
Unveiling The Matthew Effect Across Channels:
Assessing Layer Width Sufficiency via Weight Norm

Variance

Yiting Chen, Jiazi Bu, Junchi Yan‡

Dept. of CSE & School of AI & MoE Key Lab of AI, Shanghai Jiao Tong University
{sjtucyt, bujiazi001, yanjunchi}@sjtu.edu.cn

https://github.com/Ytchen981/Channel_Matthew_Effect

Abstract

The trade-off between cost and performance has been a longstanding and critical
issue for deep neural networks. One key factor affecting the computational cost is
the width of each layer. However, in practice, the width of layers in a neural network
is mostly empirically determined. In this paper, we show that a pattern regarding
the variance of weight norm corresponding to different channels can indicate
whether the layer is sufficiently wide and may help us better allocate computational
resources across the layers. Starting from a simple intuition that channels with
larger weights would have larger gradients and the difference in weight norm
enlarges between channels with similar weight, we empirically validate that wide
and narrow layers show two different patterns with experiments across different
data modalities and network architectures. Based on the two different patterns, we
identify three stages during training and explain each stage with corresponding
evidence. We further propose to adjust the width based on the identified pattern
and show that conventional layer width settings for CNNs could be adjusted to
reduce the number of parameters while boosting the performance.

1 Introduction

The cost-accuracy trade-off has been a longstanding and critical issue for deep neural networks. As
one key factor that affects the computational cost, the width of each layer is mostly empirically
determined or extensively searched over an architecture space in neural network architecture search
literature [43, 28]. Despite the research on over-parameterization [24, 23] and empirical evidence [37,
15, 31, 41] showing that the wider network leads to better performance, there are few works about
how we allocate the computational resources across the layers. On understanding the layer width
requirement in a deep neural network, [20] theoretically proves the lower bound of layer width for the
model to approximate any Lebesgue-integrable function while [4] improves the width lower bound
with dynamic systems. However, a practical indicator of sufficient layer width is still lacking.

In this paper, we identify a simple pattern difference between wide and narrow layers regarding the
weight norm variance between different channels during training. A simple observation is that larger-
weight channels would have a larger gradient. As the weight norm increases during training [30, 11],
we show the disparity of weight norm between similar channels also increases during training, which
we call the Matthew effect between channels. It motivates us to investigate the weight norm variance
across the channels in each layer during training. With experiments on image, graph, and text datasets
(including CIFAR-10 [18], cora [35], and enwiki8 [22]) with various model structures including
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(GCN [17], GRU [6], ViT [9]), we show that wide and narrow layers show two different patterns
during training. As we change the layer width, we show that narrow layers show a decrease until
the saturate (DS) pattern, such that the weight norm variance first increases and then decreases. For
wider layers, the weight norm variance keeps increasing until saturate (IS). We conjecture that, for
sufficiently wide (or over-parameterized) layers, channels with a small weight norm would always
be surpassed by similar channels with larger weights, and therefore, the variance keeps increasing
until convergence. On the other hand, for narrow layers with few channels, the channels with small
weights could be orthogonal to channels with large weights, and the variance decreases.

We further show that the training from random initialization to convergence can be divided into three
stages for neural networks showing the identified IS or DS pattern. In the first stage, typically a
few epochs after random initialization, since the gradient is almost orthogonal to the weight vector,
the variance between weight norms corresponding to different neurons does not increase or even
decrease. In the second stage, both the performance of the network and the variance between neurons
drastically increase for a dozen epochs. It indicates a fast learning process with the weight norm of a
few neurons increasing drastically. In the third stage, the wide layers show the IS pattern, such that
the weight norm variance keeps increasing and staying high, while the narrow layers show the DS
pattern, such that the weight norm variance starts to decrease. We provide our explanations for each
stage of training with corresponding empirical evidence on VGGs [29] trained on CIFAR10.

Furthermore, we show that the conventional layer width setting for CNNs such as VGG or ResNet
might not be optimal. Generally, with the conventional layer width setting, the layers in the middle
show the DS pattern while the former and latter layers show the IS pattern. It indicates that the layers
in the middle could use more width, which also cohere with the intrinsic dimension firstly increasing
then decreasing and reaching the high point at the middle [2]. We propose adjusting the width of
each layer of widely used networks to boost the performance and reduce the number of parameters.
We summarize the contributions of this paper in the following:

• To our best knowledge, we are the first to identify patterns regarding the variance of weight norm
between different channels during training that can indicate whether a layer is wide enough. We
have observed the pattern with different model structures on different data modalities (including
CNNs and ViTs for image classification [29, 14, 9], GCN for graph node classification [17], and
GRU for language modeling [6]).

• Based on the identified pattern, we further show that there are, in general, three training stages
from random initialization to convergence. We provide our explanations with empirical evidence
on VGG models trained for image classification that supports our explanation.

