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Abstract—Batch normalization (BN) is used by default in many modern deep neural networks due to its effectiveness in accelerating
training convergence and boosting inference performance. Recent studies suggest that the effectiveness of BN is due to the
Lipschitzness of the loss and gradient, rather than the reduction of internal covariate shift. However, questions remain about whether
Lipschitzness is sufficient to explain the effectiveness of BN and whether there is room for vanilla BN to be further improved. To answer
these questions, we first prove that when stochastic gradient descent (SGD) is applied to optimize a general non-convex problem, three
effects will help convergence to be faster and better: (i) reduction of the gradient Lipschitz constant, (ii) reduction of the expectation of the
square of the stochastic gradient, and (iii) reduction of the variance of the stochastic gradient. We demonstrate that vanilla BN only with
ReLU can induce the three effects above, rather than Lipschitzness, but vanilla BN with other nonlinearities like Sigmoid, Tanh, and SELU
will result in degraded convergence performance. To improve vanilla BN, we propose a new normalization approach, dubbed complete
batch normalization (CBN), which changes the placement position of normalization and modifies the structure of vanilla BN based on the
theory. It is proven that CBN can elicit all the three effects above, regardless of the nonlinear activation used. Extensive experiments on
benchmark datasets CIFAR10, CIFAR100, and ILSVRC2012 validate that CBN makes the training convergence faster, and the training
loss converges to a smaller local minimum than vanilla BN. Moreover, CBN helps networks with multiple nonlinear activations (Sigmoid,
Tanh, ReLU, SELU, and Swish) achieve higher test accuracy steadily. Specifically, benefitting from CBN, the classification accuracies for

networks with Sigmoid, Tanh, and SELU are boosted by more than 15.0%, 4.5%, and 4.0% on average, respectively, which is even

comparable to the performance for ReLU.

Index Terms—Normalization, Batch Normalization, Accelerating Convergence.

1 INTRODUCTION

Batch normalization (BN) [1] is a key technique in deep
neural network (DNN) development, known to accelerate
training and significantly improve generalization perfor-
mance during inference. Its enormous success has inspired
a range of normalization approaches for other learning
scenarios, such as layer normalization (LN) for Recurrent
Neural Network (RNN) and Transformer architectures [2], [3],
instance normalization (IN) for neural stylization [4], spectral
normalization for generative adversarial networks (GANs)
[5] , adaptive batch normalization (AdaBN) for fine-tune
leaning [6], and shuffle batch normalization (ShuffleBN) for
contrastive learning [7]. BN normalizes the features along the
batch dimension, so the performance of BN is influenced by
the batch size. Hence, various other normalization approach-
es, group normalization (GN) [8], batch renormalization
(BRN) [9], and moving average batch normalization (MABN)
[10], are proposed to restore the performance of BN in small
cases. However, when the batch size is sufficiently large,
these newly proposed normalization methods exhibit no
superiority to BN.

The practical success of BN is indisputable, but the roots
of its effectiveness remain largely unexplored [11]. The
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reduction in internal covariate shift (ICS) induced by BN
was originally thought to interpret the effectiveness of BN.
Recently, however, recent studies by [12] have challenged
this view, arguing that the link between ICS reduction and
performance improvement with BN is weak. Instead, from
the perspective of landscape smoothness, [12] demonstrated
that BN results in the Lipschitzness of both the loss and
the gradient, which induces more predictive and stable
gradients, thus allowing for faster training; then, some other
works further explained the success of BN with the view
of improving Hessian conditioning (that is also a type of
Lipschitzness) [13], [14].

However, two open questions about BN that still need to
be further explored,

Is Lipschitzness sufficient to explain the effectiveness of BN?
Is there room to further improve vanilla BN, rather than mere
explanation?

The efficacy of BN is primarily embodied by two aspects
— accelerating the training process and boosting the inference
performance, which are closely related to faster optimizing
convergence and a final smaller converged minimum. More
fundamentally, BN can be viewed as an optimization algorith-
m, so we adopt a top-down strategy to answer both questions
above from the perspective of optimization. Specifically, we
first deduce sufficient conditions for faster convergence and
smaller converged minima, and then we identify whether
BN can induce some of these conditions to explain its
effectiveness. Moreover, we try to modify the structure of
BN to elicit all of the above conditions to complete BN.

Following this strategy, we prove that three conditions
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Fig. 1. The structures of a standard block embedded with (a) no normalization, (b) vanilla BN and (c) CBN. The shortcut is optional.
Vanilla BN is placed behind the linear activation layer, while CBN is located in the front of the linear activation layer. Moreover, mean
removal and normalization with £5 norm are tangled in vanilla BN, but the two parts are decoupled in CBN. Additionally, CBN adds p

to tune the magnitude of normalization for better performance.

- reduction in the gradient Lipschitz constant, reduction in
the stochastic gradient squared expectation, and reduction
in the stochastic gradient variance - can make the conver-
gence faster and the converged minimum smaller, when
stochastically optimizing a general nonconvex problem. The
first two conditions are responsible for the “faster” aspect,
while the last two conditions are responsible for the “smaller”
aspect. We then propose a modified version of BN, called
complete batch normalization (CBN), which can theoretically
induce all three of these conditions. CBN involves four
key modifications, as shown in Figure 1. First, we place
normalization before the linear activation, which justifies
the use of a wider range of activation functions in DNNSs,
including Tanh and Sigmoid. Second, we decouple the mean
removal and normalization processes. Third, we add a new
parameter to tune the magnitude of normalization, which
can lower the gradient Lipschitz constant and the stochastic
gradient squared expectation. Fourth, we substitute the
statistics determined over a single batch with the adaptive
moving average statistics that utilize historical batch infor-
mation, thus lowering the variance of the stochastic gradient.
Meanwhile,we also reveal the limitations of BN, showing that
it can induce the three conditions only with ReLU, and may
perform poorly with other activation functions such as Tanh,
Sigmoid and SELU. Overall, CBN provides a more complete
and theoretically justified approach to batch normalization,
with the potential to improve the performance of DNNs.
Our contributions are summarized as follows:

e We we view BN-like normalization as an optimization
algorithm and provide theoretical evidence for the
three key effects that can accelerate convergence and
decrease the converged minima while stochastically
optimizing a nonconvex problem. This theoretical
foundation enables us to explain and enhance vanilla
BN’s performance.

e We propose a novel normalization approach that is
theoretically justified by theory and can elicit all the
effects described above.

o We identify the root cause for the effectiveness of
vanilla BN with ReLU and the inefficacy of vanilla
BN with other nonlinear activation functions.

2 RELATED WORK

Inspired by the success of BN, various normalization variants
have been proposed to address specific learning scenarios.
For instance, Layer Normalization (LN) [2] and Recurrent
Batch Normalization (RBN) [15] were developed for use
in recurrent neural networks, while Instance Normalization
(IN) [4] was designed to enhance neural stylization. Adaptive
Batch Normalization (AdaBN) [6] was proposed for practical
domain adaptation. Spectral Normalization (SN) [5] helps
prevent model collapse in generative adversarial networks.
Stochastic Normalization (SN) [16] aims to enhance fine-
tuning performance, and Shuffle Batch Normalization (Shuf-
fleBN) [7] replaces the current batch statistics with the statis-
tics of other batches to improve unsupervised contrastive
learning.

Batch normalization (BN) is widely known to be inef-
fective in small batch size cases, and then many methods
have been proposed to alleviate this problem. Synchronized
batch normalization (SyncBN) [17] computes statistics across
multiple GPUs. It actually does not essentially solve this
issue but transforms it into an engineering task. Several
methods mimic T the principle of BN while decoupling the
computational batch from the normalization batch . Layer
normalization (LN) [2] exploits instance-level statistics along
the channel dimension, and group normalization (GN) [8]
further divides all channels into predefined groups and
uses group-wise statistics. Weight normalization (WN) [18]
is a simple reparameterization of the weight vectors in a



neural network that can also accelerate the convergence
process. Another line of approaches utilizes moving average
statistics in both forward and backward passes to restore the
performance when the batch size is insufficient, such as batch
renormalization (BRN) [9], memorized batch normalization
(MBN) [19], online normalization (ON) [20] and moving
averaged batch normalization (MABN) [10]. Although these
normalization methods are more effective than vanilla BN
in small batch size cases, vanilla BN still outperforms them
when the batch size is sufficiently large. Recently, instance
level Meta Normalization (ILM) [21], instance enhancement
batch normalization (IEBN) [22] and representative batch
normalization (RBN) [23] have added an extra subnet or more
steps with learning parameter to vanilla BN to introduce
instance-level statistical information, and such approaches
have achieved more competitive performance in large-size
batch cases. However, these methods with instance-level
statistical information still have to compute extra nonlinear
operations during the inference procedure, while vanilla BN
can be merged to the convolution layer or the fully-connected
layer in the inference stage. Hence, these methods with
instance-level statistics are inappropriate for applications
in time-sensitive industrial scenarios. [24] extra introduces
Proxy Normalization to GN to restore BNs beneficial proper-
ties that are not retained when solely using the prototypical
batch-independent norm.

Despite ubiquitous use and the practical benefits of
vanilla BN, the community has not yet reached a broad
consensus on the theoretical explanations for its empirical
tremendous success. The original paper claimed that BN
was designed to reduce ICS to boost the training and
inference performance [1]. However, [12] provided strong
evidence supporting the idea that the link between the ICS
reduction and the performance gain of BN is weak. [12]
argued that the effectiveness of BN is attributed to smoothing
the landscape of both the loss and the gradient, but its
theoretical analysis only simply considers a single block with
no nonlinearity activations. Afterward, several papers [13],
[14] further uncovered that BN is beneficial to improving
the Hessian conditioning, which can help to accelerate the
convergence. In [25], the authors thought the larger learning
rate brought by BN was the main reason behind its success.
[26] believes the acceleration for BN is due to the fact that
BN decouples the optimizing length and direction of the
parameters, and theoretically proves that this decoupling
will make the gradient-based descent algorithm achieve
exponential convergence rates when optimizing a learning
Halfspace problem and a multilayer perceptron (MLP) with
one hidden layer. [27] demonstrates that scale-invariance
of BN allows (stochastic) gradient descent to succeed with
less tuning of learning rates. [28] theoretically and exper-
imentally shows BN can provably prevent rank collapse
for linear networks. [29] gives a uniform understanding
of normalization in DNNs from the perspectives of stable
forward propagation, informative forward propagation, and
stable backward propagation.

