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Abstract

approximate solution with few iterations, e.g., no more than
5 iterations in our method.
FP of Pre-normalization. Since Newton-Schulz iteration
only converge locally, to guarantee the convergence, we
pre-normalize Σ ﬁrst via

In this supplementary ﬁle, we ﬁrst give more details
about the forward propagation (FP) and backward propagatio (BP) of covariance normalization. Then we provide the convergence analysis of some very deep networks
to verify the effectiveness of the proposed non-locally enhanced residual group (NLRG) structure. Meanwhile, we
provide more comparison results with the state-of-the-art
CNN-based SR methods under the Bicubic (BI) degradation
model. All quantitative results are evaluated in terms of
PSNR and SSIM metrics.

 =
Σ

FP of Newton-Schulz Iteration. Traditional convariance
normalization relies heavily on EIG, which is however not
well supported on GPU platform, thus leading to inefﬁcient
training. As explored in [7], we also relied on NewtonSchulz iteration to speed up the computation of covariance
normalization. Given Y0 = Σ, Z0 = I, for n = 1, · · · , N ,
the Newton-Schulz iteration is then updated alternately as
follows:

BP of Post-compensation. Given L the loss function and
∂L
 , then the chain rule can be formulated as
∂Y
tr((

= 12 Yn−1 (3I − Zn−1 Yn−1 ),
= 12 (3I − Zn−1 Yn−1 )Zn−1 .

(2)

C
where tr(Σ) = i λi denotes the trace of Σ. In such case,
it can be inferred that the ||Σ − I||2 equals to the largest
singular value of (Σ − I), i.e., 1 − λiλi ) less than 1, which
i
thus satisﬁes the convergence condition.
FP of Post-compensation. After Newton-Schulz iteration,
we apply a post-compensation procedure to compensate the
data magnitude caused by pre-normalization, thus producing the ﬁnal normalized covariance matrix

 = tr(Σ)YN .
(3)
Y

1. FP and BP of Covariance Normalization
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 is variation of Y.
 After some simpliﬁcations, we
where dY
can obtain
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After enough iterations, Yn and Zn quadratically converges
to Y and Y−1 . Such iterative operation is suitable for parallel implementation on GPU. In practice, one can achieve
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BP of Newton-Schulz iteration. The next step is to com∂L
and
pute the derivatives of the loss function L w.r.t. ∂Y
n
∂L
∂L
∂L
,
n
=
N
−
1,
·
·
·
,
1,
with
obtained
and
=
0.
∂Zn
∂YN
∂ZN
1

Since Σ is symmetric, it can be easily inferred that Yn and
Zn are also symmetric. Based on chain rules of BP and after
some simpliﬁcations, n = N, · · · , 2, we can have

The last step of this layer is associated with the partial
derivative w.r.t. ∂∂L
 , which can be formulated as
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BP of Pre-normalization. From Eqn. (3), we can see that
we also need to compute the gradient of the L w.r.t. Σ,
backpropagated from the post-compensation layer. Based
∂L
can be easily inferred. More details can be
on Eqn. (3), ∂Σ
 and after some
seen in the supplementary ﬁle. Σ = tr(Σ)Σ,
manipulations and we can thus obtain similar formulations:
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∂L
Based on ∂Σ
obtained, the gradient of the loss function
L w.r.t. the input X can be easily derived as follows:
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2. Experiments
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Figure 1. Convergence analysis on four variants of our proposed
non-locally enhanced residual group (NLRG). All the four networks contain 20 residual groups (RG) and 10 residual blocks in
each RG, thus producing over 400 residual blocks. The green line
(NLRG Base) denotes the NLRG structure with skip connections
at the tail of each RG. In contrast, the blue lines (NLRG SSC) denotes the each RG is connected through share-source skip connections (SSC). Based on NLRG SSC, the black line (NLRG FOCA)
denotes the NLRG contains ﬁrst-order channel attention (FOCA)
in each RG. The red line (NLRG SOCA) denotes the the NLRG
contains our proposed second-order channel attention (SOCA) in
each RG. The curves report PSNR values on Set5 (2×) in 50
epochs.

2.1. Convergence Analysis
We conduct experiments about convergence analysis
of our non-locally enhanced residual group (NLRG). As
shown in Fig. 1, The green line (NLRG Base) denotes
the NLRG structure with only one skip connection at the
tail of each RG. In contrast, the blue lines (NLRG SSC)
denotes the each RG is connected through share-source
skip connections (SSC). Based on NLRG SSC, the black
line (NLRG FOCA) denotes the NLRG contains ﬁrstorder channel attention (FOCA) in each RG. The red
line (NLRG SOCA) denotes the our proposed NLRG with
second-order channel attention (SOCA) in each RG. All
these four networks are trained from scratch. From Fig. 1
we can have some observations:

(1). Share-source skip connection plays a key role in
the training of very deep CNN-based SR methods. We
can see that NLRG Base and NLRG SSC both start at a
relatively low performance, and gradually converge to the
stable performance. With the increase of training epochs,
NLRG SSC would outperform NLRG Base. This is mainly
because the NLRG SSC could allow more abundant LR information to be bypassed through share-source skip connections, which shows the effectiveness of the share-source
skip connections.
(2). Channel attention is also important for further improving better SR performance. NLRG with ﬁrst-order
channel attention (NLRG FOCA) or with second-order

channel attention (NLRG SOCA) both produce more stable PSNR curves and outperform NLRG Base after some
training epochs. The main reason is that channel attention
exploits channel statistics among channels, thus enhancing
the discriminative ability of the network.
(3). Second-order channel attention (SOCA) plays a
more signiﬁcant role in the training of deep networks.
We can observe that the proposed NLRG SOCA obtains
the best performance. Speciﬁcally, it starts a relatively
high and stable performance and converges faster than
NLRG FOCA, NLRG SSC and NLRG Base. These improvements mainly come from our proposed SOCA module, which exploits channel-wise feature statistics higher
than ﬁrst-order.
In summary, to build a deep trainable network for image
SR, our NLRG structure plus share-source skip connections
and second-order channel attention is a proper choice. The
following experiments further demonstrate the effectiveness
of our proposed non-locally enhanced attention networks
(SAN).

2.2. Visual Results with Bicubic Degradation (BI)
For visual quality, We compare our SAN with several
state-of-the-art CNN-based SR methods: SRCNN [2], FSRCNN [3], VDSR [5], LapSRN [6], EDSR [8], SRMD [9],
DBPN [4], RDN [11] and RCAN [10]. As shown in Figs. 23, we can see that the early developed methods, such as SRCNN, VDSR, and LapSRN fail to restore the main structures and even produce blurry outputs, while RCAN and
our SAN can output more faithful results. Compared with
RCAN, our SAN can recover more image details.
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Figure 2. Visual comparison for 4× SR with BI model on Urban100 and Manga109 datasets. The best results are highlighted
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Figure 3. Visual comparison for 4× SR with BI model on Urban100 dataset. The best results are highlighted