• We verify that with the identified pattern, the conventional width setting for CNNs could be
adjusted for fewer parameters and better performance on CIFAR10 and TinyImageNet.

2 Related Works

Phenomenon Description Measured by
The critical
period in
training [1]

Providing corrupted data
in the early training phase
leads to irrevocable damage
to final performance

Testing accu-
racy after con-
vergence.

Frequency-
principle [27,
34]

Neural networks first learn
low-frequency information
and then high-frequency in-
formation.

Gradient
norm on
different
frequency
components.

Grokking [26] Neural networks show a pe-
riod of near-perfect train-
ing performance and nearly
random guessing test per-
formance before generaliza-
tion.

Training and
testing accu-
racy.

Double-
descent [23]

The testing accuracy firstly
improves, then worsens, and
then eventually improves as
the model capacity increases
or the training goes on.

Testing accu-
racy.

Ours See details in Fig. 1(b). Weight norm
variance in a
layer

Table 1: We list some different training dy-
namics phenomena.

Researches on the Width of Neural Networks. By
simply widening the network, early works [37, 15]
empirically show that the performance can be im-
proved. On the other hand, structured pruning meth-
ods [33, 36, 16] propose to reduce the width for ef-
ficiency. Compared to the static pruning methods,
another branch of research focusing on dynamically
changing the width of the network conditioned on the
input by skipping neurons in linear layer [3], branches
in Mixture of Experts (MoE) [10] and channels in
CNN [12, 19] at inference time. Readers interested
in dynamic networks could refer to [13] for more
details. Notably, a recent work [5] proposes to merge
neurons to reduce the computational cost where lay-
ers at the middle have fewer neurons that could be
merged. Similar results are also reported regarding
investigating the intrinsic dimension [2] across the
layers. Unlike these previous works focusing on the
trained model, we show that one could identify the

2

60041https://doi.org/10.52202/079017-1917



𝒍-th layer

𝒍 + 𝟏-th layer

Channel 

𝒊, 𝒋

𝒘𝑖
𝑙+1

𝒘𝑖
𝑙

𝒘𝑖
𝑙+1 > 𝒘𝑗

𝑙+1

∇
𝒘𝑖
𝑙ℒ > ∇𝒘𝑗

𝑙ℒ

𝒘𝑖
𝑙 > 𝒘𝑗

𝑙

∇
𝒘𝑖
𝑙+1ℒ > ∇

𝒘𝑗
𝑙+1ℒ

The Matthew Effect 

between similar channel 𝒊, 𝒋

𝒘𝑗
𝑙+1

𝒘𝑗
𝑙

(a) Illustration of the Matthew effect between channels with
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training epoch

Stage 1 Stage 2 Stage 3 Stage 1:

Weight norm variance decreases.

Stage 2:

Weight variance drastically increases.

Stage 3:

IS pattern: Weight variance increases and 

stays at a high level, which indicates this 

layer is wide enough.

DS pattern: Weight variance starts to 

decrease and stays at a low level, which 

indicates this layer could use more width.

IS Pattern

DS Pattern

w/o Matthew Effect

Width-wise 
Streamlining

Increase the
width of
layers with
DS pattern

(b) Two different patterns we identified of
how weight norm variance change during
training regarding layer width

Figure 1: Illustration of our motivation and the identified weight norm variance pattern. Fig. (a): For
two channels with weight vectors of similar direction, the gradient of the former layer is proportional
to the weight norm of the latter layer and vice versa. As empirical evidence indicated, the weight
norm increases during training, and the weight norm disparity between channels increases. Fig. (b):
The two different patterns we identified of how weight norm variance would change during training.
For wide layers, the weight norm variance keeps increasing, which we call the increase to saturate
pattern (IS). For narrow layers, the weight norm starts to decrease after reaching a high point, which
we call the decrease to saturate pattern (DS).

layers with insufficient width during training. We further propose a simple width-wise streamlining
technique to boost the network performance and reduce the number of parameters. Note that the
objective of our width-wise streamlining technique differs from the pruning method and we make the
FLOPs of the adjusted model close to the original network.

Dynamics of Network Training Investigating the training process of neural networks has always
been an active research topic. The early phase of neural network training is investigated in [11] and a
timeline for the early phase of training (the first several epochs) is provided while other works [24, 8,
25] have focused on the later training phase investigating the effect of over-parameterization on the
generalization and the training heuristics that lead to simpler solutions. From the frequency spectrum
perspective, F-principle [27, 34, 32] shows that low-frequency components play a more important
role in the generalization and that the training of CNN could be divided into two phases where the
CNN firstly learn low-frequency components then learn high-frequency components. The frequency
principle theoretically proves that the gradient on low-frequency components will be larger [21].
In this paper, we analyze the training dynamics from the weight norm variance perspective and
show that the training of neural networks could be summarized into three stages in general. To our
knowledge, this is the first work to investigate the variance between weight norms corresponding
to different neurons. We list some well-known phenomena in Table 1. While a recent work [7]
correlates grokking [26] with double-descent [23], we hope the relationship between the three stages
of training and the other phenomena could be further explored in future works. For example, the
difference between the second stage and the third stage could be the result of network learning
different frequency components, easy or hard data samples [42] etc.

