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Algorithm I A general view of batch whitening algorithms.

Input: mini-batch inputs X € R4*™,

1:
2: Output: Y € R¥*™,

3: if Training then

4 Calculate covariance matrix: 3 = %XXT + el
5:  Calculate whitening matrix: G = ¢1(X).

6:  Calculate whitened output: X = GX.

7. Update population statistics: G = ¢2(X/G).
8: else N

9 Calculate whitened output: X = GX.

0: end if

1:

10:
11: Recover representation: Y = ¢3(X).

A. Back-propagation

Given the Batch Whitening (BW) algorithms described in
Algorithm I, we provide the corresponding back-propagation
during training in Algorithm II. Note that it is easy to calcu-
late 2% ax in Line. 3 of Algorithm II, given the specific recov-
ery operation shown in the paper. Here, we mainly elaborate
on the nontrivial solution of back-propagation through the
whltenmg transformation, i.e., how to calculate 2 62 given

aG , shown in Line. 5 of Algorithm II.

We consider the following whitening transformations dis-
cussed in the paper: Principal Component Analysis (PCA)
whitening [4], Zero-phase Component Analysis (ZCA)
whitening [4], Cholesky Decomposition (CD) whitening
[10] and ItN [5] that approximates ZCA whitening. The
back-propagations of all whitening transformations are de-
rived in their original papers [4, 10, 5]. Here, we provide the
results for completeness.

A.1. PCA Whitening
PCA Whitening uses Gpoa = A—>D7T, where A =

diag(oy,...,04) and D = [dy, ..., d ] are the eigenvalues
and associated eigenvectors of X, i.e. ¥ = DADT,

Algorithm II Back-propagation of batch whitening algo-
rithms.
1: Input: mini-batch gradients 2
Output: 7 M € RéXm,

@ _ oL 963(X)
axX Y X -

2:
3:
4: Calculate: 25 = 22 XT,
5
6

dxm
2L ¢ RIxm,

: Calculate:

oG X

. . 0L _ oL 941(%)
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The backward pass of PCA whitening is:
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where K € R?*4 is 0-diagonal with K;; = ﬁ[z # 7,

the ® operator is an element-wise matrix multiplication, and
( oA )dmg sets the off-diagonal elements of Z% 6[: to zero.

A.2. ZCA Whitening

ZCA whitening uses Gzca = DA*%DT, where the
PCA whitened input is rotated back by the corresponding
rotation matrix D.

The backward pass of ZCA whitening is:
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A.3. CD Whitening

CD whitening uses Gop = L~!, where L is a lower
triangular matrix from the Cholesky decomposition, with
LL” = X. The backward pass of CD whitening is:



Algorithm III Whitening activations with Newton’s itera-
tion.

1: Input: 3.

2: Output: Grn.

. _ =

4: Po=1

5: fork=1 to T do

6: Pp=10BPr1—Pi_ Zn)
7: end for

8: Gun =Pr//tr(X)
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Figure 1. Comparison of estimating the population statistics of
whiten matrix G using different estimation objects (G/X). We
train MLPs with varying widths (the number of neurons in each
layer) and batch sizes, for MNIST classification. We evaluate the
difference in test accuracy between éz and éGz AC (ég) -
AC (CA;G ). (a) and (b) show the results using ZCA and CD whiten-
ing respectively, under a learning rate of 0.5.
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A 4. ItN Whitening

ItN, which approximates the ZCA whitening using New-
ton’s iteration, is shown in Algorithm III, where T is the
iteration number and tr(-) denotes the trace of a matrix.

Given a , the back-propagation is:
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Here, 7P,

can be calculated by the following iterations:

Method Step decay Cosine decay
Baseline 76.20 76.62
ItN-ARCg [5] | 77.07 (10.87) | 77.47 (10.85)
ItN-ARCc [5] | 76.97 (10.77) | 77.43 (10.81)
ItNs-ARCp 77.18 (10.98) | 77.68 (11.06)
ItNs:-ARCc 77.28 (11.08) | 77.92 (11.30)

Table I. Results using ResNet-50 for ImageNet. We evaluate the
top-1 validation accuracy (%, single model and single-crop).

