of SPSA to other types of convolutions.

Object Detection In Table 2| we evaluate SPSA using Faster-RCNN (Ren et all [2015), Mask-
RCNN (He et al., 2017) and RetinaNet (Lin et al.l [2017) as detectors and ResNets with FPN as
the backbone. Surprisingly, SPSA achieves almost the same performance as the SOTA method.
Notably, SPSA surpasses NL (Wang et al., 2018), which is also a form of self-attention.

Extensive experiments have demonstrated the feasibility of SPSA as a self-attentive approximation.
We trust that this new form of self-attention will have potential in lightweight CNN-ViT hybrid
models and inspire researchers to apply it to new model designs.



Published as a Tiny Paper at ICLR 2023

URM STATEMENT

Author Yuwen Zhai meets the URM criteria of ICLR 2023 Tiny Papers Track.

REFERENCES

Irwan Bello, Barret Zoph, Ashish Vaswani, Jonathon Shlens, and Quoc V. Le. Attention augmented
convolutional networks. In Proceedings of the IEEE/CVF International Conference on Computer
Vision (ICCV), October 2019.

Kai Chen, Jiaqi Wang, Jiangmiao Pang, Yuhang Cao, Yu Xiong, Xiaoxiao Li, Shuyang Sun, Wansen
Feng, Ziwei Liu, Jiarui Xu, et al. Mmdetection: Open mmlab detection toolbox and benchmark.
arXiv preprint arXiv:1906.07155, 2019.

Zilin Gao, Jiangtao Xie, Qilong Wang, and Peihua Li. Global second-order pooling convolutional
networks. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition (CVPR), pp. 3024-3033, 2019.

Priya Goyal, Piotr Dollér, Ross Girshick, Pieter Noordhuis, Lukasz Wesolowski, Aapo Kyrola, An-
drew Tulloch, Yangqing Jia, and Kaiming He. Accurate, large minibatch sgd: Training imagenet
in 1 hour. arXiv preprint arXiv:1706.02677, 2017.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recog-
nition. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), pp. 770-778, 2016.

Kaiming He, Georgia Gkioxari, Piotr Dollar, and Ross Girshick. Mask r-cnn. In Proceedings of the
IEEE/CVF International Conference on Computer Vision (ICCV), pp. 2961-2969, 2017.

Jie Hu, Li Shen, and Gang Sun. Squeeze-and-excitation networks. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), pp. 7132-7141, 2018.

Alexander Kolesnikov, Alexey Dosovitskiy, Dirk Weissenborn, Georg Heigold, Jakob Uszkoreit,
Lucas Beyer, Matthias Minderer, Mostafa Dehghani, Neil Houlsby, Sylvain Gelly, Thomas Un-
terthiner, and Xiaohua Zhai. An image is worth 16x16 words: Transformers for image recognition
at scale. In International Conference on Learning Representations (ICLR), 2021.

Jiashi Li, Xin Xia, Wei Li, Huixia Li, Xing Wang, Xuefeng Xiao, Rui Wang, Min Zheng, and Xin
Pan. Next-vit: Next generation vision transformer for efficient deployment in realistic industrial
scenarios. arXiv preprint arXiv:2207.05501, 2022.

Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollar. Focal loss for dense
object detection. In Proceedings of the IEEE/CVF International Conference on Computer Vision
(ICCV), pp. 2980-2988, 2017.

Ningning Ma, Xiangyu Zhang, Hai-Tao Zheng, and Jian Sun. Shufflenet v2: Practical guidelines for
efficient cnn architecture design. In Proceedings of the European Cnference on Computer Vision
(ECCV), pp. 116-131, 2018.

Muhammad Maaz, Abdelrahman Shaker, Hisham Cholakkal, Salman Khan, Syed Waqas Zamir,
Rao Muhammad Anwer, and Fahad Shahbaz Khan. Edgenext: Efficiently amalgamated cnn-
transformer architecture for mobile vision applications. In International Workshop on Computa-
tional Aspects of Deep Learning at 17th European Conference on Computer Vision (CADL2022).
Springer, 2022.

Zequn Qin, Pengyi Zhang, Fei Wu, and Xi Li. Fcanet: Frequency channel attention networks. In
Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV), pp. 783—
792, 2021.

Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster r-cnn: Towards real-time object
detection with region proposal networks. In Advances in Neural Information Processing Systems
(NIPS), volume 28, 2015.



Published as a Tiny Paper at ICLR 2023

Mark Sandler, Andrew Howard, Menglong Zhu, Andrey Zhmoginov, and Liang-Chieh Chen. Mo-
bilenetv2: Inverted residuals and linear bottlenecks. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), pp. 4510-4520, 2018.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
L ukasz Kaiser, and Illia Polosukhin. Attention is all you need. In Advances in Neural Infor-
mation Processing Systems (NIPS), volume 30, 2017.