3 Different Patterns between Wide and Narrow Layers

In this section, we first provide a simple analysis showing the motivation for us to investigate
the weight norm variance across the channels of a layer. We then provide empirical results from
experiments across different data modalities and model structures to show that there are two different
patterns between wide and narrow layers.

3.1 Simple Analysis Regarding Channels in a Layer During Training

Let us consider an MLP with ReLU activation for simplicity. Suppose we have d channels in the l-th
layer. Let zl−1 ∈ Rdin and zl+1 ∈ Rdout denote the features at the l − 1-th layer and the l + 1-th
layer. The weight for l-th layer and l + 1-th layer is W l ∈ Rdin×d and W l+1 ∈ Rd×dout . Then we
have:

zl+1 = W l+1σ(W lzl−1) (1)

3
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where σ(·) is the ReLU activation function. Let wl
i ∈ Rdin denotes the i-th row vector of W l and

wl+1
i ∈ Rdout denotes the i-th column vector of W l+1, the output corresponding to the i-th channel

is σ(wl⊤
i zl−1) ·wl+1

i and the output zl+1 is the combination of the outputs of all the d channels as

zl+1 =

d∑
i=1

σ(wl⊤
i zl−1) ·wl+1

i (2)

Suppose the loss function is L, and the gradient for zl+1 is ∇zl+1L, then we have

∇wl+1
i

L =

{
wl⊤

i zl−1 · ∇zl+1L, wl⊤
i zl−1 ≥ 0

0, wl⊤
i zl−1 < 0

(3)

∇wl
i
L =

{
(wl+1⊤

i ∇zl+1L) · zl−1, wl⊤
i zl−1 ≥ 0

0, wl⊤
i zl−1 < 0

(4)

For two channels m,n ∈ [1, d], suppose wl+1
m

∥wl+1
m ∥

≈ wl+1
n

∥wl+1
n ∥

and wl
m

∥wl
m∥ ≈ wl

n

∥wl
n∥

then wl⊤
m zl−1 and

wl⊤
n zl−1 would have the same sign and we have

∇wl+1
m

L ≈ ∥wl
m∥

∥wl
n∥

∇wl+1
n

L. (5)

∇wl
m
L ≈ ∥wl+1

m ∥
∥wl+1

n ∥
∇wl

n
L. (6)

It means that for channels with weights of similar direction, the larger ∥wl∥ leads to larger ∇wl+1L
and the larger ∥wl+1∥ leads to larger ∇wlL. While empirical evidence in previous works [30, 11]
has shown that the weight norm increases during training. It means that, for two channels with similar
weight direction, the weight norm disparity between them would generally keep increasing during
training, which we call the Matthew effect between similar channels. For the channel with a larger
weight, the larger weight norm at the l+1 layer leads to a larger gradient of the corresponding weight
at the l layer, which increases the weight norm at the l layer. In turn, a larger weight norm at the l
layer further speeds up the increase of the weight norm at the l+1 layer. According to [5], sufficiently
wide layers may learn many similar channels after training, therefore, we expect the variance of
weight norm across different channels would be higher in the wide layer than in the narrow layer. It
motivates us to investigate further the weight norm variance between different channels in a layer.

3.2 Empirical Evidence of Two Different Patterns for Wide and Narrow Layers.

In this subsection, we investigate the variance of weight norms corresponding to different channels.
For the i-th channel in Eq. 2, with ReLU as activation functions we have

σ(wl⊤
i zl−1) ·wl+1

i =

{
wl+1

i (wl⊤
i zl−1), wl⊤

i zl−1 ≥ 0
0, wl⊤

i zl−1 < 0
(7)

Therefore, we define the weight norm corresponding to the i-th channel as ∥wl
i∥ · ∥wl+1

i ∥1. We
conduct our experiments on several datasets across different data modalities with different model
architectures and record the variance of corresponding weight norms during training.

We report the weight norm variance results for Graph Convolutional Neural Network (GCN) [17]
trained on graph dataset cora [35], Gated Recurrent Units (GRU) [6] trained on text dataset en-
wiki8 [22] and Vision Transformers (ViT) [9] trained on image dataset CIFAR10 [18]. As we change
the width of a certain layer (e.g. the MLP module in the transformer), we show that the wide layer
and the narrow layer show two different patterns. For the wide layer, the weight norm variance firstly
increases and stays at a high level until convergence, which we call the increase to saturate (IS)
pattern. For the narrow layer, the weight norm variance decreases after the initial increase, which we
call the decrease to saturate (DS) pattern.