Although these previous studies have contributed valu-
able insights into the mechanisms underlying vanilla BN
from different perspectives, their theoretical analyses com-
monly focus on a single factor and often rely on idealized
assumptions that do not accurately reflect the complexities
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of training modern DNNs. More importantly, they do not
provide guidance on how to improve it. In contrast, our
approach takes a top-down strategy, first identifying three
effects that are sufficient to accelerate the training process
and improve inference performance. We then propose a
modification to vanilla BN that has been shown to achieve
these effects.

3 PRELIMINARY

In this section, we theoretically deduce vital factors that are
responsible for accelerating convergence and leading the
objective function to converge to a smaller minimum when
stochastically optimizing a general nonconvex problem.

In a machine learning task, given a set of samples {x;}1_;,
the optimization objective is commonly the empirical risk
loss, i.e.,

F (s {odi) = 5

where f;(w;x;) is the loss of the i-th sample with respect to
w. Note that F' (w; {z;}7_,) and f;(w;x;) are abbreviated as
F(w), F and f;(w), f, respectively.

For large-scale machine learning, such as deep learning,
SGD is commonly applied to minimize the empirical risk loss
(P) due to its low computational cost. At the k-th iteration,
an index set By, is randomly sampled in a batch where 1 <
|Bi| < n, and then w is then updated with

Wh41 ¢ Wk — OV, 1)

where ay4;1 is the learning rate. For the basic SGD,
v = @ >ives, Vi (wi;xi,). In deep learning, mod-
ern SGD algorithms are applied [30], [31], [32]. They
can be uniformly expressed as a weighted gradient sum:
v = P1,0k—1 + B2, ﬁ Yives, Vi, (wk;zi, ), where the
weights 81, and 3,, are predefined constants or functions
with respect to @ Yives, Vfi,(wg; i) and the historical
gradient ﬁ Zz},e& Vf(wy;x;,) (0 <1t <k).

We adopt the following standard assumptions regarding
the objective function in problem (P) when investigating its
convergence behaviors.

Assumption 1. The objective function in problem (P) satisfies:

1). Function F(w) is continuously differentiable and bounded,
ie, F* ;= inf F(w) > —oc;

2). Each gradient V f;(w) (i = 1,2,3,...,n) is Lipschitz
continuous, i.e., for any wy, wa ,

[V fi(w1) = Vfi(w2)]| < L]Jwy —wall, 2

where L is also called the gradient Lipschitz constant.
Below, under Assumption 1, we present a convergence
analysis of the general objective function in problem (P).
Theorem 1. Let Assumption 1 hold and let SGD in Eq. (2)
be applied to optimize problem (P). Suppose that the stepsizes (the



learning rates) {ay, } satisfy oy, < % and apy1 < ay. Then, for
any number of iterations K, we have
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The proof of Theorem 1 can be found in Appendix A.
bluelt is important to note that everal theoretical convergence
analyses have been conducted on stochastically optimizing
non-convex problems [33], [34], [35], [36], [37], [38], [39], and
some intermediate results of these analyses is somewhat
similar to those in Theorem 1. However, However, their
final formulations are either impractical or have unfavorable
performance for deep learning tasks. For instance, the
analyses in [33], [34], [35] require large batch sizes (i.e.,
b o y/n where b is the batch size and n is the total number of
samples), and the gradients of the universal samples should
be computed periodically. Alternatively, the learning rate
scenarios in [36], [37] are closely related to the total number
of samples (i.e., o, ﬁ), or the learning rate decays with
the number of steps (i.e., oy ﬁ) [38], [39]. In contrast, our
convergence analysis in Theorem 1 does not impose strict
conditions on the batch size and the learning rate. Therefore,
it is more in line with the actual situation when training deep
neural networks.

According to Theorem 1, we know that the convergence
speed depends on the vanishing rate of 7} in Eq. (3). It can be
easily concluded that a large learning rate a4 will directly
speed up the vanishing rate, which is in accordance with the
conclusion in [25]. However, the learning rate is constrained
by aj41 < +. Thus, to accelerate the convergence of problem
(P), we should decrease the gradient Lipschitz constant L.

From Theorem 1, we also know that as £ — oo, T}
in Eq. (3) will approach to zero, and the final value of

[ S, VRG]
Term T3 in Eq. (3). It is known that a final small value for
the gradient is more likely to enjoy favorable performance
in machine learning tasks. To achieve the goal of a small
value for the gradient in Eq. (3), we need to lower the
value of T5 and T3. vy is an additive weighted gradient
sum: vy = P, vp—1 + ﬁgkﬁ ZikEBk V fi, (wg; x5, ). Thus,
at each iteration reducing the gradient squared expectation
E[||V f (wg; x;,)||?] is helpful to decrease E[||vg||?] and ulti-
mately reduce the value of T5. As for T3, we known that
E[(z—C)?] = V[x]+ (E[a] —C)? where x is a random variable
and C is a constant, so lowering the stochastic gradient vari-
ance V[||vg||] helps to reduce E[|lvx, — VF(wy)||?] and finally
bring down the value of T5. Notably, the conclusion that
gradient variance reduction is beneficial for convergence was

depends on the value of 75 and
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initially demonstrated in [40], and a wealth of later ingenious
optimization algorithms [33], [34], [35] were proposed to
lower the variance of the stochastic gradient, resulting in
great achievements in recent years.

In summary, if an approach ensures fast convergence and
a small converged minimum when applying SGD, it should
elicit at least one of the following effects:

e Reducing the gradient Lipschitz constant (fast);

e Reducing the expectation of the squared stochastic
gradient (small);

e Reducing the variance of the stochastic gradient
(small).

4 COMPLETE BATCH NORMALIZATION

In this section, we present a new normalization approach that
can be easily embedded in the existing DNNSs. It is proven
to induce all three effects during training: reduction in the
gradient Lipschitz constant, reduction in the expectation of
the squared stochastic gradient, and reduction in the variance
of the stochastic gradient. Note that the new approach
induces these effects to make convergence faster and better
by changing the structure of the network rather than devising
ingenious optimization algorithms [33], [34], [35], [40].

4.1 Reduction in the Gradient Lipschitz Constant and
Stochastic Gradient Squared Expectation

Inspired by the basic form of vanilla BN, we construct
a new normalization approach, referred to as CBN. The
standard block that embeds CBN layers of a network can be
formulated as

m_ 1 U
S R 2,
ieB (Mean Removal) 4)
Lk l :u[Bl]k + Bk 9
ol = \/ @),
| k| ik EBk . . .
Wl (Normalization via £5 Norm)
x//[l] _ Tk L,
ik P nm-
o3,
®)
yl[i] ,[Cl]x"”, ( Linear Activation) (6)
xEl:l] - (SC)xyk] + 5(%[?)’ (Nonlinear Activation)  (7)

where CBN consists of two steps — mean removal and
normalization. The subscript k is the iteration index and the
superscript [{] is the block index, ﬁ][j }and ’y][cl ! are the shift
parameter and the scale parameter to be learned, respectively,
and p is a hyperparameter to tune the normalization mag-
nitude. §(+) is an activation function. I(SC) indicates that if
there is a shortcut, it is 1, otherwise, it is 0. Note that we
sometimes omit the block index [{] in the following equations
for simplicity.

We now compare a plain non-normalized network with
the same network after inserting a CBN in each block
to demonstrate the effectiveness of CBN. The standard
network with no normalization and the standard network
with CBN are respectively shown in Figure 1(a) and Figure



1(c). The inputs of both networks are fed with the same
raw data and the outputs of both networks are fed to the
same empirical risk loss. Moreover, the weight w,[j] to be
learned at any [-th block in both networks are identical. We
have an additional CBN term that includes removal and
normalization to process the inputs of any [-th block. In the
following, we will theoretically demonstrate the two parts
of CBN lower the stochastic gradient squared expectation
and the gradient Lipschitz constant. It is worth noting that
we employ () for the symbols in the network without
normalization(such as ac[ and y[ ]) and utilize (A) for the

1k
symbols in the network w1th normalization(such as i‘yk]

yl[ ]) to better better distinguish them, and then we have the

followmg conclusions.

Theorem 2. [Justification of Mean Remowval, Eq. (4] A
standard network with no normalization and a standard network
with mean removal, the inputs of the first block and the outputs
of the last block for the both networks satisfy :i R

i
IV 10 fzkHz = IV, Llfn l2 and ||V2[L fille = ||V L]fzkllz

Suppose that at I-th block with mean removal 0< 77[] < 2 where

and

ﬁ,[j] HB’E o . For the arbitrary I-th block, we then have the
following: ¢

(1) The upper bound of the gradient Lipschitz constant of I
with respect to wy ! for the network with mean removal is lower
than the upper bound of the gradient Lipschitz constant of F' with
respect to wy, ! for the non-normalized network.

(2) The upper bound of the stochastic gradient squared
expectation E[Hv[l]k fiII?] for the network with mean removal
is lower than the upper bound of the stochastic gradient squared
expectation E| HV . firlI?] for the non-normalized network .
Theorem 3. [Justification of Normalization via {3-Norm,
Eq. (5)] For the standard network with no normalization and a
standard network with normalization via lo-Norm , the inputs
of the first block and the outputs of the last block for the both
networks satisfy :17[] = 1] AV, [z iz = IV, f1k||2 and

HV;L] ficlla = ||V2[L f” H2 Suppose that at any - th block 0 <
'k

T,El] < 1 where T,Ll] =

for the arbitrary I-th block, we then

m ’
have the following: T

(1) The upper bound of the gradient Lipschitz constant of
F with respect to w1 for the network with normalization via
ly-Norm is lower than the upper bound of the gradient Lipschitz
constant of F with respect to wy,!! for the non-normalized network.

(2) The upper bound of the stochastic gradient squared
expectation IE:[||V1,ZJ,c fii|I?] for the network with normalization
via {o-Norm is lower than the up er bound of the stochastic gra-
dient squared expectation E| HV i, |I] for the non-normalized
network.

The proof of Theorem 2 and Theorem 3 is provided in
Appendix E and Appendix H. As shown in Figure 2, the
assumption 0 < 73, < 2 in Theorem 2 and the assumption
0 < 7 < 1 in Theorem 3 can be commonly satisfied in
practice.

Remark 1. In [1], the positioning of BN was discussed,
but the paper empirically concluded that placement before a
non-linearity activation is better. [41] and [42] experimentally
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placed BN after a non-linearity activation as an optional
experimental scheme, without making it a component of
their proposed methods. In contrast, in our CBN, placing
normalization after non-linearity is compulsory, which is
theoretically justified. Note that empirical “try-and-error”
methods are easily misled by superficial and incomplete
phenomena. Vanilla BN placed before widely-used ReLU
commonly performs better than vanilla BN placed after ReLU
when the magnitude p is not tuned(the reason for this can be
found in Section 5), and this phenomenon made prior works
tend to place BN before a non-linearity activation. Howev-
er, as our theory is guided without empirical distraction,
placing normalization after a non-linearity activation with
properly tuned magnitude enjoys significant improvements;
for details, please refer to our experiments.

