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Abstract

Thanks to the powerful representation capabilities, transformers have made impres-
sive progress in image restoration. However, existing transformers-based methods
do not carefully consider the particularities of image restoration. In general, im-
age restoration requires that an ideal approach should be translation-invariant to
the degradation, i.e., the undesirable degradation should be removed irrespective
of its position within the image. Furthermore, the local relationships also play
a vital role, which should be faithfully exploited for recovering clean images.
Nevertheless, most transformers either adopt local attention with the fixed local
window strategy or global attention, which unfortunately breaks the translation
invariance and causes huge loss of local relationships. To address these issues, we
propose an elegant stochastic window strategy for transformers. Specifically, we
first introduce the window partition with stochastic shift to replace the original
fixed window partition for training. Then, we design a new layer expectation
propagation algorithm to efficiently approximate the expectation of the induced
stochastic transformer for testing. Our stochastic window transformer not only
enjoys powerful representation but also maintains the desired property of transla-
tion invariance and locality. Experiments validate the stochastic window strategy
consistently improves performance on various image restoration tasks (derain-
ing, denoising and deblurring) by significant margins. The code is available at
https://github.com/jiexiaou/Stoformer.

1 Introduction

Image restoration aims to recover latent clean images from their noise-polluted counterparts, which
lays the foundation for various vision tasks. Generally, image restoration methods should satisfy a
constraint: an ideal approach should remove undesirable degradation irrespective of its position
within the image. In other words, maintaining the translation invariance is the fundamental require-
ment for image restoration, which makes convolutional neural networks (CNNs) well-suited for
this specific vision task [56, 23, 9, 73, 70, 61, 66, 58, 72, 6, 15]. In comparison with multi-layer
perceptrons (MLPs), the distinct characteristics of CNNs [26, 22, 17] are their built-in locality and
weight sharing, resulting in the desirable property of translation invariance. These two priors play
a vital role in image restoration, i.e., pixels within local regions tend to exhibit strong correlations
while translation invariance is one of the desiderata for the potential image restoration method.

On the other hand, transformer-based image restoration methods [2, 54, 33, 63] are not compatible
with the translation invariance and locality. The patterns that transformers adopted for recovering
high-resolution images can be summarized as small patch with global attention (e.g., 48 x 48 for IPT
[2]) and large patch with local attention (e.g., Uformer [54] and SwinIR [33]). Nevertheless, neither
of these two patterns can meet the requirements of translation invariance or locality. Here we detail
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Figure 1: Illustration of broken translation invariance and lost locality of the fixed window strategy.

the latter pattern while the former one is included in the supplemental material. The latter pattern
partitions the feature map into fixed non-overlapped windows and self-attention is restricted inside
these local windows. However, we argue that the fixed partition strategy will break the translation
invariance and further lead to huge loss of local relationships. As shown in Figure 1(a), for the fixed
window partition strategy, translation invariance can only be ensured among specific partitioned
windows (blue windows)” rather than general windows with arbitrary shifts (red windows), which
disagrees with the translation invariance. The reason behind this is that the fixed window partition
imposes the artificial prior to windows with specific shifts, which turns out to break the translation
invariance. Figure 1(b) intuitively illustrates that the fixed window partition cannot capture intact
local relationships. Without loss of generality, we consider the Euclidean distance, based on which
the neighbor space will be the region encompassed by a circle, in 2D plane to measure locality. For
a certain token (central red dot), many tokens (green dots) within its neighbor space (encompassed
by the red circle with radius r) cannot participate in the calculation of self-attention, which leads to
tremendous loss of local relationships. As the neighbor space expands, i.e., increasing radius r, the
loss will be more severe. Figure 1(c) quantitatively depicts the proportion of local relationships that
are captured by the fixed window partition over the total relationships existing in the neighbor space.
Ideally, when the feature map is divided into non-overlapping windows of size S X S, it is expected
that the relationships of token pairs with distance less than S can be faithfully captured. However, we
can observe that there exists significant loss of local relationships even within the neighbor space
whose radius is much smaller than S. A seemingly straightforward solution to this problem is to
adopt the sliding window strategy to scan the whole feature map using the local window like CNNs.
However, this strategy incurs huge overhead in terms of both memory and computing speed.

In this work, we propose a novel stochastic window strategy to impart translation invariance to the
transformer and make it faithfully model local relationships. Specifically, instead of partitioning the
feature map into fixed non-overlapped windows, we choose to cover the whole feature map with a
stochastically shifted window partition (see Figure 2). By introducing stochastic shifts, all windows
are treated equally so that the translation invariance and locality can be ensured. As shown in Figure
1(c), our stochastic window strategy is able to capture complete local relationships until the radius of
neighbor space reaches the window size. It is noteworthy that unlike the sliding window strategy, the
time and memory overhead consumed for training stochastic window transformer is comparable to
the fixed window strategy. For testing, we further design the layer expectation propagation algorithm
to approximately marginalize the stochastic shifts, during which the translation invariance and locality
can also be ensured.