1It is similar for other ReLU-like activation functions such as leaky ReLU.
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width 16 (acc 76.20%) width 32 (acc 79.90%) width 64 (acc 80.30%) width 128 (acc 79.80%)
(a) GCN on cora

input-hidden, width 500 input-hidden, width 800 input-hidden width 1000 input-hidden width 1150
(b) GRU on enwiki8

Figure 2: Weight norm variance change during training of GCN [17] on cora [35] and GRU [6] on
enwiki8 [22]. We change the width of the second layer in GCN and the input-hidden weight of the
second layer in GRU. As the width increases, the weight norm variance during training shows two
different patterns. For the wide layer, the weight norm variance increases and stays at a high level
until convergence, which we call an increase to saturate (IS) pattern. For the narrow layer, the weight
norm variance decreases after the initial increase, which we call the decrease to saturate (DS) pattern.

MLP size = 512; Acc=80.91% MLP size = 32; Acc=77.91%
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Figure 3: Weight norm variance between different
channels of the MLP at the 5th layer of a tiny ViT
trained on CIFAR-10. The left figure corresponds
to the result where the MLP size is set as 512, and
the right figure corresponds to the result where the
MLP size is set as 32.

As shown in Fig. 2, we present the results of
GCN [17] on cora [35] and GRU [6] on en-
wiki8 [22]. In Fig. 2(a), the results show the
weight norm variance change of the second layer
with different widths. As the width increases
from 16 to 64, the weight norm variance changes
from DS pattern to IS pattern. Notably, increas-
ing the width when the DS pattern is identified
(from 16 to 64) leads to an accuracy boost, while
increasing the width when the IS pattern is iden-
tified (from 64 to 128) does not. In Fig. 2(b), we
report the results of the weight norm variance
change of the input-hidden gate of the second
layer of the GRU. Though the recurrent neu-
ral networks (RNN) have different architectures
compared to the multi-layer ReLU network we
discussed before, the weight norm variance of the narrow and wide layers also shows DS and IS
patterns, respectively.

Fig. 3 shows the results of two ViTs trained on CIFAR10. We use a ViT with 6 layers where each
layer has 8 heads and the hidden size for each attention layer is 512. The width of the MLP at the 5th
layer is set at 32 and 512 respectively. For the layer of width 512, the weight norm variance always
increases and stays at a high level following the IS pattern. As we reduce the width of the MLP to 32,
the weight norm variance starts to decrease after reaching a high point following the DS pattern. For
more details on the GCN, GRU, and ViT training, please refer to Appendix B.

Our Conjecture About the Different Patterns Regarding Layer Width. As shown in Eq. 2, each
layer is like a "mixture of experts" where each channel has the same weight. The only difference
between channels is the random initialization. For wide layers with a large number of channels, the
chance for two channels learning weight of similar direction is much higher than that for narrow
layers with limited channels. Therefore, the weight norm variance among channels of a wide layer
does not decrease while the weight norm variance among channels of a narrow layer decreases
after reaching a high point. In the next section, we provide a more detailed analysis with empirical
evidence about the three training stages we identified.

5
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(a) 1st layer of VGG
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(b) 5th layer of VGG
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(c) 13th layer of VGG
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(d) layer 3, ResNet
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(e) layer 10, ResNet
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(f) layer 17, ResNet

Figure 4: The variance of weight norm ∥wl
i∥ · ∥w

l+1
i ∥ at different layers of VGG-16 and ResNet18

trained on CIFAR-10. The y-axis corresponds to the variance while the x-axis corresponds to the
epochs trained after initialization. From left to right is the result for the first layer, the layer in the
middle, and the last layer. For more results please refer to Appendix A
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Figure 5: Density plots of the weight norm of different layers of a ResNet-18 trained on CIFAR10.
The x-axis corresponds to the weight norm, and the y-axis corresponds to the density. For clarity, we
omit the label for the y-axis. From top to bottom, each density plot corresponds to different epochs,
we demonstrate how the weight norm distribution of different layers changes during training.

4 Three training Stages from Random Initialization to Convergence

Based on the two patterns we identified regarding the weight norm variance, we further provide
our explanation for this phenomenon. We show that, generally, we can divide the training of the
neural networks showing the identified pattern into three stages. We provide our explanation for
each stage with corresponding empirical evidence on VGG-16 [29] and ResNet-18 [14] trained on
CIFAR10 [18]. As shown in Fig. 4, we report the weight norm variance of some of the layers in
VGG-16 and ResNet-18. In Fig. 5, we also present the density plots of the weight norm for different
layers of a ResNet-18 trained on CIFAR10 at different epochs. Generally, different layers show
different patterns. The layers in the middle typically follow the DS pattern and the former and latter
layers follow the IS pattern. We will discuss this phenomenon in the next section Sec. 5.

