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Abstract
Residual networks (ResNets) with an identity shortcut have been widely used in various computer vision tasks due to their compelling performance and simple design. In
this paper we revisit ResNet identity shortcut and propose RGSNets which are based on
a new nonlinear ReLU Group Normalization (RG) shortcut, outperforming the existing
ResNet by a relatively large margin. Our work is inspired by previous findings that there
is a trade-off between representational power and gradient stability in deep networks and
that the identity shortcut reduces the representational power. Our proposed nonlinear RG
shortcut can contribute to effectively utilizing the representational power of relatively
shallow networks and outperform much (3 or 4 times) deeper ResNets, which demonstrates the high efficiency of RG shortcut. Moreover, we have explored variations of
RGSNets, and our experimental result shows that Res-RGSNet combining the proposed
RG shortcut with the existing identity shortcut achieves the best performance and is robust to network depth. Our code and models are publicly available on our website.
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Introduction

Visual recognition has been an active research topic in the past few decades [16, 20]. Recently, the research trend has shifted from traditional hand-crafted feature design, such as
SIFT [20] and HOG [3], to feature extraction through deep networks, which has been proven
to outperform hand-crafted features [9, 19, 27]. Numerous techniques have emerged to improve the performance of Deep Neural Networks (DNNs). Among them, two techniques
in particular significantly contributing to the success of DNN are ResNet (identity) shortcut [9, 10] and normalization techniques [14, 34]. Both techniques improve the performance
without (or with negligible) extra parameters or computation. These seminal works led to
c 2019. The copyright of this document resides with its authors.
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numerous follow-ups [1, 34, 36, 37] attempting to perfect their original design. In this paper, we revisit ResNet identity shortcut and propose a nonlinear ReLU Group-Normalization
(RG) shortcut to boost the performance of the widely used ResNet [9].
In the past few years, the trend in deep learning applications is that researchers deploy
widely used networks, such as ResNet, as a backbone structure. Apart from network performance, there are three general concerns for the backbone network choice: computation
time, memory footprint and network simplicity. In other terms, for the same performance,
networks that are fast, small and simple are preferred. In practice, ResNet has almost become the standard DNN for various computer vision applications due to its compelling performance and simple design [9, 11]. DenseNets achieve better performance than ResNets
under the constraint of the same amount of parameters [13]. However, DenseNets generally
require large GPU memory and plenty of computation time for training. GoogleNets [28]
and its variants, such as Inception-v3 [29], show favorable performance but require careful
engineering design and therefore violate the key requirement of simplicity.
Despite numerous implementation differences, such as depth, width and cardinality [10,
36, 37], the ResNet family can be roughly divided into two categories: original ResNet [9]
and preactivation ResNet [10], both of them adopting the identity shortcut. The original
ResNet first proposed residual learning to solve the slow convergence problem in very deep
networks [9]. The preactivation ResNet, then, went further to adopt the approach of a direct
information propagation path in the entire network to exploit the benefit of the identity shortcut in a more direct way [10]. Despite wide popularity, it has been shown that the identity
shortcut, which enables the training of very deep networks, is at the same time a weakness
of ResNets [37]. The weakness is that skip-connection affects residual blocks to learn less
during training and thus reduces the representational power [37]. In this paper, we propose
a new ReLU and Group Normalization (RG) shortcut to get around such “weakness”. Our
approach is mainly inspired by findings in the previous work [22] that there is a trade-off
between representational power and gradient stability.
Previous works, such as WideResNet [37] and ResNeXt [36], mainly focused on designing more efficient ResNet structures by making changes to the residual path. In contrast, our
work focuses on making changes to the shortcut path while preserving the residual path.
Contributions To sum up, our contributions are as follows.
• We propose a simple yet effective nonlinear RG shortcut which alleviates the representational power reducing problem of the identity shortcut in ResNet. Our proposed relatively
shallow RGSNet can outperform much (3 or 4 times) deeper ResNets.
• We explore several variants of RGSNet through extensive experiments on different datasets,
which show that Res-RGSNet performs the best among all the explored models, and is robust to network depth. This empirically indicates that identity shortcut and RG shortcut
are non-exclusive but complement each other to boost network performance.