Remark 2. The proofs of Theorem 2 and Theorem 3
indicate that the upper bounds of the gradient Lipschitz
constant and the stochastic gradient squared expectation
are proportional to p%, which means that a larger p speeds
up convergence more quickly. However, p cannot be too
large; otherwise, &;, will become too small, which will
lower the dynamic range and even lead to underflow
since machine precision is finite. Hence, p should be tuned
moderately in practice. In a broad sense, adding p is simply
equivalent to changing f(x"w) to f (—w) Thus, it seems
that the optimization trajectory remains the same when w is
magnified by an exact factor p. w is not more likely to learn
to be magnified exactly by a large factor p. The number of
local minima of a DNN is very large, and they are scattered
throughout the entire space. Therefore, adding p is likely
to help w in the network to more quickly converge to a
local minimum near the initial value rather than follow
a long and indirect trajectory to converge to the original
local minimum, since overparameterized neural networks
commonly converge to lower training losses while their
parameters hardly vary from their initial value [43], [44],
[45]. It is important to note that in the case of using a deep
and straight network, the prerequisite 0 < 'Yg][l < 1 stated
in Theorem 3 is often not satisfied during initialization if
we simply set p = 1. As a result, the norm of the gradient
will exponentially increase with depth, in accordance with
theoretical predictions [46]. Therefore, in such scenarios, it
becomes necessary to tune the parameter p to ensure that
0 < Zg]m < 1. Furthermore, by adopting the gradient
mdependence assumption presented in [46], we have the
potential to achieve more robust theoretical results, thereby
eliminating the need for the upper bounds in both Theorem
2 and Theorem 3.

4.2 Reduction in the Variance of the Stochastic Gradi-
ent

We now turn our attention to a technique that can
be embedded into CBN to reduce the stochastic gradient
variance. Its core idea is substituting the statistics pp, and
o, determined over the current batch with the adaptive
moving average statistics during training.

Rec:alhngT Egs. (4-7), it is easy to know that V,,, f;, =
(Vy,, fi,,)";,. Then, we conclude that reducing the vari-
ance of z/;, Cis helpful to minimize the variance of the
stochastic gradient V,, f;, due to the facts V]ab] =
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Fig. 2. The distribution cross channels of n; of (a) layer#2.cbn (stage1.0.cbn1), (b) layer#8.cbn (stage2.0.cbn1) and (c) layer#14.cbn
(stage3.0.cbn1) in ResNet-20 during training on CIFAR10, where n, = (us, — ﬂk)/E[xEQ] is defined in Theorem 2. s, and §i have

been shown in Eq.(4). E[xﬁl] depending on the full sets make it difficult to compute, so we practically substitute it with the exponential
moving averaae w4, in Ea.(8). In practice, the assumption 0 < n,. < 2 in Theorem 2 can be commonly satisfied.

4o0d3

(a) Layer #2

(b) Layer #8

(c) Layer #14

Fig. 3. The distribution cross channels of 7 of (a) layer#2.cbn (stage1.0.cbn1), (b) layer#8.cbn (stage2.0.cbn1) and (c) layer#14.cbn
(stage3.0.cbn1) in ResNet-20 during training on CIFAR10, where 7"} = A1 /p&[BL is defined in Theorem 3. ;. and o5, have been
shown in Eq.(5), and we set p = 1 in the experiment. In practice, the assumption 0 < 7, < 1 in Theorem 3 can be commonly

satisfied.

Algorithm 1. Training in the I-th layer of a standard
neural network with Complete Batch Normalization
Input: the training mini-batch data wg] = [ac[ll,]c , x[Qll]c , m‘[g‘k]
from the (I — 1) block at the k-th iteration, and the buffer
data /'L|[i1‘|k’a—|[»lj‘|k, and the learning rate oy at the k-th
iteration, and the positive constant w.
Output: x%H]
DD Sy
iy <7 1By 2uigeBy Tir
Tue € 0t
#Bk

1 1 1
gy mﬁk — THkI’L[B]k + 5,9

1k
l l
( (Y /[])2

2 1
UBk) — B ZikEBk(w g
1]
o
Ak
Top < T
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2]
Ul 'Y,[Cl] I,ik
ik o 0]
"ok 9By,
Y| upAy|
Yip & W T 4

I+1 1 1
2t e 1(s0)al! + 8(ylY)
Mk max(l — way, 0)

l l
ME\]HI ety + (1= ne)ps,

l l l
(0%, )% < (ol )? + (1 =) (ok,)?

 (V[a](E[b?] + E2[b]) + (E[a®] + E2[a])V[b]) if the random
variables a and b are independent. From Egs.(4-5), we
know that z”; = Y(=x —us, + 5t fpos, . Again exploiting
Viab] = 3 (Vial(EP?] + E2[b)) + (E[a] + E2[al)V[b]) and
another fact V[ja + b] = V[a] + V[b] when a and b are
independent, minimizing the variance of the batch statistics

1s, and op, is beneficial for decreasing the variance of

x”;, and will ultimately lower the variance of the stochastic
gradient.

Because the batch statistics 153, and o, are Monte Carlo
estimators, their variances are inversely proportional to
the number of given examples. The exponential moving
average statistics, fi4,,, npa, + (1 — n)ps,,, and
0%, = 104, + (1 —n)og,, are used in the testing stage in
vanilla BN. Actually, the modest exploitation of exponential
moving average statistics during training will reduce the
variance, but applying historical statistics will also inevitably
bring bias. Thus, we should strike a wise balance between
variance reduction and bias increase by controlling 7. If the
bias is large, we should decrease 7, and vice versa. Note
that the bias is inversely proportional to the learning rate
(the theoretical analysis is provided in Appendix E). Thus,
adaptively adjusting 1 by carefully tracking the learning rate
helps to reduce the variances of 113, and o, . We present the
adaptive moving average technique (AMAT) as follows:

KAk = Nk A + (1 - Uk)MBk, (8)
Oy = M0, + (1= k)0, )

where 7, is a decreasing function of the learning rate «,.
The batch statistics 115, and o, are substituted by adaptive
moving average statistics u 4, and o4, during training.

Notably, during training, if we use only the moving
average historical statistics to normalize data, the current
minibatch statistics will have less impact on backpropagation.
This can result in model parameter growth without any
improvement in loss. To solve this problem, as shown in
Algorithm 1, we use a technique from [9] where we introduce
ratios between the moving average historical statistics and



the current minibatch statistics, treating them as a constant
during computation. This allows us to use the historical
statistics for the forward pass, while the backpropagation
focuses on the current minibatch statistics.

Remark 3. BRN [9], MBN [19], ON [20] and MABN [10]
also leverage moving average historical statistics during
training. However, there are two differences between these
existing techniques and our proposed AMAT.First, the
previous normalization techniques adopted moving average
historical statistics to correct the current statistics in cases
with insufficient batch size and fill the gap between the
training and inference statistics, while AMAT aims to reduce
the variance of the stochastic gradient. Second, the previous
normalization techniques adopted fixed 1 or those that
diminished with the number of iterations, while the weighted
parameter 1 in AMAT is set to adapt to the learning rate.

5 RE-EXPLAINING THE EFFECTIVENESS OF BN
A standard block with BN is formulated as follows:
U U

Yip, = Wi T4 (10)
w1 0
Vie =V — 7 D Ui 1)
k k ‘Bk|ikeBk k
l , T
y'W =y B X ()Y (12)
i €8
A =150l + 5y, (13)

where §(-) is an activation function. The shift and scale
parameters are omitted for simplicity.

Although CBN is similar to vanilla BN, there are still
significant distinctions, as shown in Figure 1. First, the
placement positions are different. Vanilla BN is placed behind
the linear activation layer, while CBN is located in the
front of the linear activation layer. Second, mean removal
and normalization with the 3 norm are tangled in vanilla
BN, but the two parts are decoupled in CBN. Third, we
add a hyperparameter p in CBN to tune the magnitude
of normalization to achieve better performance. Fourth, we
adopt adaptive moving average statistics in CBN to exploit
historical information rather than statistics over the single
current batch.

Since each step of CBN in Egs. (4-7) is theoretically
justified, we can analyze the effectiveness and weakness of
BN via the differences between BN and CBN. BN is applied
after the linear activation and before the nonlinear activation
function. Hence, from our theoretical analysis in Section 4,
BN actually takes effect for the linear activation in the next
block. Due to the nonlinearity of the activation function,
the benefits of normalization are impaired. However, when
ReLU is used, the degradation is not so serious. The reason
for this is presented as follows. Due to mean removal in Eq.
(11), the intermediate features {y” Elk] }iven, are commonly
symmetrical around zero, such that the following holds:

" [l] 5(y// 1 )

(+1 _ 5 Y i
" 1 mu; 2 2 iyl 2
Wz%esk (y ik) sz'kesk (5(y %))

(14)
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When used in conjunction with ReLU, vanilla BN can be
seen as equivalent to performing £,-norm normalization with
a normalization magnitude of p = /2 for CBN. This means
that regardless of whether the normalization is performed
before or after the ReLU activation, the effects of £5-norm nor-
malization are the same, but with a scaling factor difference.
According to Theorem 3, this approach can effectively reduce
the gradient Lipchitz constant and the stochastic gradient
squared expectation. Moreover, placing vanilla BN before
ReLU usually outperforms placing it after ReLU without
tuning p, and this is because the scale factor /2 is naturally
suited to ReLU-like nonlinearities. However, this coincidence
does not hold for other types of nonlinearities. On the other
hand, the position and construction of CBN is designed
based on theory and offers a more general guarantee of
effectiveness. This is confirmed by experimental results in
Section 6, which show that the more a nonlinearity differs
from ReLU, the greater the improvement CBN provides over
vanilla BN.

Remark 4. The prior work of Santurkar et al [12] demon-
strated that the effectiveness of vanilla BN is due to its ability
to improve the Lipschitzness and “effective” S-smoothness
of the loss. However, our work makes new contributions
to deepen the understanding of batch normalization and
identify a direction for further improvements. Firstly, while
[12] shows that vanilla BN enhances the Lipschitzness and
[B-smoothness of the loss, it remains unclear how these effects
lead to faster convergence and smaller converged minima,
which are the primary benefits of vanilla BN. In contrast, we
adopt a top-down strategy, deducing sufficient conditions for
faster convergence and smaller converged minima when
stochastically optimizing a general non-convex problem.
We then construct CBN, which can elicit all these effects.
Secondly, in [12], the authors omit non-linear activation when
performing theoretical analysis. However, our theoretical
analysis considers non-linear activation and shows that
normalization should be placed after the non-linearity. Our
extensive experiments have demonstrated the ineffective-
ness of pre-activation vanilla BN and the validity of post-
activation CBN. Thirdly, [12] only analyzes a fixed block with
or without vanilla BN, assuming that the input and output
of a fixed block are the same in both cases. However, this
idealized assumption deviates from reality, as the outputs
of the block with or without BN will be different, and the
inputs of the next block with or without BN will also be
inequable. In comparison, we analyze the entire network
with multiple blocks, and our analysis does not require the
inputs and outputs of the intermediate blocks to be the same.