In conclusion, the contributions are threefold:
* We analyze the phenomena of translation invariance breaking and local relationships loss in

existing transformer-based image restoration approaches. To the best of our knowledge, this
is the first work to point out the importance of translation invariance for image restoration.

These windows are processed using shared weights, e.g., Wq, Wk, Wy for @, K, V.



* We propose a new stochastic window strategy, which comprises stochastic windows for train-
ing and layer expectation propagation for testing, to compensate for the broken translation
invariance of transformers and enable them to faithfully model local relationships.

» Extensive experiments on various tasks, e.g., deraining, denoising and deblurrring, validate
that the restoration performance can be consistently improved by equipping our stochastic
window strategy.

2 Related works

Image Restoration. Image Restorationd[/, 11, 5, , 40, 29, 28] aims to restore the

clean image from its degraded version. In recent years remarkable progress against traditional model-
driven methods4, 53, 16] has been achieved due to the development of deep learning technologies
[27], especially CNNsZ6, 22, 17]. Instead of relying on preset image priors, learning based methods
directly learn to project from noisy to clean ones from a large collection of noisy-clean image pairs.
Numerous representative CNNs have sprung up across various classical image restoration tasks,
including image denoising b, 60, 68, 66, 7, 74, 37], image super—resolution R, 6, 15, 20, 79,

image deblurring9, 23, , 43, 47], image deraining4s, 50, , 30, 14], etc.

In general, the translatlon mvanance (derived from weight shanng) and Iocallty have been hard-coded
into the inherent structure of CNNs so that it seems CNNs are well-suited for image restoration tasks.
However, compared with Transformer, CNNs are restricted by their limited exibility.

Vision Transformer. Recently, with great success of transformé, [B] in the NLP eld, Vision
Transformers]0, 48,52, 35,57, 59, 3] have also been prevalent in vision community. ViTJtreated

image patches as token sequence and applied the vanilla transformer on it for image classi cation.
With the goal of bringing in reasonable priors into transformer to improve ef ciency, SWwih [
introduced local window based attention and established a hierarchical architecture. Inspired by the
key insights from high-level vision, a few transformers 3, 54, 63, 55] for low-level vision have

arose. But most of them directly transfer high-level designs (e.g., local attention) into low-level vision
without careful consideration of its particularities. As we discuss above, unlike CNNs, transformers
do not possess the translation invariance and intact locality. In general, low-level tasks usually
require to accomplish pixel-level regression, where more strict locality and translation invariance
are expected. Besides, the CNNs-style sliding window strategy will incur huge burden in terms of
memory and computing speed. Therefore, an ef cient mechanism to remedy the broken translation
invariance and locality of transformer is essential for low-level vision.

3 Stochastic Window Transformer for Image Restoration

Transformers have attained impressive performance for image restoration due to their strong represen-
tation ability. Given the quadratic complexity in both computation and memory usage, transformers for
image restoration tend to employ the local attention. Except for high-ef ciency, local attention should
have been designed to model local relationships. However, as we analyzed before, local attention
breaks the ideal translation invariance and further leads to huge loss

of local relationships. As shown in Figure 2, for a feature map, the

window partition with arbitrary shif ,; ) contains a comparable

guantity of local relationships and implies the translation invariance

among divided windows. In other words, all the window partitions are

equally informative in terms of translation invariance and locality and

should be treated equally. Therefore, it is unreasonable for the xed

window strategy to express in nite favoritism towards the certain

partition (e.g.,(0; 0) or (5; 5)) while simply discarding others. In

this work, we propose the stochastic window strategy, by which all the

window partitions are treated fairly. The network can be trained based

on local attention but with stochastic rather than xed shift. Therefore,

tran_sformer with the sto_chastlcally shlft_ed window can be tralnedlfa}aur e 2: Window partition

ef ciently as the xed window. At test time, we propose the Iay &Lith shift ( ). s is the
expectation propagation algorithm to approximate the expectagﬁgtl al size Bf Igcal window.
of the introduced stochastic shift, which also helps to maintain

desired property of translation invariance and locality.



3.1 Stochastic Window Strategy

Stochastic window strategy aims to impart the translation invariance to transformer and make it
faithfully exploit local relationships. Canonical transformer consists of alternate layers of self-
attention (SA) and MLP. In order to promote ef ciency, transformer tends to employ local window
based attention and shifted window strategy is utilized to allow inter-window connections. Speci cally,
the feature map is partitioned into non-overlapped windows and then SA is computed within local
windows. Suppose the window partition is denotedRay( ;s; n; w), Where size of the local
window iss and shift of the whole window partition is{; ) (see Figure 2). With these notations,

the shifted window transformer can be reformulated as:

z) = SA(Par( x; 1;5:0,0)) + x; 1;
X; =MLP( z) + z;

z+1 = SA(Par( x;;s (1)
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LT + .
5212)) X|y