2

Related works

We propose RGSNet and its variants based on the new RG shortcut. In this section, we
review the findings and understandings of recent works related to our proposed RG shortcut.
Normalization techniques Normalization techniques have been used in numerous applications to facilitate the convergence and improve the performance of DNNs [1, 14, 34].
Batch normalization [14], one milestone technique in DNN, is the most widely used normalization technique in various computer vision tasks. However, it introduces the depen-
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dencies between examples in a minibatch, making it less applicable to noise-sensitive applications [5, 7, 25]. Alternative normalization techniques have been proposed in follow-up
works, such as weight normalization [25], instance normalization [31] and layer normalization [1]. The recently proposed group normalization [34], has achieved comparable performance as batch normalization without normalizing along the batch direction. It has the
advantage of being used for applications with large memory demand [6, 30]. Empirically,
we have found that group normalization is more efficient in the shortcut than batch normalization (see Section 4.1).
ResNet understandings Due to the compelling performance and simple design of ResNets,
many researchers have put efforts to understand its mechanisms [22, 32]. It has been shown
that ResNet behaves as an ensemble of exponentially many shallow networks [32]. Wu et
al. Wu et al. [35] have confirmed this ensemble characteristic while arguing that the number
of shallow networks grows linearly instead of exponentially. Philipp et al. [22] recently have
shown that the success of ResNet lies in solving the exploding gradient problem. Balduzzi
et al. [2] found that ResNet shortcut improves the performance by handling the shattering
gradient problem, demonstrating that the gradient of DNN behaves as noise which can be
suppressed by the ResNet shortcut. Both exploding gradient [22] and shattering gradient [2]
have shown that identity shortcut improves the performance because it improves gradient
stability. On the other hand, Zagoruyko and Komodakis [37] have identified that skipconnection affects residual blocks to learn less during training, which is the weakness of
ResNets (reducing the representational power) [37]. As a result, in DNN there is a trade-off
between preserving representational power1 and improving gradient stability [2, 22, 26, 37].
Trade-off between representational power and gradient stability This trade-off philosophy traces back to one core problem of biological neural networks, widely known as the
plasticity-stability dilemma [21]. More recently, it has been highlighted by [22] that there
is an inherent tension between preserving representational power and avoiding exploding
gradients (gradient stability). The decrease in representational power is related to pseudolinearity [22]. The representational power of DNN has been defined as the non-linearity
that the computed function (DNN) captures [23]. Interestingly, the trade-off is also applied
to the normalization technique [22]. Normalization technique helps optimization through
improving gradient stability [26] and meanwhile limits the network representational power
by discarding the absolute scale of activations [14]. In practice, the downside of less representational power caused by the identity shortcut and normalization does not get much
attention, since the improved stability contributes to superior performance, especially when
the network is very deep. However, it does not mean that gradient stability is more important
than representational power. It has been claimed in [22] that degrading either of them can
severely hamper training.

3

Proposed RG Shortcut

Various shortcut methods, including constant scaling, exclusive gating, shortcut-only gating,
1×1 conv shortcut, dropout shortcut, have been explored in [10]. However, these variations
systematically demonstrate inferior performance compared to the identity shortcut [9, 10].
The reason for the failure of these shortcut methods is that they significantly disrupt information propagation, resulting in low stability. The identity shortcut in ResNet imposes stability
1 The

term "expressive power" instead of "representational power" is used in some works [15, 23]
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on the network through its inherent linearity, while limiting representational power, which
leads to a dilemma situation for the shortcut design. Therefore, we conjecture that a reasonable shortcut design should meet three criteria: (1) the shortcut has non-linear characteristics
but avoids unnecessary information transformation; (2) it should contribute to extra stability
to compensate gradient stability decrease due to the non-linear characteristics of (1). (3) it
should be differentiable for network training and involve minimum engineering effort. Designing a shortcut fulfilling the above criteria is not a trivial task. We come up with a simple
yet intuitive shortcut design: (nonlinear) ReLU activation function + group normalization. The nonlinear activation function ReLU is included to contain nonlinear characteristics
and the normalization serves the purpose to add stability. We employ group normalization as
our choice of normalization after the ReLU to add extra stability. The extra stability might be
due to the fact that group normalization performs normalization along the channel direction,
which is orthogonal to batch direction in batch normalization [34]. This design choice has
been validated by our empirical result as shown in Table 1. For simplicity, we set the hyperparameter G (number of groups) to 32 in our experiments by default as in [34]. When the
width is set to 0.25×, we proportionally scale G to 8. We term a network adopting our RG
shortcut RGSNet. The understanding of the RGSNet will be analyzed based on the comparison with the original ResNet and preactivation ResNet, as shown in Figure 1. To facilitate
the discussion, a general form for the residual unit blocks is applied [10]:
yl = h(xl ) + F(xl ,Wl ) and