Qilong Wang, Banggu Wu, Pengfei Zhu, Peihua Li, Wangmeng Zuo, and Qinghua Hu. Eca-net: Ef-
ficient channel attention for deep convolutional neural networks. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), 2020.

Xiaolong Wang, Ross Girshick, Abhinav Gupta, and Kaiming He. Non-local neural networks. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
pp. 7794-7803, 2018.

Sanghyun Woo, Jongchan Park, Joon-Young Lee, and In So Kweon. Cbam: Convolutional block
attention module. In Proceedings of the European Conference on Computer Vision (ECCV), pp.
3-19, 2018.

Saining Xie, Ross Girshick, Piotr Dolldr, Zhuowen Tu, and Kaiming He. Aggregated residual trans-
formations for deep neural networks. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 1492-1500, 2017.

A APPENDIX
A.1 CODE OF SPSA

SPSA module is extremely simple to implement. As in Figure[2] we give a reference implementation
of SPSA in PyTorch. Multi-head SPSA simply adds one dimension to the input and adjusts the
dimension index of the calculation.

def SPSA_Attention(x, alpha):
# x: input feature with shape [N,C,H,W]
# alpha: exponent
k = x.mean(dim=[-1, -2]) # N,C,1,1
kd = torch.sqrt((k - k.mean(dim=1)).pow(2).sum(dim=1)) # N,1,1,1
Qd = torch.sqrt((x - x.mean(dim=1)).pow(2).sum(dim=1)) # N,1,H,W

# cross-correlation coefficient matrix C_Qk
C_Qk = (((x - x.mean(dim=1)) * (k - k.mean(dim=1))).sum(dim=1)) / (Qd * kd) # N,1,H,W

# weight matrix
A = (1 - sigmoid(C_Qk)) ** alpha # N,1,H,W

# Hadamard product
out = x ¥ A # N,C,H,W
return out

Figure 2: PyTorch code of the proposed SPSA module

A.2 IMPLEMENTATION DETAILS
A.2.1 IMAGENET-1K

Recall that we compare SPSA with other methods on ImageNet-1k taking ResNet (He et al., [2016)
families as the backbones. We also apply SPSA to MobileNetV2 (Sandler et al., 2018)), Shuf-
fleNetV2 (Ma et al| 2018)) and ResNeXt (Xie et al.l |2017) to verify its generalization. For all
backbone networks, we employ exactly the same data augmentation and hyperparameter settings as
in (He et al |2016) and (Hu et al.l |2018). Specifically, the input images are randomly cropped to
224%224 with random horizontal flipping. We use an SGD optimizer with a momentum of 0.9 and
a weight decay of le-4. The initial learning rate is set to 0.1 for a batch size of 256 (using 4 GPUs
with 64 images per GPU) with the linear scaling rule (Goyal et al.,|2017) and a linear warm-up of 5
epochs. All models are trained within 100 epochs with cosine learning rate decay and label smooth-
ing following FcaNet (Qin et al., [2021). We use the Nvidia APEX mixed precision training toolkit
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for training efficiency. For the testing on the validation set, the shorter side of an input image is first
resized to 256, and a center crop of 224 x 224 is used for evaluation.

A.2.2 MS COCO

We use MMDetection toolkit (Chen et al., 2019) for experiments on MS COCO dataset with the pre-
trained ResNet-50 and ResNet-101 as the backbones for the detector. Specifically, the shorter side
of the input image is resized to 800. The SGD optimizer has a weight decay of le-4, a momentum
of 0.9, and a batch size of 8 (4 GPUs with two images per GPU) within 12 epochs. The learning rate
is initialized to 0.01 and is decreased by the factor of 10 at the 8th and 11th epochs, respectively. In
validation, we report the standard Average Precision (AP) under IOU thresholds ranging from 0.5 to
0.95 in increments of 0.05. We also retain AP scores for small, medium and large objects.

A.3 DISCUSSION OF THE CROSS-CORRELATION COEFFICIENT AND THE COSINE-SIMILARITY

In this subsection we review and discuss the cross-correlation coefficient and the cosine-similarity.
Given two sets of vectors z € RY and y € RV,

Cross-correlation coefficient The population cross-correlation coefficient p, , is defined as the
quotient of the covariance and standard deviation between the two variables.
_covlmy) _ Bl — )y — )] o

Px,y = = s
020y 020y

where cov(z,y) is the covariance of z and y, and o,, o, are the standard deviations of = and y,
respectively. Estimating the covariance and standard deviation of the samples, the sample cross-
correlation coefficient C; , is obtained as:

Cx y = Z?:l (xi — j) (y - g)
I @i -2 X (- 97

where z = L 3" a2, 4 = 137" | y;. In this paper, we use the above equation to evaluate the
pairwise affinity between pixels.