6 EXPERIMENTS

6.1 General Settings

We assess the performances of vanilla BN and CBN when
embedding in widely-used VGG-Net [47], ResNet [48] and
EfficientNet [49] on the CIFAR10, CIFAR100 and ILSVRC2012

benchmark datasets in this section.
For the experiments on CIFAR10 and CIFAR100, the

"experimental settings are the same as that in the original

paper proposing ResNet [48] except for the total iterations.
We sample a set of 128 examples with replacement for each
batch. SGD is adopted with a momentum of 0.9 and a
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TABLE 1
Comparison of mean test accuracy and standard deviation of 10 trials for BN and CBN embedded ResNet-20 with different activation
functions on CIFAR10.

Before ResNet-20
Methods Opera. Decouple Tune p AMAT Sigmoid Tanh ReLU SELU Swish
@ BN (Baseline) - - - - 78.97 +os3 87.59 +ox2 91.13 + o009 89.69 +on 91.24 +on
@ CBN v v v v 91.20 + 006 91.73 +o07 91.98 + 0.06 91.57 +o0s 92.16 +o00s
Improv. (+12.13) (+4.14) (+0.85) (+1.88) (+0.92)
® v - - - 88.78 +on 89.85 +0.06 91.27 +o16 91.08 + o016 91.72 +o13
(+9.81) (+2.26) (+0.14) (+1.39) (+0.48)
@ v v - - 89.75 +o1s 91.29 + o005 91.50 + o011 91.17 +o0s 91.89 + o006
(+10.78) (+3.70) (+0.37) (+1.48) (+0.65)
® v v v - 90.93 +om 91.39 + o010 91.58 + 007 91.45 +o12 91.93 + o008
(+11.96) (+3.80) (+0.45) (+1.76) (+0.69)
® - - v - 79.75 +ox 87.64 +o0s 91.53 +o1s 90.13 + 006 91.32 +on1
(+0.98) (+0.05) (+0.40) (+0.44) (+0.08)
@ - - v v 80.27 +o16 87.77 + 006 91.67 + o008 90.31 + o004 91.52 + 009
(+1.30) (+0.18) (+0.54) (+0.62) (+0.28)
TABLE 2

Comparison of mean test accuracy and standard deviation of 10 trials for BN and CBN embedded VGG-16 with different activation
functions on CIFAR10.

Before VGG-16
Methods Opera. Decouple Tune p - AMAT Sigmoid Tanh ReLU SELU Swish
® BN, Baseline - - - - 82.38 +0s6 88.80 + o008 93.12 + o009 89.60 + 005 92.58 +on1
@ BN v v v v 92.66 + 008 92.94 +o0s 93.86 + 006 93.81 + o008 94.07 + o007
Improv. (+10.26) (+4.15) (+0.73) (+4.21) (+1.49)
©) v - - - 91.40 + o016 92.81 + o008 93.24 + 005 93.02 + 008 93.48 + 0.06
(+9.02) (+4.01) (+0.12) (+3.42) (+0.90)
@ v v - - 92.13 + o010 92.77 +on 93.32 +o13 93.21 + 005 93.63 +o11
(+9.75) (+3.97) (+0.20) (+3.61) (+1.05)
® v v v - 92.31 +on 92.85 +o13 93.51 +on 93.44 o1 93.71 +o13
(+9.93) (+4.05) (+0.39) (+3.84) (+1.13)
® - - v - 86.57 +om 89.70 + o000 93.44 + 006 89.86 + 0.0 92.76 +om
(+4.19) (+0.90) (+0.32) (+0.26) (+0.18)
@ - - v v 86.69 +o0s 89.84 + 006 93.63 + 005 89.98 + 005 92.90 +o12
(+431) (+1.04) (+0.51) (+0.39) (+0.32)




TABLE 3

Comparison of mean test accuracy and standard deviation of 10 trials for BN and CBN embedded ResNet-20 with different activation
functions on CIFAR100.

Before ResNet-20
Methods Opera. Decouple Tune p - AMAT Sigmoid Tanh ReLU SELU Swish
@ BN (Baseline) - - - - 46.05 + o020 63.15 + o0 67.21 +o12 63.81 +o014 67.82 + o010
® CBN \/ \/ \/ ‘/ 66.92 =+ 0.08 67.13 + 0.07 6855 =+ 0.05 6743 =+ 0.08 6952 + 0.16
Improv. (+20.87) (+3.98) (+1.34) (+3.62) (+1.70)
©) v - - - 65.06 +0.09 66.42 +o11 66.78 +o12 66.13 + 009 67.25 +o12
(+19.01) (+3.09) (-:0.43) (+2.32) (-:0.57)
@ \/ \/ = = 66.64 =+ 0.08 66.24 =+ 0.10 6790 =+ 0.08 6622 + 0.16 6831 +0.13
(+20.59) (+3.27) (+0.69) (+2.41) (+0.49)
® v v v - 66.82 +o11 67.13 +o1s 68.28 +0.00 66.40 + 000 69.17 +o15
(+20.77) (+3.98) (+1.07) (+2.59) (+1.35)
® - - v - 48.82 + 024 63.26 +o0.14 67.38 + o1 65.03 + o014 67.93 +o10
(+2.77) (+0.11) (+0.17) (+1.22) (+0.11)
@ = = \/ ‘/ 49.88 +0.15 63.45 =+ 0.10 6751 =+ 0.09 6525 + 0.08 6801 +0.11
(+3.83) (+0.40) (+0.30) (+1.44) (+0.19)
TABLE 4

Comparison of mean test accuracy and standard deviation of 10 trials for BN and CBN embedded VGG-16 with different activation
functions on CIFAR100.

Before VGG-16
Methods Opera. Decouple Tune p - AMAT Sigmoid Tanh ReLU SELU Swish
@ BN (Baseline) - - - - 60.37 +o10 66.54 + o015 72.56 + o007 65.52 + o017 71.78 + o008
@ CBN v v v v 7241+ 007 72.12 +o0s 73.72 + 006 71.39 +o07 73.93 +o0s
Improv. (+12.04) (+5.58) (+1.16) (+5.87) (+2.15)
©) v - - - 70.03 <010 70.89 + o009 72.09 +o07 70.18 +on 72.15 +o10
(+9.66) (+4.35) (-0.47) (+4.66) (+0.37)
@ v v - - 71.01 +o0s 71.16 +o10 72.86 +0.09 70.27 +o17 72.79 +on
(+10.64) (+4.62) (+0.30) (+4.75) (+1.01)
® v v v - 71.44 +on 71.53 +o12 73.45 1 o012 70.60 + o000 7311 o1z
(+11.07) (+4.99) (+0.89) (+5.08) (+1.33)
® - - v - 63.33 +o19 66.89 + o017 72.77 +ous 66.57 +025 71.97 +o1s
(+2.96) (+0.35) (+0.21) (+1.05) (+0.09)
@ - - v v 64.09 +o0s 66.98 +o0s 7291 +o06 66.80 + o015 72.05 +o0s
(+3.72) (+0.44) (+0.35) (+1.28) (+0.17)
i = i = i = Gt = Grienian) — e
e T Sl e = e
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Fig. 6. Visual comparison of training losses for BN and CBN embedded in ResNet-18, ResNet-50, and EfficientNet-B0O on ILSVRC2012
with different active functions: (a) Sigmoid, (b) Tanh, (c) ReLU, (d)SELU, and (d) Swish.

TABLE 5

Comparison of top-1 test accuracy for BN and CBN embedded ResNet-18, ResNet-50 and EfficientNet-BO with different activation
activation functions on ILSVRC2012.

ResNet-18 ResNet-50 EfficientNet-B0O
SigmoidTanh ReLU SELU Swish| SigmoidTanh ReLU SELU Swish| SigmoidTanh ReLU SELU Swish
BN 52.03 6445 70.02 6546 70.81 | 4438 6935 76.02 69.68 7621 | 55.04 6795 7371 6951 74.61
CBN | 70.15 70.12 7043 7110 7139 | 7282 7393 7638 7469 7675 | 7036 7147 7405 7257 75.08
Imp. | (+1812) (+5.67) (+0.41) (+5.64) (+0.58)| (+28.44) (+458) (+0.36) (+5.01) (+0.54)| (+1532) (+3.52) (+0.34) (+3.06) (+0.47)




weight decay of 0.0005. To simplify the tuning process and
ensure fair comparisons, in each case, we start with the
same learning rate of 0.1, divide the learning rate by 10
after 60 and 100 epochs, and finally terminate the procedure
after 120 epochs. For the experiments on ILSVRC2012,
SGD is adopted with a momentum of 0.9 and a weight
decay of 0.0001. We sample a set of 256 examples with
replacement for each batch, and each batch is uniformly
distributed across 8 GPUs. The learning rate starts at 0.1
and is divided by 10 after 30, 60 and 90 epochs; training is
finally terminated after 120 epochs. The data augmentation
and implementation follow the PyTorch official codes at http-
s:/ / github.com/pytorch/examples/tree/main/imagenet.

6.2 Comparison with Vanilla BN

We evaluate the performance of the proposed CBN in
comparison with that of vanilla BN based on the training
convergence speeds and the inference classification accura-
cies achieved on CIFAR10, CIFAR100 and ILSVRC2012. Note
that when applying AMAT, we simply set the exponential
parameter in Eq. (9) to 1, = max(1 — 10 x Ir,0). The results
are reported in Figures 4-6 and Tables 1-5.