Xi+1 = MLP( zj41) + Zj41;

wherez; andx, denote the output feature of SA and MLP for layerespectively. To keep notation
uncluttered, we overlook layer normalization in Equation (1). We gure out that all the window
partitions are equally informative and preserving only one con guration each layer will lead to the
broken translation invariance and tremendous loss of locality. The thought of informative equality
among all the window patrtitions leads us to the stochastic window transformer, which is computed
as:

z=SAPar(xi 1;S; b W)+ xi 15 (hi b)) U<s);
X; =MLP( z) + z;

where the set s contains all possible shifts arid{ ) denotes the uniform distribution. Given the
periodicity of the window partitions s can be simpli ed as

<s=[0;::5;8 1] [0;:::;8 1] (3)
where means the Cartesian product. During trainiqg, |,) are treated as i.i.d. random variables
and sampled from the uniform distributid(<s). Suppose the total number of SA layems
stochastic shifts from different layef$ L; \'N)g,N:O ! are deliberately designed to be independent
so that faithful locality and translation invariance can be ensured on layer level. By this treatment,
despite all possible shifts are taken into account for each individual layer, single forward propagation
only requires a set afampledshiftsf( |,; |,)gl, ! so that the stochastic window transformer can
be trained ef ciently. For testing, from Bayesian perspective, stochastic shifts should be averaged
according to their pg)(sterior distribution. Hence, the exact inference procedure is:
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whereF () denotes the function of the overall transformer &hig the uniform distribution. The

derivation of Equation (4) follows( | ; \'N)g,N:0 ! are independent. Apparently, according to Equation

(4), the single exact inference requires forward propagation exponential times so that the compu-
tational overhead of exact inference grows exponentially with the dépthhich is prohibitively
expensive. Consequently, we turn to seek an approximate inference, which should also guarantee
the translation invariance and intact locality, to replace the costly exact inference. Inspired by the
approximation in Dropout/6], we propose the general layer expectation propagation algorithm to
approach the original exact)i?ference process. The layer expectation propagation is formulated as:

7 = SA(Par(x*1;s; hi W)U hi W)+ xi*%
Chi )
= B SAParCs i) ©)
h' w
Xltest = MLP( thest)+ thest:
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Figure 3: (a) The overall architecture of Stoforper(b) the structure of Stoformgy block. StoWin-
MSA is multi-head self-attention with stochastic window partition.

According to Equation (5), the single approximate inference merely requires one forward propaga-
tion of the expected signal, which accelerates inference considerably. We then examine whether
the stochastic window strategy is able to keep the translation invariance and model intact local
relationships.

Translation Invariance. During training, the stochastic window strategy treats arbitrarily shifted
window equally and eliminates the particularity of certain windows introduced by the xed window
partition (blue windows in Figure 1(b)). Therefore, the stochastic window strategy can maintain
the translation invariance during training. For testing, by the layer expectation propagation, each
individual token is able to aggregate information from its neighbor space with shared weights like
CNNs. Consequently, the translation invariance can also be well maintained. We also provide
experimental evidence to support the translation invariance in Section 4.2.

Locality. We have argued that the xed window partition will lead to huge loss of local relationships
since the majority of equally informative window partitions are simply discarded. As shown in Figure
1(b), there exists some token pairs whose distance is small enough but they are not present in the
same local window, which results in tremendous loss of locality. In contrast, with the stochastic
window strategy, the window partition is randomly shifted, which will guarantee that any token pair
will attend in the same window as long as their distance is smaller than the window: giseshown

in Figure 1(c), the stochastic window strategy can capture intact local relationships when the radius
of neighbor space is not larger than window size while the xed window partition suffers from severe
loss of local relationships. For testing, the proposed layer expectation propagation also considers all
the shifted window partitions so that intact locality can be ensured as well.

Implicit Model Ensemble. Compared with the typical xed window strategy (in particular, the
shifted window strategy), we can observe signi cant performance improvements from extensive
experiments. In addition to the explanation from the compensation of the lost local information and
the broken translation invariance, another explanation for performance improvements is that training
with the stochastic window can be seen as training an ensemble of the xed window transformer
implicitly [ 16]. Each self-attention layer containg window partition, which results iw?N possible
network combinations. For each training mini-batch, one ofwA® networks is sampled and

then updated. For testing phase, all the networks are implicitly integrated using the proposed layer
expectation propagation.

3.2 Network Architecture

The proposed stochastic window transformer provides an effective and ef cient way to integrate
the well-acknowledged priors, i.e., locality and translation invariance, into transformer. For image
restoration tasks which require pixel-level regression, faithfully exploiting these priors is especially
important. To validate the effectiveness of the proposed stochastic window strategy, we integrate it
with the widely-used U-shaped architectude,[21]. The resulting transformer, named Stoformer

not only enjoys the intrinsically strong representation ability of Transformer but also maintains the
ideal translation invariance and intact local relationships. Figure 3 illustrates the overall architecture.
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