4.1 Stage 1: Weight Variance Stay Low Shortly after Initialization
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Figure 6: Ratio of weight elements where the sign
is changed compared to the initialization during
training different models on CIFAR-10. We show
the result for the first 10 epochs. After the first 5
epochs, the sign of at least 10% weights changes,
indicating a dramatic change in the weight space.

Starting from a random initialization, the first
stage of neural network training lasts for a few
epochs. In this stage, the variance of the weight
norm between neurons does not increase. At cer-
tain layers, the variance even decreases between
neurons. Starting from random initialization,
due to the high-dimensional weight vectors of
each neuron, the gradient is more likely to be or-
thogonal to the weight vectors corresponding to
different neurons. When measuring the cosine
similarity between the gradient and the weight
vector across all the channels across all the lay-
ers in a VGG16_bn trained on CIFAR-10, the
largest absolute value is 0.0003 at initialization,
which provides an explanation for the weight
variance not increasing.

In some scenarios, we also find weight norm
variance decreases at the first stage. We conjec-
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(a) The loss, accuracy, and weight norm variance of
the 5-th layer of a VGG16 trained on CIFAR-10
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Figure 7: (a): The loss, accuracy, and weight norm variance between neurons at 5-th layer of a
VGG16 trained on CIFAR-10. The model is trained for 150 epochs, after the second stage of training
mentioned in Sec. 4.2 the model has achieved a high performance at around 20 epoch. For more
details please refer to Appendix B. (b): We demonstrate the correlation between the weight norm at
the 6-th epoch and the weight norm after the last epoch. The x-axis corresponds to the weight norm
after the last epoch (150-th epoch). For the upper plot, the y-axis corresponds to the change of weight
norm from 6-th epoch to 4-th epoch. For the lower plot, the y-axis corresponds to the weight norm at
the 6-th plot. Each point represents a neuron at the first layer of VGG16.

ture that it results from the fact that the direction of weight vectors is drastically changed in the
first stage. In fact, the first stage of neural network training is an extremely chaotic stage where the
direction of each weight vector is dramatically changed. Fig. 6 shows that, for different networks,
the sign of at least 10% weight elements changes after the first 5 epochs. As a result of the dramatic
change in weight space, the direction of many weight vectors is reversed and the weight norm firstly
decreases and then increases.

4.2 Stage 2: Both Performance and Variance Drastically Increase

In the second stage, the variance of weight norm among channels starts to increase drastically. This
phenomenon indicates that for some of the neurons, whose corresponding weight vectors are close to
the gradient direction, the corresponding weight norm increases much faster than other neurons. At
the same time, the performance also increases rapidly as shown in Fig. 7(a). The test performance
after this stage is very close to the final performance, e.g. the testing accuracy for the VGG16 on
CIFAR-10 at 20 epoch in Fig. 7(a) is at 84.65%, which is relatively close to the final testing accuracy
92.94%. We conjecture that to reach a fair performance, the network only needs to learn a few
significant features, channels whose weight direction is close to the direction of the gradient would
have advantages.

The second stage generally determines the relative weight norm after convergence. Compared to the
chaotic first stage, the second stage is much more stable, where the weight norm of those neurons
corresponding to the "significant features" discussed above constantly increases faster than other
neurons. Notably, at the beginning of the second stage, the tendency of how the weight norm would
change provides more information than the weight norm itself. As shown in Fig. 7(b), we demonstrate
the weight norm at the beginning of the second stage and the weight norm after convergence. The
result is from channels at the first layer of a VGG16 trained on CIFAR-10. The x-axis corresponds to
the weight norm after convergence. For the upper subplot, the y-axis corresponds to the difference
between the weight norm at the 4-th epoch and the weight norm at the 6-th epoch. For the lower
subplot, the y-axis corresponds to the weight norm at the 6-th epoch. The Pearson correlation between
the weight norm difference and the final weight norm is 0.8891 while the Pearson correlation between
the weight norm at 6-th epoch and the final weight norm is only 0.4254. We conjecture that the
channels whose weight norm increases rapidly in this stage correspond to those easy features such as
the low-frequency information in Frequency-principle [27, 34, 32].
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(c) The 13-th layer (IS pattern)

Figure 8: The cosine similarity between weight vectors at the same layer of a VGG16 trained on
CIFAR-10. The value at i-th row and j-th column correspond to the cosine similarity between the
weight vectors of the i-th neuron and the j-th neuron. Note that we sort the neurons by their weight
norm in descending order which means the 0-th neuron is the neuron with the largest weight norm.
The results show that weights for neurons at the 5-th layer of VGG16 are almost orthogonal.