In comparison with vanilla BN, CBN can make the
training loss converge faster and the final converged value
smaller ( Figures 4-5), and then it enjoys better inference
classification accuracy (please see the first two lines in
Tables 1-4). Specifically, benefitting from CBN, the training
convergence for networks with Sigmoid, Tanh and SELU
improves considerably in terms of speed the final converged
values, with the test accuracy improvements of more than
13%, 4%, 3.5% on average, respectively. Compared with
vanilla BN, the improvement for CBN with ReLU is not
so substantial as that with Sigmoid, Tanh and SELU. The
reason for this has been elaborately demonstrated in Section
4. When we apply ReLU, placing normalization before
or after the linear activation is roughly equivalent, while
applying Sigmoid or Tanh, the position of normalization
plays a key role in boosting performance. However, when
ReLU changes slightly, such as Swish, the equivalence of
placing normalization before or after the linear activation is
also slightly impaired. Therefore, as illustrated in Figures
Fig.2-5 and Tables 1-4, CBN with Swish can receive greater
improvement in terms of its training convergence speed and
inference accuracy than CBN with ReLU ( approximately
1.6% versus 1.0% on average). In other words, our extensive
experiments have confirmed that the less the nonlinearity
resembles ReLU, the more obvious the improvement of CBN
over vanilla BN becomes; this situation is in accordance with
the theoretical analysis in Section 5. Notably, with the help
of CBN, the performance of the networks with Sigmoid and
Tanh are fairly close to that of the networks with ReLU, thus
further verifying the power of the proposed approach.

There are four main different features in CBN — placing
normalization before the linear activation, decoupling the
mean removal and normalization process, tuning the best
normalization parameter p and adopting AMAT during
training. To validate the effectiveness of each feature, we also
implement experiments with intermediate methods in which
BN with one or more features. As displayed in Tables 1-4,
placing BN before the linear activation (@) achieves substan-
tial improvements when Sigmoid, Tanh or SELU is equipped.
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However, when ReLU or Swish is applied, the performance
of @ is even inferior to vanilla BN (comparing @ (vanilla BN)
and @). No matter whether the normalization approach is
performed before or after ReLU, the effects of normalization
with the ¢ norm are the same (except for a scaled factor V2),
and only the scaling factor makes BN slightly outperform
@. Decoupling the mean removal and the normalization
with f-norm yields further improvement(comparing @
and @). With the assistance of the tuned p, a significant
gain in test accuracy is achieved (comparing @ (vanilla
BN) and ®, @ and ®), which experimentally demonstrates
the effectiveness of tuning normalization magnitude. When
exploiting AMAT, the modified method steadily increases
the test accuracy (comparing @ (CBN) and ®, ® and @ ).
Interestingly, compared with @ (vanilla BN) and ®, the
standard deviations for @ (CBN) and @ are decreased,
which implies that adaptive moving average can reduce
the variance.

We also report the results of classification experiments
performed on the large-scale ILSVRC2012 dataset. As shown
in Figure 6 and Table 5, the training convergence rate for
CBN is also consistently faster than that for BN, and the
test accuracy achieved with CBN is also higher than that
achieved with BN, demonstrating that CBN is also effective
on large-scale datasets. Specifically, when Sigmoid, Tanh or
SELU is applied, CBN substantially boosts the classification
performance by more than 20, 5% and 5%, respectively on
average, respectively. When ReLU is employed, the test
accuracy improvement is not so obvious (approximately
0.4%), but it is still completive to the-state-of-art modified
batch normalization [9], [19], [42]. Similar to the experimental
results obtained on CIFAR10 and CIFAR100, compared CBN
with ReLU, the gains of CBN with Swish in terms of the
training convergence and the inference accuracy are also
boosted, which experimentally validate theoretical analysis
in Section 5. Notably, ReLU is originally employed in ResNet
[48], and Swish is specifically equipped for EfficientNet
[49], but the gains from the use of CBN with ReLU and
Swish for both ResNet and EfficietNet are not obviously
distinguishable, which indicates the benefits of CBN may be
independent of the use of specific network architectures.

6.3 Performance Analysis for Components

We perform ablation experiments with ResNet-20 on CI-
FAR100 to clarify the contributions of mean removal and
the normalization with the /;-norm of CBN. We find
the maximal learning rate (Ir) from the candidate set
{0.0001,0.001,0.01,0.1,1} that ensures that training does
not collapse for the four approaches ( no normalization,
mean removal, normalization with ¢3-norm and CBN). From
Theorem 1, we know that the maximal Ir is inversely pro-
portional to the gradient Lipschitz constant, i.e., [rmax = %
Hence, the results in Table 6 imply that both mean removal
and normalization with the /3-norm can help to reduce the
gradient Lipschitz constant, but normalization with f,-norm
contributes more, which experimentally validates the first
conclusion in Theorem 2 and Theorem 3. Moreover, as shown
in Figure 7, mean removal and normalization with ¢5-norm
are also beneficial to reduction in the stochastic gradient
squared expectation, experimentally validating the second
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TABLE 6
Ablation study on mean test accuracy and standard deviation of 10 trials with ResNet-20 on CIFAR10.

o Test Accuracy
Mean Removal Normalization | Max. ir Sigmoid Tanh ReLU SELU Swish
- - 0.001 35.96 + o024 69.67 +0.06 80.40 + o055 77.15 100 81.37 + o023
v - 0.01 63.99 + 036 87.30 + o013 89.99 + 0.6 87.61 +o1s 90.01 + o007
- v 0.1 81.22 + o023 88.65 + 017 91.33 +o12 90.76 + 008 91.17 + o006
v v 0.1 91.20 + 005 91.43 +o07 91.98 + 0.6 91.57 +o0s 92.16 +o004
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Fig. 7. Visual comparison of gradient norm for CBN components embedded ResNet-20 on CIFAR10 with different active functions:

(a) Sigmoid, (b) Tanh, (c) ReLU, (d) SELU, and (e) Swish.

conclusion in Theorem 2 and Theorem 3. This then leads to
the higher testing accuracy shown in Table 6. Normalization
with the ¢o-norm still performs better than mean removal
in this case. More importantly, the results of CBN (mean
removal + normalization with /5-norm) demonstrate mean
removal and normalization together can generate the effect
of ”1 41 > 27, especially when Sigmoid, Tanh or SELU is
applied.

6.4 Sensitivity Analysis For p

We add a scaling factor p to magnify the normalization
magnitude for CBN. In this subsection, we analyze influences
of different values of the scaling factor p: {0.25,0.5,1,2, 4,8}
for CBN embedded ResNet-20.

As shown in Figures 8-9, when p is moderately large, it is
not only beneficial for speeding up training but also helps
the training loss to ultimately converge to a smaller value
so that CBN achieves higher test accuracy. However, if we
further increase p to a large value, although the convergence
speed is further accelerated, the training loss is more likely
to converge to a larger local minimum. The reason for this is
discussed in Remark 2 of Section 4. An excessively large p
causes the activation function (tanh or sigmoid) to operate
predominantly in the linear regime, which further harms the
representation capability of the neural network, making it
difficult for the training loss to reach a better local minimum.
An excessively large p also lowers the dynamic range since
machine precision is finite. On the other hand, as displayed
in Figure 8, when p is too small, the training convergence
becomes slow and unstable.

Another interesting phenomenon is that the best values
of p among CBN with ReLU, Tanh and Sigmoid become
larger in order. ReLU, Tanh and Sigmoid compress the inputs
greater in order, so the outputs of ReLU, Tanh and Sigmoid,
which are also the inputs of CBN, successively become
smaller. The best value of p in CBN with Sigmoid is even
smaller than 1.

From Figures 8-9, we know the performance for CBN
with ReLU, SELU or Swish is robust to the varying range of

p. Although the performance for CBN with Sigmoid or Tanh
is sensitive to the value of p, CBN with Sigmoid or Tanh
achieves better performance in the worst-case scenario than
vanilla with Sigmoid or Tanh. Therefore, if we simply set
p = 1 as the default value, CBN will still outperform vanilla
BN.

6.5 Variance Reduction Analysis for AMAT

Previous works have leveraged moving average statistics
during training. Our contribution is not initially exploiting
moving average statistics. The concept “adaptive” is just the
core of our method to receive better performance due to
resulting in stochastic gradient variance reduction. From our
theoretical analysis, AMAT adaptively adjusts the moving
parameter 1 by carefully tracking the learning rate to help
reduce the variance the stochastic gradient. In contrast,
fixing the moving parameter  may degrade rather than
improve the performance. To verify this claim, we implement
comparison experiments including vanilla BN, CBN without
AMAT, CBN with a fixed moving parameter and CBN with
AMAT embedded in ResNet-18 on ILSVRC2012. Notably,
when applying the adaptive moving average scheme, we
simply set the exponential parameter 7, = max(1—10xIr,0),
and when adopting the fixed moving average parameter 7,
we simply set 7 = 0.9. We also set = 0.9 for vanilla BN.

igure 10 illustrates that CBN with AMAT offers significant
advantages over vanilla BN and CBN without AMAT. Specif-
ically, using CBN with AMAT reduces both the stochastic
gradient variance and the gradient itself. However, it is
worth noting that fixing the moving parameter 7 does not
necessarily decrease the stochastic gradient variance. In
fact, fixing n may increase bias, which negatively affects
performance. These results suggest that CBN with AMAT is
a valuable technique for improving the performance of deep
learning models.

7 CONCLUSION AND DISCUSSION

The practical success of vanilla BN in accelerating training
convergence and improving inference performance is indis-
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putable. However, the mechanism behind its effectiveness
is not fully understood. In this paper, we do not directly try
to theoretically justify vanilla BN and then improve it. In
contrast, we derive the factors that influence convergence
rate and the final converged minimum, and used this
knowledge to construct a new normalization approach, called
CBN, which is proven to induce these factors. We then
compared CBN to vanilla BN, which allowed us to assess the
effectiveness of vanilla BN. Our analysis show that vanilla
BN is only effective when used with ReLU, and that even
minor changes to ReLU, such as Swish, can result in a decline
in performance.We conducted extensive experiments that
validate our theoretical analyses and demonstrate that CBN
is superior to vanilla BN. Specifically, when Sigmoid Tanh,
SELU is applied, CBN boost network classification accuracy
by an average of 15%, 4% and 3.5%, respectively, compared
to vanilla BN.

Theoretical work by Lipschitz (2018) shows that it is NP-
hard to exactly estimate the Lipschitz constant, which has
important implications for estimating the gradient Lipschitz
constant and the stochastic gradient squared expectation.
Therefore, it is more realistic to estimate their upper bounds,
which are still theoretically and practically significant. Tight-
ening these upper bounds is an avenue for future research.