PARAMETER
Learning Rate a

(B1, B2, ngis)

VALUE
70.0001,0.0002, 0.001}

{(0,0.9,1), (0.5,0.9, 5), (0.5,0.999, 1),
(0.5,0.999, 5), (0.9, 0.999, 5)}

Table II. The scope of hyperparameter ranges used in the stabil-
ity experiments. The Cartesian product of the values suffices to
uncover most of the recent results from the literature [7].

Scale & Shift Coloring
Method IS FID IS FID

BN 7.141 £0.066  30.26 | 7.264 £0.122  28.35
CD 7.1354+£0.066 3040 | 7.362 +0.069  25.97
ZCA-64 | 7.128 £0.067 29.24 | 7.445£0.094 26.78
ItN 7.369 +0.104  29.02 | 7.396 + 0.054 28.24

Table III. Results on stability experiments with non-saturating loss.
We report the best FID and the corresponding IS from all the
configurations for different whitening methods.
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B. Stochasticity During Inference

In Section 3.3 of the paper, we mentioned that we try other
learning rates in the experiments to compare the estimation
methods during inference. Here, we provide the results under
a learning rate of 0.5, shown in Figure 1.

C. More Details for Experiments
C.1. Classification on ImageNet

In Section 4.2.2 of the paper, we mentioned that ItNy,
consistently provides a slight improvement over the original
ItN proposed in [5] (using G as an estimation object). Here,
we provide the results, including the original ItN, in Table I.
We use an iteration number of 5 for all ItN-related methods.
For ItN, we use a group size of 64, as recommended in [5].
For ItNy;, we use a larger group size of 256, since [tNy, can
still provide a good estimation of population statistics in high
dimensions during inference, as shown in the paper.
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Figure II. Stability experiments on GAN with hinge loss [8, 2] for unconditional image generation. We show the FIDs with full range.
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Figure III. Comparison of BW methods when using the Covariance
Matrix (CM) and Whitening Matrix (WM) as the estimation object.
We show the FIDs with full range.

C.2. Training GANs
C.2.1 Stability Experiments

Experimental Setup The DCGAN architecture in these
experiments is shown in Table VII. Note that spectral nor-
malization [8] is applied on the discriminator, following the
setup shown in [10, 8]. We evaluate the FID between the
10k test data and 10K randomly generated examples. We
use the Adam optimizer [6] and train for 100 epochs. We
consider 15 hyper-parameter settings (Table II) by varying
the learning rate «, first and second momentum (31, f2) of
Adam, and number of discriminator updates per generator
update ng;s. The learning rate is linearly decreased until it
reaches 0.

Results In Figures 8 and 9 of the paper, we only show the
results with FID ranging in (20, 100) for better representation.
Here, we provide the corresponding FIDs with full range in
Figure II and III.

We perform experiments on DCGAN with the non-
saturating loss [3]. Figure IV shows the results. Here, we
obtain similar observations as for the DCGAN with the hinge

loss, shown in the paper.

C.2.2 Validation on Larger Architecture

Experimental Setup The architectures in these experi-
ments are shown in Table VIII (DCGAN) and X (ResNet).
The experimental setup is as follows [10]: We evaluate the
FID between the 10k test data and 10K randomly generated
examples. We use the Adam optimizer [6] with a learning
rate « = 2¢~ %, The learning rate is linearly decreased until
it reaches 0. We use first momentum 5; = 0 and second
momentum Sy = 0.9. For DCGAN, we use the number of
discriminator updates per generator update ng;s = 1 and
train the model for 100 epochs, while for ResNet, we use
ngis = 5 and train for 50 epochs.

C.3. Comparison in Running Time

The main disadvantage of whitening methods, compared
to standardization, is their expensive computational costs.
Here, we provide the time costs of the trained models dis-
cussed in the paper.