xl+1 = f (yl ),

(1)

where F is the residual function and Wl denotes the learnable weights. xl and xl+1 are the
inputs of the l th and (l + 1) th residual units respectively. h and f are the two mapping
functions. Both functions h and f in Eq. 1 are identity mappings in preactivation ResNet [10].
The core idea of preactivation ResNet is to create a direct path for propagating information
through the entire network, which benefits when the network is extremely deep (i.e., more
than 200 layers) [10]. The term “direct" indicates the information has been added without any
modification, which makes the information from the beginning have a direct representation
(path) until the end as shown in Figure 2. For the original ResNet, since the ReLU after
summation becomes less active after some training, it can be roughly seen as an inactive
ReLU, which makes the original ResNet have a pseudo-direct path, which has been analyzed
by [10]. The group normalization in our design can help avoid the problem of inactive ReLU
because group normalization can shift the channel average to around zero by subtracting the
average of its group. Another purpose of this normalization term is to add extra stability to
the network because pure average shifting can make the network unstable. Recognizing the
trade-off between representational power and gradient stability, our RG shortcut intentionally
avoids such a direct path propagation to introduce non-linearity. This RG shortcut still uses
the previous layer information as an identity shortcut but in a fundamentally different way.
Besides the base RGSNet shown in Figure 3 (a), we propose two improved variants of
RGSNets, as shown in Figure 3 (b) and (c). The RGSNet with only one RG shortcut is called
base RGSNet, or simply b-RGS-Net, to differentiate from the two improved variants. The
improved d-RGSNet is proposed by inserting one additional inner RG shortcut. This inner
RG shortcut is added on the Conv (3×3). It can not be added on the Conv (1×1) because
the channel dimension does not match. Since each convolutional block has two shortcuts,
we name it dual-RGSNet, or simply d-RGSNet. Furthermore, by combining the d-RGSNet
with the identity shortcut, we obtain the residual RGSNet, or simply Res-RGSNet.
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Figure 1:
Shortcut schematics:
(a) original
ResNet [9], (b) preactivation ResNet [10], (c) proposed RGSNet.
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Figure 2: Direct path of a preactivation ResNet.

Experiments

We first conduct the ablation studies of the proposed RG shortcut on ImageNet-1K, which is
the benchmark dataset for classification [4]. To show the generalization of the proposed idea
on different datasets, we also perform experiments on CIFAR-100 as well as two common
object detection datasets: PASCAL-VOC 2007 and MS COCO 2014. We then perform extensive ablation studies on CIFAR-100 and show that the proposed RG shortcut outperforms
the identity shortcut for various widths (number of channels) and depths (number of layers),
as well as on the ResNeXt structure. Since depth is one of the main factors that influences
the stability of the network, we performed an additional series of experiments by changing
the (network) depth. All the results in this paper are produced with the PyTorch framework.

4.1

Ablation studies for RG shortcut design

ResNet-50 is one of the most widely used ResNet models and has also become the benchmark ResNet model [11, 33, 34] to evaluate new approaches. In this section, we use it to
conduct ablation studies on ImageNet-1K with the single-crop results on validation dataset
shown in Table 1. The common setup for training on ImageNet is to use 8 GPUs with
batch size of 256, with an initial learning rate of 0.1 which is divided by 10 at every 30
epochs [9, 12, 33]. We train our network on 4 GPUs with a batch size of 128 and accordingly the initial learning is set to 0.05 based on the linear scaling rule [8]. The ablation study
result is shown in Table 1, in which “original" refers to the original ResNet (which is the
same for the following tables), “Preact" refers to the preactivation Resnet, “RBS" refers to
adopting ReLU and batch normalization for the shortcut, “RGS" refers to the base RGSNet,
“GS" refers to that the shortcut is only group normalization without ReLU, “RGB" refers to
RG module put in the bottleneck, or f of Eq. 1 instead of the shortcut.
First, the result shows that the original ResNet achieves comparable (even slightly better)
performance with the preactivation ResNet, which is not surprising as it has been demonstrated in [10] that the preactivation ResNet outperforms the original ResNet only when the
network becomes extremely deep (more than 200 layers). Thus in the remainder of this
paper, our result is only compared with the original ResNet. Table 1 shows that RGSNet
outperforms the original ResNet by a relatively large margin, while RBS performance is
inferior to RGS, indicating that group normalization is a more preferable choice for the nor-
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Figure 3: Proposed RGSNets: (a) b-RGSNet, (b) d-RGSNet, (c) Res-RGSNet.
malization. The comparison between RGS and GS indicates the importance of ReLU in the
shortcut path. Moreover, to validate the importance of group normalization in the position of
the shortcut, we insert group normalization after each ReLU (totally two in F) in the residual
path. The comparison in Table 1 (see 2GN) shows that such design leads to marginal improvement over the original ResNet, implying that group normalization complements batch
normalization originally placed in the residual modules. However still, adding group normalization in the residual path shows less favorable performance compared to inserting it in
the shortcut path. Overall, the above analysis demonstrates that applying the RG shortcut is
an appropriate design for boosting the performance.