4.3 Stage 3: Variance Decreases or Increases to Saturation at Different Layers

The third stage is the longest stage where the performance slowly increases. In the third stage, layers
show two distinct patterns which indicates whether this layer learns similar neurons. For the variance
of weight norm between neurons, there are two different patterns across the layers:

• Increase to Saturate (IS): The variance continues to increase slowly and stay high.

• Decrease to Saturate (DS): The variance decreases after reaching a high value.

Layer Width Third stage patternorigin after neuron merging
Layer 1 64 42 IS pattern
Layer 2 64 63 DS pattern
Layer 3 128 128 DS pattern
Layer 4 128 128 DS pattern
Layer 5 256 256 DS pattern
Layer 6 256 256 DS pattern
Layer 7 256 256 DS pattern
Layer 8 512 504 IS pattern
Layer 9 512 500 IS pattern
Layer 10 512 509 IS pattern
Layer 11 512 506 IS pattern
Layer 12 512 420 IS pattern
Layer 13 512 250 IS pattern

Table 2: We employ IFM [5] to merge the neurons (channels)
across the layers of a VGG16 trained on CIFAR-10. We list
the original width, the width after merging, and the weight
norm variance pattern in the third stage.

Interestingly, as shown in Table 2,
we find that for layers where neu-
rons (or channels) could be merged
using the algorithm proposed in [5],
the variance between neurons follows
the IS pattern that increases and stays
at a high level. On the other hand,
for layers where no neurons could be
merged, the variance between neurons
follows the DS pattern and decreases.
Fig. 8 shows the cosine similarity of
weight vectors between different neu-
rons. For layers following the DS pat-
tern, the cosine similarity of weight
vectors between most different neu-
rons is almost zero while the cosine
similarity between neurons for lay-
ers following the IS pattern is much
higher. It indicates that the weight vec-
tors of channels in layers showing the
DS pattern are nearly orthogonal while layers following the IS pattern contain many similar channels.
Note that the neurons are sorted by the weight norm where the 0-th neuron is the neuron with the
largest weight norm. Fig. 8(a) and Fig. 8(c) show that neurons with different weight norms could be
in a similar direction. Further results of the weight norm distribution are presented in Appendix A.

5 Width Modification on CNNs for Fewer Parameters and Better
Performance

As discussed in Sec. 4.3, the layers in VGG-16 show different patterns. In this section, we investigate
the weight norm variance change during the training of CNNs. We empirically show that for widely
used CNNs such as VGG and ResNet, the middle layers show the DS pattern and other layers
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Table 3: In this table, we report the number of parameters, FLOPs, and the testing accuracy of the
original VGG and ResNet models and our width-adjusted models. Each result is averaged over 10
runs with a different random seed. For a fair comparison, we make the FLOPs of the width-adjusted
models close to the original model with nearly 40% parameters reduced.

Model Params % of params FLOPs % of FLOPs Top-1 Accuracy
CIFAR 10 CIFAR-100

VGG16 origin 14.73M - 314.31M - 91.02± 0.35 66.17± 0.71
streamline width 9.06M 61.55% 325.55M 103.89% 93.41± 0.15 68.63± 0.31

VGG19 origin 20.04M - 399.35M - 91.84± 0.46 65.53± 0.66
streamline width 11.50M 57.39% 404.95M 101.40% 92.38± 0.09 66.99± 0.52

ResNet18 origin 11.17M - 557.89M - 92.99± 0.23 72.84± 0.27
streamline width 6.26M 55.99% 604.22M 108.30% 93.60± 0.13 73.38± 0.30

ResNet50 origin 23.52M - 1311.59M - 92.47± 0.43 73.23± 0.45
streamline width 14.91M 63.40% 1404.87M 107.11% 93.12± 0.33 73.53± 0.50

show the IS pattern. We then adjust the layer width for VGG and ResNet, reducing the number of
parameters while boosting the performance compared to the conventional layer width setting.

5.1 Investigating Weight Norm Variance Across the Layers of CNNs

As shown in Fig. 4, we report the variance of weight norm ∥wl
i∥ · ∥wl+1

i ∥ at different layers of
VGG-16 and ResNet18 trained on CIFAR-10. Generally, we find that the first several layers follow
the IS pattern while the layers in the middle follow the DS pattern, and the layers at last follow the
IS pattern again. It reflects the intrinsic nature of the neural network training such that layers in the
middle learn orthogonal neurons. One may naturally associate this phenomenon with the results
that intrinsic dimension firstly increases then decreases and reaches a high point in the middle [2].
Intrinsic dimension describes the minimum dimension needed to solve a certain problem to a certain
precision level. We conjecture that intrinsic dimension is a possible explanation for the two different
kinds of layers where high intrinsic dimension leads to orthogonal weights. For more results, please
refer to Appendix A. It further indicates that the conventional layer width setting for CNNs might
not be optimal. In the conventional setting (such as in VGGs and ResNets) the layer width increases
through the first several layers and then stays large through the following layers. Since the layers in
the middle could use more width and the layers in the front and back could use less width, a better
setting might be that the width first increase and then decrease across the layers with the widest layer
in the middle just like a streamline.