Normalization approaches can be thought of as opti-
mization algorithms that modify the structure of machine
learning models to accelerate convergence. This is in contrast
to conventional gradient descent algorithms that work on
gradients. By modulating the structure of the model, we can
potentially develop promising new optimization approaches,
which we plan to explore further in future research.
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APPENDIX A
PROOF OF THEOREM 1

Proof. Since Assumption 1 holds, at the k-th iteration we
have

L
F(wgt1) < Flwg) +(VF (wg), w1 — w)+ 5 [wer1 —wg ||,

(15)
It is known w41 = wr — agvy in Eq. (2), which further
implies that

Flwgr) <F(wx) — o (VF(wy), v5) + L—nv 2
=F(wg) — ags1 (VEF(wg),vg — VF(wk»

Lao?
— ag||[VF(wg)||* + TkHU’“HQ

Qe Qe
<F(wg) = SIVE @) + S fow = VE(wp)]

La3
+ B,
(16)
where the last equality follows the fact that —(z,y) <

M Taking expectation on both sides of the above

1nequahty, we have

a
E[F ()] <F(wy) = || VF ()]
ay, La?
+ S B [llox = VE (i) [7] + 2E [[loe]”]
17)
Rearranging the terms yields

O | () <F(w) ~ ELF ()] + 225 (o

+5E [llon = VF(wo)]?]
(18)
Taking the total expectation and summing over 1 to K and
combining F* < F(wg), we obtain

K
% S aE [ VF(wy)|?] <E[F(w,)] — F*
K
+3 godEllveel)
k=
1 K
53 0 e = VF ()]

(19)
It is known the the stepsizes (the learning rates) {11}
satisfy oy, < % and o < ag, and then we we have

%KZ IV F(we)|?) <(ELF (wo)] - F*)

K
a
+ 3 S (Vo]
k=1
K oy
+ —E ||[vx — VF(w
> Gl ~ TR0
(20)
Observing the fact E[A + B] = E[A] + E[B] and

the Cauchy-Schwarz Inequality (+ Zfil |V E(wy)]])?

14

+ Z@K=1 |V F(wy)||? and dividing the both sides of Eq. (20)
with %<, we further obtain

1 & © A(B[F(wp)] - F?)
E[K;nvmmn} <IEEL

K
1
]E 2
Ry 25 Bl
| K
e —— E —VF 2
+KO€K]€Z::1ak e — VE(wi)[°],

2n
and finally we arrive at the desired result. O

APPENDIX B
LEMMA 1

Lemma 1. Given L : R™*P — R, A € R™*", B € RP*4,
C e R™*%and Z € R™ P, we define f(U) = f(AZB + C);
then, the Hessian matrix with respect to Z is:

(B ATVLfU)B' ® A),

V2f(Z) = (22)

where V2 is the second-order derivative operator, @ is the
Kronecker product operator.
Proof. Since f(U) = f(AZB + C), we know

(Vuf(U) ov)
(Vo (V)" 0(42B))
(Vo fO)" AaZB)

oL =Tr

E
=Tr
(23)
= (
—Tr (B Vo f(U)) A@Z)

where the last equality results from Tr(XY)
Hence, we obtain

=Tr(YX)

VzL(Z)=A"Vyf(U)BT (24)

Further, we have

vec(d (V5 f(Z))) =vec (a (ATVU F(U ))
=(B® AT )vec(d(Vu f(U)))
vee(d (Vo F(U)
vec(0U)
f(U)vec(AOZB)
fU)(BT @ A)vec(0Z)
(25)
where the second equality and the fifth equality is due to the
fact that vec(XYW) = (W' @ X)vec(Y).
It implies that

vee((0V2f(Z))
vec(02)

=(BoAT)” ec(9U)
=(B® AT)V4f
=(B® A")V%

= (BeA)VEf(U)BT @A),
(26)

V(Z) =

and finally we achieve the desired result. [J



APPENDIX C
LEMMA 2

Lemma 2. Given that a € R% is a vector and it satisfied ||a|| = 1,
we obtain || — aa’ ||z = 1.

Proof. aa” and a'a have the same non-zero eigenvalues,
and we know a ' a is actually a scalar and the valueis a'a =
lal|? = 1, so that the eigenvalue of a' a is 1. Therefore, the
eigenvalues of aa " is either 1 or 0, and then the eigenvalues
of I — aa’ is either 1 or 0, so we obtain the conclusion

Il —aa™|s=1.0

APPENDIX D
LEMMA 3
Lemma 3. A standard network with no normalization and a

standard network with CBN are respectively shown in Figure 1(a)
and Figure 1(b). The inputs of the first block and the outputs of the

last block for the both networks satisfy :EE] = i"i]/ ||Vm[f] firll2 =
Va5 fiillz and [1V2 101 fir 2 = 1V 101 fill2- Suppose that at
C 'Lk Trk

_gll
I-th block with mean removal 0 < 77,[5] < 2 where f),[j] = M; ’Ei[f]* ,
ik

we then have the following at any block:

(1). The upper bound of E[||xlk ||3] is less than the upper bound

ENzY )12

of B[l 3 A

(2). The upper bound of E[||V . fi, [|2] is less than the upper

- if
bound of E[||V .1 fi, ||2]-
Zk .
(3). The upper bound of ||V?,, Fg||2 is less than the upper
Tk

bound of ||V2 l]Fk||2

Proof. We use mathematical induction to prove the proposi-
tions.

(1) We first to comparative analysis for the forward paths
for the network with mean removal and the network without
normalization.

For the inductive step, we assume the following inequali-
ty holds, i.e.,

sup(E[||2112)]) < sup(E[|#(12),

We analyze the network with mean removal. It is known

27)

[l] . i
ik 7[1113 - [Bl]k +/8[l] where /_L[l] — ]Ll] [l]E[ [l]] and
then
(U .
Efl's, 13 =Elll&,) — s, + 5 3]
l 1 1
o) - il “1||21 o5
l N :
—ajali3 - %z — Ay,

It is known that 0 < ﬁ,[cl] <2,500< 77;[@[](2 - f];[gl}) < L
Then, we have

U
N

E(lla";, 13] < E[|2}]13].

il = wllz [lj implies that

i, = wi'e
2

l l
158113 < w1311, 113 (30)
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Since the nonlinear activation d(-) is a shrinkage function,

we obtain
i1
z;,

where I(SC) indicates whether there is a shortcut, and 0 <
<.

1k —

Combining Eq.(28-31), we obtain

B[l 3] < (18C) + (D2 wf13) B4 1]
< (180) + i3 B2 5 13

Similar to Eq.(30-32), for the [-th layer in the network
without normalization, we also have

Eflz0 3] < (1C) + (D2 1wl 13) Bl 13)
< (180) + wi113) EEE 13
Combining Eq.(27), Eq.(32) and Eq.(33), we obtain
Al )

(SC) [l]+<zl] Al

k:Zk

31

),

sup(E[[|Z;, < sup(E[[|z; (34)

where this completes the inductive step. We know that
the inputs of the network with mean removal and the
non-normalized network are the the same, i.e., 33[1] =7 Ei]
Since both the base case and the induction step have been
proved as true by mathematlcal induction the statement
sup(E [||:v || ) < sup(E [||:n || ]) holds for any layer s
1<s< L)

(2) We first comparatively analyze the backward paths of
the network with mean removal and the network without
normalization.

For the inductive step, we assume that the upper

bound of E[[|V, e fxll]? is less than the upper bound of
E[|V.i a1 fir 12 at the [-th layer holds, i.e.,

afil®) (39

We analyze the network with mean removal. We know

%H = 5( ) Then, for the derivative with respect to y[ ],
we have

IV, Ficl? = 18 G OV o fi |12 < 1V 000 £ 12, (36)

SUp(E(|V o1 i [P)) < Sup(B[V -

where ||§’(g}l[lk])|| < 1 since the derivative of the nonlinear
activation ¢(u) with respect to w is less than 1.

It is known y,[ﬂ [l]
1, we have

190 fu P = Il 0}

and then according to Lemma

)TV s falP < T 1PV Fo .
7‘76 ’lk
(37)

1. The equality of Eq.(30) can be basically satisfied in practice. Because
we commonly employ Xavier Initialization for the network, so that at the

beginning, the parameter w([)l] at the l-th layer make sure E(||y£l0]||g) =
(||:Jc[l ||3) satisfied. According to the latest neural tangent kernel(NTK) theory,

overpammeterized neural networks make their parameters hardly vary from
their initial value in optimizing process. Furthermore, the nonlinear activation

function 8(+) can make the following statement satisfied that when Hyzl] |2 <
||y || ||ac [+1] H < |z [l+1]||2 Therefore, loosely speaking, IE[||aclel 3] <
E[|z; [H'l] || | can also hold without the upper bound symbol.



~ [l
It is known x’Ej =

N
ik IB\ DB xgk + B and we
define

N NURNL N
x[BL - {x[li,x[zi,...,x‘[élk} (38)
and (1] AU (1]
T'g, = {x 10T 9,5 ...,x"mk} . 39)
Then, we have
~ 1] N[ l
(x/3k> = (xgk)j (1— Bt ) +(8);, @0
J

where j €

Nl -l

El, 2,...,d] and d is the number of dimension of
#7, and 2’y , and [ is the identity matrix and 1 = [1,1,..., 1].
——

|B]
Next, we obtain
2 L T2
V.u fB. =|(V.ufs. ) (I- —11T>
H( g fo) | = (Ve fo) (175
2 1 9
< V-uf I——11"
: (m'%lf‘*k)j H B]
2
= (wa[g ka) ;
k j
(41)

where the first equality is due to Lemma 1, and the last
inequality is owing to Lemma 2.
We further have
2}
( l] f Bk> )

e 1
V. fi. =__FE
‘ a0 fan } B
(Y Ju),
V_u fsy
By,

2]
I

j=1

Combining Eq.(36-42) and the fact i:gl;rl] = H(SC)@EQ +
) (gﬁ}) where [(SC) indicates whether there is a shortcut, we
have

19,0 || =E{HS0) + )@ G © Tyn £

o T 2
(1= )

< (1) + llwf!I?) BV gy fuc

Vj[BIJ i

2
(42)

d
J:1

< —FE
~ |8

_lg
B

V. fi
H i T

(43)

Similar to Eq.(36-37)and Eq.(43), we can obtain the

following inequality for the [-th layer in the network without
normalization,

E[IV o foo ) =E[I1(SC) + (W) T (G o v, s fi)I?]

< (KSC) + I I?) BIIV o i, 1.
' (44)
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Combining Eq.(35), Eq.(43) and Eq.(44), we have
SUp(E[| V0 f 1) < sup(E[I 7 0 F ),

It completes the inductive step. We know that l;-norm of
the derivative of f; . with respect to £;, for the network with
mean removal and f with respect to #;, for the network with-
out normalization are equal, i.e., ||V z) fill? = V.1 2 fiell?

(45)

Since both the base case and the 1nd11ictlon step have been
proved as true, by mathematical induction the statement
sup(E[[|V 1 fii [17]) < sup(E[|V lfzk 1) holds for any

layer s (1 < s < L) 2.

(8) We comparatively analyze the backward paths of
the network with mean removal and the network without
normalization.