4.2

Evaluation of the proposed RGSNets

In this section, we aim to evaluate the proposed base RGSNet and its two variants. We first
perform the evaluation on ImageNet-1K and the results are available in Table 2. It shows that
all the proposed RGSNets outperform the original ResNet, and the proposed Res-RGSNet,
performing the best among all the proposed RGSNets, outperforms original ResNet by a
large margin of 1.60%. To evaluate the robustness of the proposed RGSNets, different widths
and depths are further tested on CIFAR-100 and the results are available in Table 3, where
1× indicates the same width as the classical ResNet50 [9] and 0.25× indicates 0.25 times
of that width. We train for 164 epochs with the learning rate starting from 0.1 and divided
by 10 at 82 and 124 epochs respectively. We set the batch size to 128 and weight decay
to 5e-4. By default, two GPUs are used for the CIFAR-100 experiment unless specified.
Similar to the result on ImageNet, all the proposed RGSNets consistently outperform the
original ResNet, and Res-RGSNet performs the best, followed by the d-RGSNet and the bRGSNet. To further confirm that the proposed RGSNets are robust to different widths, extra
experiments are conducted on ResNet26 and the results are in Table 4. To further prove that
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Arch
Original [9]
Preact [10]
RBS
RGS
GS
RGB
Original (2 GN)*

Top-1 (%)
23.81
23.93
23.72
22.68
23.53
23.07
23.41

Top-5 (%)
7.14
7.13
7.02
6.42
6.67
6.44
6.80

Table 1: Classification error on ImageNet-1K
for ablation study.
Arch
Original
b-RGS
d-RGS
Res-RGS

Top-1 (%)
23.81
22.68
22.40
22.21

Top-5 (%)
7.14
6.42
6.25
5.99

Table 2: Classification error on ImageNet-1K
with different structures.

Arch (width)
Original (1×)
b-RGS (1×)
d-RGS (1×)
Res-RGS (1×)
Original (1×)
b-RGS (1×)
d-RGS (1×)
Res-RGS (1×)
Original (0.25×)
b-RGS (0.25×)
d-RGS (0.25×)
Res-RGS (0.25×)

Layers
ResNet26
ResNet26
ResNet26
ResNet26
ResNet50
ResNet50
ResNet50
ResNet50
ResNet50
ResNet50
ResNet50
ResNet50
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Top-1 (%)
23.17
21.32
20.71
20.49
21.43
20.42
20.00
19.59
26.13
25.40
24.80
23.32

Table 3: Classification error on CIFAR-100
with different widths and depths.

the proposed RGSNets are robust to different structures, we also conduct experiments on
the popular ResNeXT29 (64×8d) [36] and the results are shown in Table 5. All the above
results consistently show that the proposed RGSNets outperform the original ResNet, and the
d-RGSNet consistently perform in between the b-RGSNet and the Res-RGSNet. Therefore,
in this paper we formally propose only two RGSNets: b-RGSNet and Res-RGSNet. In the
next section, we will test their generalization capability on two detection datasets.
Width
0.25×
0.5×
1×
2×

ResNet
27.74
24.41
23.17
22.40

b-RGSNet
26.76
23.34
21.32
20.79

d-RGSNet
26.43
22.91
20.71
20.16

Res-RGS
26.00
22.46
20.49
19.76

Table 4: Classification error (in %) on CIFAR-100
based on ResNet26.

4.3

Arch
Original
b-RGS
d-RGS
Res-RGS

Layers
ResNeXt29
ResNeXt29
ResNeXt29
ResNeXt29

Top-1 (%)
18.34
17.67
17.48
17.37

Table 5: Classification error on
CIFAR-100 based on ResNeXt.
4GPUs are used.