5.2 Streamlining the Width of Popular CNNs

Model on TinyImageNet Validation accuracy

VGG16 origin 49.78± 0.92
streamline width 54.40± 0.38

ResNet18 origin 54.46± 0.41
streamline width 56.56± 0.27

Table 4: The result of VGG16 and ResNet18
trained on Tiny-ImageNet. Each result is averaged
over 10 runs. Each model is trained for 90 epochs.
More details are in Appendix B.

To verify that setting the middle layer to be the
widest is better than setting the last layer to be
the widest, we adjust the width of each layer for
widely used VGG and ResNet networks. For
both VGG and ResNet, the width starts at 64
and ends at 512. We increase the width of the
layers showing the DS pattern and decrease the
width of the last several layers showing the IS
pattern. For a fair comparison, we control the
number of FLOPs of the width-adjusted model
to be similar to the original model. As a result of
the larger feature map in the middle compared
to the last several layers, the number of parameters is reduced by nearly half. We train these models
on CIFAR-10, CIFAR-100, and TinyImageNet. Each model was trained for 120 epochs with SGD.
The learning rate is 0.1 at the beginning and is reduced by 0.1 every 40 epochs. The weight decay is
set at 1e− 4, and momentum is 0.9. For more details about the training recipe and the width-adjusted
architecture please refer to Appendix B.

As shown in Table 3 and Table 4, we report the experimental results of our adjusted version of VGG
and ResNet on CIFAR-10, CIFAR-100, and Tiny-ImageNet. Each result is averaged over 10 runs.
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The results show that with similar FLOPs, by adjusting the width across the layer, we could boost the
performance and largely reduce the parameters.

6 Conclusion

In this paper, we propose to investigate the weight norm variance among channels in the same layer
and identify two different patterns between narrow and wide layers with much empirical evidence
(Sec. 3). We further show that training neural networks with the identified pattern could be divided
into three stages from random initialization to convergence. We provide our explanations of the three
stages with corresponding empirical evidence (Sec. 4). Using the identified pattern as an indicator, in
Sec. 5, we propose to adjust the conventional layer width setting of VGG and ResNet to reduce the
number of parameters and boost the performance. The main limitation of the width adjustment is that
we manually adjust the layer width to control the FLOPs of the adjusted model. Another limitation
is that we can not determine which pattern (IS or DS) the layer follows until convergence. A more
automatic and efficient width adjustment method could be proposed regarding the new weight norm
variance perspective, which we leave for future works. In assessing the potential broader impact, this
work provides a new perspective to evaluate the layer width setting of deep neural networks, which
have the potential to advance the neural network architecture design. This work has no significant
negative potential impact.
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A More Results

A.1 The Weight Norm Variance of Each Layer During Training

In this section, we present the weight norm variance V ar(∥wl
i∥ · ∥w

l+1
i ∥) of each layer of VGG16,

ResNet18 during training.
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Figure 9: The weight norm variance between neurons at each layer of VGG16 during its training on
CIFAR10.
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Figure 10: The results of weight variance for ResNet18.

A.2 The weight Norm Distribution of Each Layer

In this section, we provide the distribution of ∥wl
i∥ · ∥w

l+1
i ∥ at each layer during training. As shown

in Fig. 11, the layers following the IS pattern and DS pattern show different norm distributions.

A.3 Cosine Similarity between Neurons

We provide the cosine similarity between the weight vectors corresponding to different neurons at the
same layer in Fig. 12.

A.4 Results with small ResNet-20

We report weight norm variance change during training of ResNet-20 and widened ResNet-20
following WRN. ResNet-20 has three blocks, with each block containing 6 layers. Since ResNet-20
is a relatively small network when it is trained on CIFAR10, the first 15 layers follow the DS pattern,
indicating the layers require more width, and only the last 5 layers show the IS pattern.
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(a) layer 1,
VGG16

(b) layer 3,
VGG16

(c) layer 5,
VGG16

(d) layer 7,
VGG16

(e) layer 9,
VGG16

Figure 11: The weight norm distribution of each layer of VGG16 trained on CIFAR10. The number
on the left indicates the epoch.

(a) layer 1,
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(d) layer 4,
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(e) layer 5,
VGG16

(f) layer 6,
VGG16

(g) layer 7,
VGG16

(h) layer 8,
VGG16

(i) layer 9,
VGG16
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(m) layer 13,
VGG16

Figure 12: The cosine similarity of weight vectors corresponding to different neurons at each layer of
VGG16 trained on CIFAR10.