For the inductive step, we assume that the upper bound
of ||V2 1) | Fy.||2 for the network with mean removal is less

than the upper bound of || V2 ) F}.|| for the network without
normalization at the I-th layer holds, i.e.,

sup(IIVWquIIz) < Sup(IIVigmﬁkll)v (46)

where ' = @ Yicu fi where U is the universal sample set

d1 =W Lm0
and Iy, [xlkv 25 |z,{k|k]
We analyze the network with mean removal. For the

second-order derivative with respect to any sample yl[k], we

have

||vz ills = 116" (@) @ v 1 Firll2 <1IV2 z+11fzk|2, (47)

where||§” (QZ[Q)H < 1 since the second derivative of the

nonlinear activation §(u) with respect to u is less than 1.
Next, according to Lemma 1, we have

1920 Fallz =12 © (i) VE 0 fin (T & w2
snv%,mfikmum<w£§]>T><I®wE]>||2
=[|1 & ((wi)T w£]>||2||v%,mﬁk||2

= () Tw ]||2\|v2,u Ful

=||w} Hz”vz,m Fiell,
vl

(48)

where the third equality (i%) results from (A ® B)(C ® D) =
AC ® BD, and the fourth equality is following the fact that
[A® Bll2 = [|All2[|Bl|2-

2. The equality of Eq.(37) can be basically satisfied in practice. Because
we commonly employ Xavier Initialization for the network, so that at the

beginning, the parameter wg] at the l-th layer make sure IE(”VIU] fiell3) =
0
(||V 1 fir, |3) satisfied for both network with mean removal and the network

wlthout “normalization. According to the latest neural tangent kernel(NTK)

theory, overparameterzzed neural networks make their parameters hardly vary

from their initial value in optzmzzzr? process. Furthermore, it is reasonable for
)

||(5’(yzl])®V [Hl]f” || ~ ||6’(y OAN [t-+1) fzkH Because if the nonlinear
activation is Sz%mozd or Tanh, it commonly works in the linear range, so

that 9[1 and 6 are both close to 1, and if nonlinear activation is a ReLU-
type nonlmearzty, the positive inputs will be passed almost wzthout distortion

and the negative inputs will be set to zero, and the inputs {x }'Lk cu and

{xlk ti weu are commonly symmetrical around zero. Hence, loosely speaking,

]E[HVx l]fzk l2] < E[\lvx[z fzk 1] can hold without the upper bound symbol.
k k



It is known 2/, H = [l] IB\ D ineB T A[l] + ﬁk , and the

definitions of X z[s] and X [B]k are shown in Eq.(38) and Eq.(39),
AUl Nl 1 44T [l

and then we have < )j = (ka)j (I — g1l )+( L)

WesetV =1 — 8l BI 117, and we further obtain

H (Vz[é] ka)
k J

_(VT®I)

(viﬁ[l] f3k>
z'g,, j

(vf;/[l] ka)
By j

2
= H (vi,[l] ka)
@', p
(49)

where the first equality is due to Lemma 1; the second
inequality is due to the fact that (A ® B)T = AT @ BT
for any A and B and V' = V; the third equality results
from the fact that | A ® B||2 = ||Al|2]|Bl|2 for any A and B;
the last inequality is owing to Lemma 2.

T

Then, we obtain
) r 2
=T ) s )
5" |2 ) ]

|:H l] f'lk
j=1
2
rrem)f]
J
N 2
Va,:’[Bl]fl%k :|
T

Combining Eq.(47-50) and the fact x““ I(SC)z; Hl] +

) (yl[k]) where I(SC) indicates whether there is a shortcut, we
have

||V251Fk||2 <E[|V24 fir 7]
*k

< (1SC) + ol 3) Bl V2w f 7

- H(V ® 1) (VZ'%L fm)

<|[[(VeD)|?

= v

)

1 [ .
] = e I

1 d
< —=E
ST

=1

B |

.
E V2w fir
x',

(1)

Similar to Eq.(47-48)and Eq.(51), we can obtain the
following inequality for the I-th layer in the network without
normalization,

HVQE[,]F,CHQ < E[HVZLL] fill?]
k Tk

SOV fu + 10 & () DO @) © Vi )T € w%

<(K(SC) + i [)E[VZ i Fi )
' (52)
Combining Eq.(46), Eq.(51) and Eq.(52), we have

Sup(”v;LHFkH) < sup(|[ V3 Frl), (53)
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where this completes the inductive step. We know that I,-
norm of the second-order derivative of F}, with respect to
i;, for the network with mean removal and F with respect
to &, for the network without normalization are equal, i.e.,

HV 2 Eyll2 = ||V2[L F}||2. Since both the base case and the

mductlon step have been proved as true, by mathematical
induction the statement sup(||V2 By < sup(||V2 Eel)
holds for any layer s (1 < s < L)

APPENDIX E
PROOF OF THEOREM 2

Proof. (1). If Assumption 1 holds, the following inequality
can be obtained with Lagrange Mean Theorem:

where L is the gradient Lipschitz constant and V2 F is the
second-order derivative of F.
It is known F' = ﬁ > icu i where U is the universal

sample set. At the [-th block, y[l] wl[v] /]

order derivative of F' with respect to w,[cl " is

, and then second-

”Fk Z Vi)g flk
. zkEM [l] 2 (55)
—a (@l e n¥3fui@)T o 1),
i €U

where the second equality holds by following Lemma 1.
Then, we obtain

IVl = | 3 (@l e DV2ufut@lhT e D)
k Zkeu 9
1 .
<o 2 @ e DV flk« T e
|u|i€b{ 2
é Z 1)@ @ DV fu,
'LEM

KHZ(HM ot o],
n)]. Z(

: ZA J k
‘ ik

)

y

(&0 740) ®IH Hv2l]fu

[ed]
nz [l] 2 A,
|uz( fl.|72ud),)
- 5 (el
|Z/{| Yig § 2
(iv) 1 NI ~
£ Z L) [

~ 2 £
.'I}lk VA[” Fk
2 Y 2

(56)
where the equality (i) holds due to that ||[ABC|. =
[|CAB||2;the equality (i) results from (A ® B)(C ® D) =
AC ® BD; the equality (ii7) is following the fact that
|A ® Bll2 = ||All2l|B|l2; the inequality (iv) is due to



Cauchy-Schwarz 1nequa11ty, the equality (v) is owing to

l
BN 13 = oy Sayeu |24

Now we turn attention to the network with no normal-
ization. Similar to Eq.(55-56), we can obtain

_ 2 -
IV2 0 Fill2 <E ijjH } HV%[HFI@ (57)
Wy 2 Yk 9
According to Lemma 3, we know
sup(E|[12}, [3]) < sup(E[|}}3). (58)
and
SUP(HV;[!]FI@HQ < SUP(HV;[CL] i) (59)
Eq. (56-59) implies that
sup((| V2 Fills) < sup(IV2 o Fil)  (60)

Therefore, we conclude that the upper bound of the

gradient Lipschitz constant with respect to w,[j Vat any I-
th block for the network with mean removal is lower than
that for the non-normalized network.

(2). We also first analyze the network with mean removal.

At the [-th block, g[f} = w,[f]i"yk] where w)!! € Rd2xd1, i;ﬁj €
R¥*1 and g}l[i] R:2%1 and then we have
Vo fie = Vo fu @) (61)
Hence
; A
E[IV,,m Fil3) =ElIV 0 fin (azU)T||2]
'k
(62)
SE[HV,L[QH 2IE[212)

Now we analyze the network with no normalization.
Similar to Eq. (62), we can obtain

B[V o Facll3) < BUV 0 o BE(IZNE) ©3)
According to Lemma 3, we know
sup(E[]| 2%, [3]) < sup(E[ ] |3)), (64)
and
Sup(BIIY o f1,[12)]) < sup(E[IV o i lz])- (69)
Eq. (62-65) implies that
sup(E[[|V, FfilI3]) < SUP(E[vaglﬂk 13)  (66)

Therefore, we conclude that at any [-th block the upper
bound of the gradient squared expectation ]E[||V7[ﬁk i II2] for
the network with mean removal is lower than the upper
bound of the gradient squared expectation E[||V%]k fir |I?] for
the non-normalized network. O
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APPENDIX F
LEMMA 4

Lemma 4. Given f(u) = f(2

o) Where z € R™ ! and u €
R we have

1
IVf:(2)ll2 < mllvfu(U)Hz (67)
and
1
IV2f=(2)]l2 < WIIVqu(u)Ilz (68)
Proof. Since f(u) = f(\zZHz)' we have
Of =(V fu(u)) " u
T z
- (VA wot) )
_ T Iz
=0 (Vf” (®) (||Z||2 - ||z||§> az) |
Hence,
of I 7
VB =5, <||Z||2 ||z||§> Vw00
Then, we obtain
v =)y
:L (I— ZZZ) V fu(u)
1 2z
<— |- Vfu
TR | 2” fult)l
where the inequality results from Lemma 2.
We further have
1 zz!
vec(O(V f(z))) = vec (8 ((m - HZ||§> Vfu(u)>)
1 227
= (s~ ) e
I 2z ' 2 z
= (e = o) < (2 () 7

) 9
- (ol - T% v ntwvee (2, - |||\T> o)

— L_ZZT 2 T _i
- (s~ 12) 750 (s ~ ) v
Therefore,

V21 () = OV ()

(
vec(0z)

I T I 227
= V2 fu _
<||Z||2 ||z||2> f“<||z||2 ||z||§>

(73)




Then, we obtain

I 2T I 227
V()2 = Vi B
V=£2(2)ll2 (Z|2 Z|3> fulu )(Z|2 Z|§’> )
I zzT ’ 2
< ' e 192 £z
HVQ,fu( )HQ

BE ||2

where the inequality still results from Lemma 2. O

(74)

APPENDIX G
LEMMA 5

Lemma 5. A standard network with no normalization and a
standard network with normalization via lo-Norm are respectively
shown in Figure 1(a) and Figure 1(c). The inputs of the first block
and the outputs of the last block for the both networks satisfy
2 = & IV fallz = IV fillz and [V fuls =

1k

HV 10 Ficllas Suppose that at any l th block with normalzzatzon

l
via lg—Norm T,L] = 7’“]

block:
(1). The upper bound of E[||x2k ||3] is less than the upper bound
PG
of [l 3] A
(2). The upper bound of E[||V .1y fi, ||2] is less than the upper
ik
bound of E[||V o Ficlla).
(3). The upper bound of ||V2m Fy||o is less than the upper

bound of||V2 Z]Fk||2

Proof. We usé mathematical induction to prove the proposi-
tions.

(1) We first to comparative analysis for the forward paths
for the network with mean removal and the network without
normalization.