Test on the detection datasets

We evaluate the formally proposed b-RGSNet and Res-RGSNet on two benchmark detection
datasets. First, we conduct experiments on the MS COCO 2014 dataset [17], and the average
mAP over different IoU thresholds is used for evaluation. Similar to [18, 33], our model, with
Faster-RCNN [24] as the detection method, is trained with all the training images as well as
a subset of the validation images, holding out 5,000 examples for validation. The network
is trained for 5 epochs for fast performance validation on one single GPU and the results are
available in Table 6. We further perform experiments on the PASCAL VOC 2007 dataset for
10 epochs for fast convergence and the results are available in Table 7. The experiment result
shows that both the proposed b-RGSNet and Res-RGSNet outperform the original ResNet,
indicating satisfying dataset generalization of the proposed RGSNets.
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4.4

Exploring the effect of depth

Our proposed b-RGSNet outperforms the original ResNet as analyzed in the above sections,
which seems to suggest that the RG shortcut is superior to the existing identity shortcut.
However, this is not always true. As summarized in related works, a trade-off between representational power and gradient stability always exists [22]. Our proposed RG shortcut is
superior to the identity shortcut in the above results because the identity shortcut imposes
strong linearity on the model, reducing the representational power. It can be predicted that
the RG shortcut without strong linearity cannot perform well when the network becomes
very deep. To verify this, we further compare the b-RGSNet and the original ResNet over a
wide range of depths. The result in Table 8 indeed shows that after 38 (or 50) layers, the performance of b-RGSNet begins to decrease. This is not surprising because when the network
goes deep, the stability becomes a more serious concern. Nevertheless, the b-RGSNet with
38 layers achieves comparable performance as that of the original ResNet with 152 layers.
Combining with an identity shortcut is an intuitive way to overcome the limitation of the RG
shortcut. In fact, our proposed Res-RGSNet is inspired by this intuition.
To examine how Res-RGSNet performs for a deep network, we further test it on a wide
range of depths and the results are available in Figure 4. Note that these results are for the
width of 0.25 × to reduce computation cost, different from the depth of 1× in Table 8. The
result indicates that Res-RGSNet behaves similar to original ResNet but with better performance over the whole range. Furthermore, to show that this merit of Res-RGSNet comes
from the identity shortcut instead of the dual RG shortcut as in the d-RGSNet, the result of
d-RGSNet is also presented in Figure 4. It is not surprising that d-RGSNet also suffers from
gradient stability problem despite relatively superior performance compared with b-RGSNet.
We further increase the depth for both ResNet and Res-RGSNet to 200 layers, and the top-1
error of them are 23.74% and 21.30% respectively, which further confirms that Res-RGSNet
is robust to different depths. The result supports that when combined together, nonlinear
RG shortcut and identity shortcut complement each other to improve the performance. The
mechanism how they interact to complement each other will be studied in future work.

4.5

Comparison with SE-ResNet

The above analysis shows that the RG shortcut is superior to the identity shortcut for relatively shallow networks. Furthermore, shallow networks with the RG shortcut achieve
comparable performance to much deeper ResNets. However, the RG shortcut features less
gradient stability compared with the identity shortcut. The Res-RGSNet adopting both RG
shortcut and identity shortcut combines their advantages and achieves a better trade-off of
representational power and gradient stability. Thus Res-RGSNet is the optimal design among
all explored networks. The difference between Res-RGSNet and the original ResNet lies in
that the added RG shortcut module, which improves the representational power. In the reArch
Original
b-RGS
Res-RGS

Layers
ResNet50
ResNet50
ResNet50

mAP.5
51.5
53.2
54.4

mAP.75
33.7
34.8
35.3

mAP [.5, .95]
31.5
32.8
33.4

Table 6: mAP (%) on MS COCO validation dataset.

Arch
Original
b-RGS
Res-RGS

Layers
ResNet50
ResNet50
ResNet50

mAP.5
73.89
74.20
74.59

Table 7: mAP (%) on PASCALVOC-2007 validation dataset.
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Layer
26
32
38
50
62
77
101
152

Layer design
[2, 2, 2, 2]
[2, 3, 3, 2]
[3, 3, 3, 3]
[3, 4, 6, 3]
[3, 4, 10, 3]
[3, 4, 15, 3]
[3, 4, 23, 3]
[3, 8, 36, 3]

original
22.56
22.19
21.72
21.43
21.20
20.91
20.42
20.08

b-RGSNet
20.96
20.45
20.27
20.46
22.13
24.15
25.17
31.59

Arch(width)
original (0.25×)
b-RGS (0.25×)
Res-RGS (0.25×)
SE-ResNet (0.25×)
Res-RGS+SE (0.25×)

44 layers
26.58
25.31
23.80
25.05
23.55
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50 layers
26.13
25.40
23.34
24.76
23.36

Table 9: Classification error (%) on CIFAR100 with different structures (0.25× width).