(a) layer 1 (b) Layer 4 (c) Layer 8 (d) Layer 15 (e) Layer 16

Figure 13: The results of weight variance for ResNet20.
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(a) layer 1 (b) Layer 4 (c) Layer 8 (d) Layer 15 (e) Layer 16

Figure 14: The results of weight variance for ResNet20x4.

(a) layer 1 (b) Layer 4 (c) Layer 8 (d) Layer 15 (e) Layer 16

Figure 15: The results of weight variance for ResNet20x8.

B Experimental Details

B.1 Details of Network Structure after Our Width-wise Streamlining Technique

In this section, we report the width of each model after applying our width-wise streamlining
technique. We change the width of each layer of VGG and ResNet models. The width of each layer
is manually set to keep the FLOPs similar to the original model. Table 5 shows the detailed width of
each layer in VGG16, VGG19, ResNet18, and ResNet50.

VGG16 original width [64, 64, 128, 128, 256, 256, 256, 512, 512, 512, 512, 512, 512]
adjusted width [64, 96, 128, 160, 256, 256, 320, 512, 384, 384, 320, 256, 256]

VGG19 original width [64, 64, 128, 128, 256, 256, 256, 256, 512, 512, 512, 512, 512, 512, 512, 512]
adjusted width [64, 96, 128, 160, 256, 256, 320, 320, 512, 384, 384, 320, 320, 256, 256, 256]

ResNet18 original width [64, 64, 64, 64, 64, 64, 64, 128, 128, 128, 128, 128, 128, 256, 256, 256, 256, 256, 256, 512, 512, 512, 512, 512]
adjusted width [64, 64, 64, 64, 96, 64, 64, 160, 128, 128, 192, 128, 128, 320, 256, 256, 384, 256, 256, 256, 256, 256, 256, 256]

ResNet50 first 8 blocks original width [64, 64, 64, 256, 256, 64, 64, 256, 256, 64, 64, 256, 256, 128, 128, 512, 512, 128, 128, 512, 512, 128, 128, 512, 512, 128, 128, 512, 512, 256, 256, 1024]
adjusted width [64, 64, 64, 256, 256, 64, 64, 256, 256, 96, 96, 256, 256, 128, 128, 512, 512, 128, 128, 512, 512, 160, 160, 512, 512, 192, 192, 512, 512, 256, 256, 1024]

ResNet50 last 8 blocks original width [1024, 256, 256, 1024, 1024, 256, 256, 1024, 1024, 256, 256, 1024, 1024, 256, 256, 1024, 1024, 256, 256, 1024, 1024, 512, 512, 2048, 2048, 512, 512, 2048, 2048, 512, 512, 2048]
adjusted width [1024, 320, 320, 1024, 1024, 384, 384, 1024, 1024, 320, 320, 1024, 1024, 256, 256, 1024, 1024, 256, 256, 1024, 1024, 256, 256, 1024, 1024, 256, 256, 1024, 1024, 192, 192, 1024]

Table 5: The original width and the adjusted width with our width-wise streamlining technique for
each layer in VGG and ResNet Models.

B.2 Training Details

For all the models we trained in this paper, we train each model with SGD, where the learning rate is
firstly set at 0.1, momentum is set at 0.9 and weight decay is set at 0.0001. For models trained on
CIFAR datasets, the model is trained for 160 epochs, and the learning rate decays at 80-th epoch
and 120-th epoch by 0.1. For models trained on TinyImageNet, the model is trained for 90 epochs
and the learning rate is decayed at the 30-th and 60-th epoch by 0.1. Note that the results reported
in Table 3 are averaged 10 runs where we train each model for 120 epochs and the learning rate is
decayed at the 40-th and 80-th epoch by 0.1. For the proposed width streamlining method, we mainly
conduct experiments with supervised learning, we hope our method could further expand used in
more scenarios such as self-supervised learning [40, 39, 38].
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We have summarize the main contribution of this paper in the Introduction.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: We have discussed the limitation in the conclusion.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: The theoretical results in this paper is a simple analysis over the backpropaga-
tion of each channel, where the formulas are self-explanatory. There is no other theorems or
theoretical assumptions in this paper.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have described the details of every experiments in this paper.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: The source code will be made publically available upon acceptance. Since the
time is tight for us to prepare the paper, we need more time to refactor our code for public
release.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We provide the full details in Appendix B.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We report error bars in results shown in Table 4 and Table 3.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide information on the computer resources in the Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research is conducted in the paper conform with the NeurIPS Code of
Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader Impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We have discussed the potential broader impact in the conclusion section.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We cite the original paper that produced the code packages or datasets.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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