For the inductive step, we assume the following inequali-
ty holds, i.e.,

< 1, we then have the following at any

sup(E[[|#1[13]) < sup(E[|]]3]),

where U is the universal sample set.
We analyze the network with mean removal. It is known
Ry
U I 11
"=l . []‘“ and m <1, so we have
g Poog, k

e 13 < 1813,

(75)

(76)

And then following Eq.(30-31) in proof of Lemma 3, we
obtain

B[z 3] < (1sC) + ¢l 13) B2 L 13
< (1sC) + Ikl 13) B2 1 13]

For the [-th layer in the network without normalization,
in Eq.(33) in the proof of Lemma 3, we also have

Ellz 18] < (1) + Cwll 1) B2 13].

78)
< (180) + Il 13) BOIE 131
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Combining Eq.(75), Eq.(77) and Eq.(78)

sup(E[| 21T )12]) < sup(E[|21)12), (79)

where this completes the inductive step. We know that
the inputs of the network with mean removal and the
non-normalized network are the the same, i.e., xm ~£i].
Since both the base case and the induction step have been
proved as true, by mathematical induction the statement
sup(E[[21)13]) < sup(&[|zL
1<s< ).

(2) We first comparatively analyze the backward paths of
the network with mean removal and the network without
normalization.

For the inductive step, we assume that the upper bound
of [V i+ 1 fi, || is less than the upper bound of IV, 1 Ficll2

at the lk th layer holds, i.e.,

SUp(E[|[V ;v fi,||2]) < sup(E[|IV e fi, [|2))

|3]) holds for any layer s

(80)

We first analyze the network with normalization via £»-
Norm. Similar to Eq.(36-37) in the proof of Lemma 3, we can
obtain

IV o Fiull =Nyl (8 (35)) © V wn fi)
o 7”\7

R (81)
1

< 119 e Fil

where || (3 [l])H < 1 since the derivative of the nonlinear

activation 0 (u) with respect to u is less than 1.

Ul m ) N[
It is known :1:” = X . [l’j where ag]k

P Bk
SURD
\/ﬁ ZlkEBk ( zk)

\/le ||:1:Ecl] |l2, and we define

T
N[ NN [t
xg]k = [x[li,x[gi,...,x‘[l]glk} (82)
and T
H[Bl]k _ [,TA/’[ll’]wa”[zl] x//|[2|k:| ) (83)
Then, we have
[l]
~ 1] V| Bkl sc
("5,); = i s, (84)

!
p ||<x£3L>j||

where j € }1, 2,...,d] and d is the number of dimension of

-1 o
#y, and 2’4

Following Lemma 4, we obtain

| B |
()| <l oot
2 pHkaH? * Jli2
U
_ Tk Al
[l] ‘(vaf”g]f&c)j )
Since =%~ < 1, Eq. (85) can ge further rearranged as

k

( f[z] )j

< (86)

7]
(Vs I8),

2 2



We further have

ol ] - ]

= _—F
|B]

= E HV:EHM fzk
ik

T
Combining Eq.(81-87) and the fact Z; (SC):EEQ +

) (yl[k]) where [(SC) indicates whether there is a shortcut, we
have

B [IV,10 fu || <UGC) + ol (T o o)
(88)
In terms of the [-th layer in the network without normal-
ization, recalling Eq.(44), we obtain

B[V 0 fiulI°] =E[HSC) + ()T (0'(5) © Ve fu )]
<((SC) + [ IV e F | ].

[l+1]

(89)
Combining Eq.(80), Eq.(88) and Eq.(89), we have

sup(E[|V ;0 fir ll2]) < sup(E[|V,u ficll]).  (90)
K 'k

It completes the inductive step. We know that [;-norm of

the derivative of f;, with respect to Z;, for the network with

mean removal and f with respect to Zj, for the network with-

out normalization are equal, ie., |V, ( fill? = V. () el

Since both the base case and the induction step have been
proved as true, by mathematical induction the statement
Sup(E(|V 1 fir[2]) < sup(E[| V1 fi,|2)) holds for any
layer s (1 §k s < L).

(3) We first comparatively analyze the backward paths of
the network with mean removal and the network without
normalization.

For the inductive step, we assume that the upper bound
of ||V (1411 Fiy, ||2 18 less than the upper bound of HV -+ Fi I

at the lk th layer holds, i.e.,

SUP(HVzLHquHﬁ < SUP(”V;EH]FkH) oD

We analyze the network with normalization via ¢2-Norm.
Similar to Eq.(46-47) in the proof of Lemma 3, we can obtain

1920 Fo | <Nl 11187 (55) © V2 ]
g %

92)
<llwi 13172, " Fiull,

where||8” (4 [l])H < 1 since the second derivative of the
nonlinear activation & (u) with respect to u is less than 1.

20

[] U] 21 N
It is known a:” = . [Ll’]“ where U[B] =

4 G5,
A[l])
‘Bk‘ lkGBk Tk

of x[l] and z” 53] are shown in Eq.(82) and Eq.(83). Following

Lemma 3, we have
()
J

1
w2 fll H\/|Bk
2B, ) BT
B illg pllg ||2
,y[l]
:< km) (v2 3 ])
Pog, J

<1, Eq. (93) can ge further rearranged as
2 70
H (Vfc[é]k fzsk)j

(Vzﬁm 7 )
J
We further have

) N 2 1 B ) . 2
E\Viufiol| | = 5% E [||Vaw fix
Liy ‘B‘ L “s

\/7”%]”2 , and the definitions

> 93)

2

Since —&—
5 k

(94)

2 2

k

2
(vzll] ka) ]
- B /g
1 & ?
< @E (Viy/m f6k> (95)
=1 Bk J
1T 2
= 8" Vimé] [, }
k
T
Combining Eq.(92-95) and the fact 27"} = 1(5C)2! +

) (ym) where [(SC) indicates whether there is a shortcut, we
have

2
192

1 [ a
—E
=BE|Z

j=1

=E Hvi”u[_l] fur
'k

E, P <ENIV3 ful)
0

. (96)
<(L(SC) + k! [NV fi |2
ik

In terms of the [-th layer in the network without normal-
ization, recalling Eq.(52), we obtain

V20 il <E[\\V§[z]ﬁkll21

EISC)Va fu + 1T & (w)T)

97)
(¢"(3) © Voo fu) U @ w1
S(SC) + [l [DENV 5 Fi
Combining Eq.(91), Eq.(96) and Eq.(97), we obtain
SUP(HVEQJFkHﬁ < SUP(HV;%] FeD), (98)

It completes the inductive step. We know that l;-norm of
the second-order derivative of f;, with respect to &;, for the
network with mean removal and f with respect to Z;, for the
network without normalization are equal, i.e., ||V;[ L Fy, Iz <

k



V25
have been proved as true, by mathematical induction the
statement sup(HV2 JFrll2) < sup(||V§5 EL|))|l2 holds for
anylayers(1<s<L) O *

F}||. Since both the base case and the induction step

APPENDIX H
PROOF OF THEOREM 3

Proof. (1) We analyze the network with normalization via
l>-Norm. Following Eq.(55-56), we can obtain, we obtain
.

192 Fille < E | 1)

2 A
Vg[,]Fk

[V (99)

For the network with no normalization, from Eq.(57)we
know

2 (1] 111 2 7
192w Eulls <E |25 ||| V20 Ee (100)
Wi L 2] Yk 2
According to Lemma 5, we know
sup(E[21] 3]) < sup (B[} 13]), (101)
and
SUP(HV;@]FI@HQ < sup(||V§E] Ei[])- (102)
Eq. (99-102) implies that
SHP(HViE}JFkHﬁ < Sup(||Vi¥1Fk||2) (103)

Therefore, we conclude that the upper bound of the
gradient Lipschitz constant of F' with respect to w,E] for
the network with normalization via £2-norm is lower than
the upper bound of the gradient Lipschitz constant of F' with
res [ - i

pect to w;," for the non-normalized network.

(2) We analyze the network with with normalization with
l>-Norm. Following Eq.(62), we obtain

B[V, o facll3) < BUV g fo BEQIZNZ (04

Now we analyze the network with no normalization.

From Eq. (63), we know

E(IV, o fucll3) < BUV o o BEQIENE (05)
According to Lemma 5, we know
sup(E[[24, [13]) < sup(E[|1)[13]), (106)
and
SUP(E[HVZ}]Q] firll2)] < SUP(E[”vg}[j] Firll2])- (107)
Eq. (104-107) implies that
Sup(E[I|V o fi, [3]) < sup(B{IV 0 Fo [3) (108)

Therefore, we conclude that the upper bound of the
gradient squared expectation IE[HV%],C fi, I2] for any I-th block
in the network with normalization with ¢5-norm is lower
than IE[||V£,Z,},€ fi. I?] for any I-th block in the non-normalized
network. (0
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APPENDIX |
THEORETICAL ANALYSIS FOR ADAPTIVE MOVING
AVERAGE STATISTICS

In the main manuscript, we demonstrate reducing the vari-
ance of batch statistics directly decrease the gradient variance
and ultimately make training converged minima smaller. In
this subsection, we justify the idea that substituting statistics
over a single batch with adaptive moving average statistics
reduces the variance and brings few side effects.

We can utilize the moving average statistics to reduce the
variance because the moving average increases the number
size of batch statistics by exploiting historical information. It
is easy to know that the batch statistics in the [-th block (u%]
and O'B ) are the functions of the welghts to be learned in

the first to the (I — 1)-th block (wk ,w,[f], . w,[c1 1]) and the
weights at the historical iteration and the current iteration
are different, which will inevitably results in bias. We take
the moving average mean as an example, i.e.,

l l l
pld, =nuld, |+ (= mulg,

k
=> (=g
5:1 )
= Zl(l — g, + Z:(l — (g, — g ),
variance reduction bias increase (109)
where /QLH = g(w[ ] w[gz], ...,w‘[gl_u;x([go]) and ,u[]]Hk =
(w,[cl],w,[j,...,w,[cl 1], [5])

Therefore, we should carefully tune the parameter 7;
otherwise, the side effects resulting from increased bias
will exceed the benefits stemming from variance reduction.
Specifically, if the difference between ,u[ ) and ,u[ ) _, issmall,
we can set 7) large to enjoy greater variance reduction, and
vice versa. Thus, 7 is better to adaptively track the difference.
A network is commonly 3-Lipschitz smooth, i.e.,

<03 ot ]
p=1

According to the SGD update rule in Eq. (1) in the main
manuscript, we know that

(110)

HM%{ - M[lé’]sﬂk

k
ol ! =30,V s,

r=Ss

(111)

where «, is the learning rate and f, is the gradient with
respect to w7[« P at the r-th iteration.

In summary, loosely speaking, the learning rate « is
proportional to the differences between p%]s and /‘lé]ﬁk- Thus,
if we set 1) to be a decreasing function of the learning rate «,
the moving average statistics will adaptively strike a wise
balance between variance reduction and bias increase.
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