Table 8: Classification error (%) on CIFAR100 with respect to different number of layers for the width of 1×. 4 GPUs are used.

Classification Top-1 (%)

36
original ResNet
b - RGSNet
d - RGSNet
Res - RGSNet

34
32
30
28
26
24
22

30

40

50

60
70
Layer number

80

90

100

Figure 4: Classification error on CIFAR-100 over a wide range of depths.
cently proposed SE-Net [12] which won the first place of ILSVRC 2017, an attention module
was added to improve network performance through enhancing the representational power.
Thus we further compare our proposed Res-RGSNet with SE-ResNet on both ImageNet
and CIFAR-100. On ImageNet, the top-1 error of SE-ResNet50 we reproduced is 22.92%,
and our proposed Res-RGSNet outperforms it by 0.71%. The result comparison of CIFAR100 is shown in Table 9. The Res-RGSNet achieves noticeably superior performance (more
than 1%) than SE-Net. Moreover, compared with the SE attention module, our proposed RG
module adds almost zero parameters (except those few in the group affine transformation),
making our proposed RG module more favorable. Besides, it is interesting to note that by
adding the SE attention module to our Res-RGSNet, the performance is further improved
by a small margin (0.25%) when the depth is 44 layers. However, such improvement is
absent when the depth increased to 50 layers. The reason could be attributed to the high
representational power that Res-RGSNets already capture.

4.6

Results summary

In the previous sections, we demonstrated the power of the proposed RG shortcut through
extensive experimental studies. In this section, we compare our results with those reported by
previous works. From Table 10, we can observe that Res-RGSNet-50 achieves comparable or
better performance than previous works. Compared with the original ResNet, our proposed
RG shortcut can boost the performance with a negligible amount of additional parameters
and computation burden. Our results on CIFAR-100 are summarized in Table 11. Overall,
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Architecture
ResNet50 [9]
ResNet101 [9]
ResNet152 [9]
WRN-50-2-bottleneck [37]
ResNeXt50, 32×4d [37]
SE-ResNet50 [12]
DenseNet201 [13]
DenseNet264 [13]
b-RGSNet-50
Res-RGSNet-50

#params
25.6M
44.6M
60.2M
68.9M
25M
28.1M
20M
33.3M
25.6M
25.6M

Top-1 (%)
24.01
22.44
22.16
21.9
22.2
23.29
22.58
22.15
22.68
22.21

Top-5 (%)
7.02
6.21
6.16
6.03
6.62
6.34
6.12
6.42
5.99

Table 10: Performance comparison on ImageNet-1K. The results of all the networks (except
our RGSNets) are as reported in the corresponding works.
Architecture
ResNet152 (1×)
Res-RGSNet38 (1×)
ResNet200 (0.25×)
Res-RGSNet50 (0.25×)

Top-1 (%)
20.08
19.98
23.74
23.34

Table 11: Results comparison on CIFAR-100. Res-RGSNets can achieve comparable or
better performance than corresponding 4 times deeper ResNets.

the results show that Res-RGSNets can achieve comparable or better performance than much
deeper ResNets on both ImageNet (152 vs. 50, 3 times deeper) and CIFAR-100 (200 vs. 50,
4 times deeper), which demonstrates the efficiency of the proposed RG shortcut.

5

Conclusion

Motivated by the trade-off between representational power and gradient stability, we propose
RGSNet based on a novel RG shortcut which adds negligible extra parameters and computation time. The experimental results show that relatively shallow RGSNet and its variants
can outperform much deeper ResNets. Especially, Res-RGSNet achieves the most favorable
performance and is robust to depth, which empirically indicates that RG shortcut and identity
shortcut are non-exclusive but complement each other to boost network performance. Our
proposed Res-RGSNet also outperforms SE-ResNet by a relatively large margin, further verifying the efficiency of the proposed RG shortcut. The in-depth analysis of how nonlinear
RG shortcut and identity shortcut interact to complement each other can be an interesting
direction to explore in future research.
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