3)

Cosine-similarity According to Euclid’s dot product formula

-y = || |yl cos o, )
the cosine-similarity C'os, , between the two vectors is obtained
n
x- vy
Cosyy = cost = v _ i1 Ll Q)

Iyl /Sy 2, wi?
Comparing Eq. (3) and Eq. (3)) to obtain Eq. (@), it shows that the cross-correlation coefficient is the

cosine-similarity after the data centering process. Therefore, the cross-correlation coefficient is less
sensitive to fluctuations in the data than the cosine-similarity.
n — — — —
_ >im1 (@i — ) (y — 7) _(@-2)-(y—9)
Yy — - _ —
n —\2 n —\2 r—x —
\/21:1 (zi—2)" X (y—9) | Iy =l
Since ||z|| ||y|| in Eq. (5) would complicate the computation, % is used as an alternative in self-
attention mechanism to evaluate the similarity between paired vectors, where d points to the vectors’
dimensions. Eq. shows that for larger values of d, the larger dot product’s magnitude will affect
the similarity representation and push the softmax function to the regions with extremely small
gradients (Vaswani et al.| [2017). To counteract this effect, self-attention scale the dot product by
1

Ja The dot product in self-attention is implemented by highly optimized matrix multiplication

code to achieve high parallelism. In contrast, in SPSA architecture, each position in @ is only
required to match the similarity with a single & vector, which has high parallelism. Therefore, the
cross-correlation coefficient with low sensitivity to data is allowed to be applied as an indicator of
pairwise affinity.

C:c, = COSz—:f,y—g (6)

In addition, we experimentally verified the superiority of the cross-correlation coefficient over the
dot product cosine-similarity in SPSA architecture. We experiment on ImageNet-1k and Mini-
ImageNet datasets by replacing the cross-correlation coefficient with dot product. Table ] demon-
strates that dot product similarity does not work well in SPSA. It shows that using the dot product
to calculate the similarity to assess the affinity between () and vector k is insufficient. The cross-
correlation coefficient is a better choice.
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Table 4: Comparison experiments of different evaluation methods with ResNet50 as baseline.

Method ImageNet-1k (Top-1)  Mini-ImageNet (Top-1)
Baseline 77.28 80.55
Dot product cosine-similarity 75.69 80.32
Cross-correlation coefficient 78.08 81.59

A.4 ANALYSIS OF COMPUTATIONAL COMPLEXITY

Unlike self-attention, query () and value V' of SPSA are obtained utilizing an identical mapping of
X, i.e., Og = Oy = 0. The computational complexity of k£ vector obtained by GAP is

Op = O (HWC). @

We estimate the correlation coefficient matrix Eq. (I) to obtain the computational complexity of
generating the weight A

Ocross = O (HW (C +C?)). @®)
The computational complexity of acting A on V' via the Hadamard product is
Oac = O (HWC). ©)]
Thus, the overall computational complexity of SPSA is
Ospsa = Ok + Ocross + Oaa = O (BHWC + HWC?) . (10)

Compared with self-attention, SPSA has linear complexity for the number of pixels.

A.5 EXPLANATION OF REVERSE OPERATION

(b)

®

Figure 3: ResNet-50 visualization of SPSA module at layer2.3. (a)-(c) with reverse and (d)-(f)
without reverse. (a)(d), (b)(e), and (c)(f), each group represents the input, the attention weight, and
the output of SPSA, respectively.

As described in section 2] SPSA gets the key vector k by the feature map’s global average pooling
(GAP). It causes SPSA to work differently than the intuition that comes from self-attention. Specif-
ically, GAP is challenging to capture the complex information in the feature maps and misses most
of the detailed features 2021). In contrast to the general features in the global scope rep-
resented by GAP, we believe that spatial attention should enhance special features, such as texture
details. Intuitively, enhancing special detail features is helpful for visual recognition tasks. There-
fore, we use the reverse operation to enhance the specificity features rather than features similar to
the k vector generated by GAP.

To intuitively discuss the necessity of the reverse operation in the system, the feature map of SPSA
module is visualized in Fig. 3] Fig. 3] (a) and (d) show the inputs of SPSA module in layer 2.3.
Both are generally similar, and with the network optimized iteratively, the feature maps have the
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same attention to the target and the background. Fig. 3] (b) and (e) show the attention weights
obtained from the cross-correlation calculation in SPSA, which have opposite results. The reverse
operation drives SPSA to focus almost on the object itself, while SPSA without reverse focuses
almost exclusively on the background region. It proves that the reverse operation directly affects the
region of attention of SPSA. Naturally, in Fig. [3[(c) and (f), the final outputs show that the SPSA
without reverse tends to focus on the background. The reversed SPSA drives the network to focus
on the object, which is more beneficial for visual tasks.
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