We note that the computational cost of the Singular Value
Decomposition (SVD) used in ZCA/PCA whitening and
the Cholesky Decomposition highly depends on the specific
deep learning platform (e.g., PyTorch [9] or Tensorflow [1]).
We thus conduct experiments both on PyTorch (version num-
ber: 1.0.1) and Tensorflow (version number: 1.13), with
CUDA (version number: 10.0.130). All implementations
of BW are based on the API provided by PyTorch and Ten-
sorflow. We hope that our experiments can provide good
guidelines for applying BW in practice.

C.3.1 Classification Models Using PyTorch

Table I'V shows the time costs of the VGG models for CIFAR-
10 classification, described in Section 4.2.1 of the paper.
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Figure IV. Stability experiments on GAN with non-saturating loss [3] for unconditional image generation.
Time (Group Size) 5
Method | 32 64 128 256 512 . ™
BN 0.049 0.049 0.049 0.049 0.049 0.049 %EEA
ItN 0.624 0338 0.192 0.13 0.11 0.106 @3
ZCA 2245 1536 0906 0498 0.505 0.512 Ez
CD 9.8 4818 2.391 1.29 0.907 0.793

Table I'V. Time cost (s/iteration) on VGG for CIFAR-10 classifica-
tion described in Section 4.2.1 of the paper. We compare the BW
methods with different group sizes, and the results are averaged
over 100 iterations.

Figure V and Table V show the time costs of the ResNet-
18 and ResNet-50 described in Section 4.2.2 of the paper,
respectively. Note that we run ResNet-18 on one GPU, while
ResNet-50 on two GPUs.

Our main observations include: (1) ItN is more compu-
tationally efficient. (2) CD whitening is slower than ZCA
whitening, which is contrary to the observation in [5] where
CD whitening was significantly more efficient than ZCA.
The main reason for this is that CD whitening requires
the Cholesky decomposition and matrix inverse, which are
slower than SVD under the PyTorch platform. We note that
under Tensorflow, which was used to implement CD whiten-
ing in [10], CD whitening is more efficient than ZCA, as
shown in Section C.3.2. (3) Group based whitening with
small groups requires more training time than larger groups.
The main reason is our unoptimized implementation where
we whiten each group sequentially instead of in parallel,
because the corresponding platform does not provide an
easy way to use linear algebra library of CUDA in parallel,
which is also mentioned in [4]. We believe BW would be
more widely used if the group based methods could be easily
implemented in parallel.
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(a) ARCp (b) ARCc
Figure V. Time cost (s/iteration) on ResNet-18 for ImageNet classi-
fication described in Section 4.2.2 of the paper. We compare the
BW methods with different group sizes under (a) ARCp and (b)
ARC¢, and the results are averaged over 100 iterations.
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Figure VI. Time cost (ms/iteration) on GANs for stability experi-
ments described in Section 4.3.1 of the paper. We compare the BW
methods with different group sizes running on (a) a GPU and (b)
a CPU. We evaluate the time cost of the generator where BW is
applied, and the results are averaged over 100 iterations.

C.3.2 GANs Using Tensorflow

Figure VI shows the time costs of the GAN models described
in Section 4.3.1 of the paper. We perform experiments with
the BW operation running on both a GPU and a CPU, shown
in Figure VI (a) and VI (b), respectively. We observe that
ZCA whitening running on GPUs has a significantly more



Method Time
Baselin (BN) 0.418
ItN-G256-ARCp | 0.464
ItN-G256-ARCo | 0.546
ItN-G64-ARCp 0.522
ItN-G64-ARC 0.662

Table V. Time cost (s/iteration) on ResNet-50 for ImageNet clas-
sification described in Section 4.2.2 of the paper. The results are
averaged over 100 iterations.

DCGAN Resnet
CPU GPU CPU GPU

CD 0.023 0.019 | 0.036 0.038
ZCA-64 | 0.018 0.544 | 0.036 0.894

ItN 0.017 0.016 | 0.034 0.034

Method

Table VI. Time cost (s/iteration) on large GAN architecture de-
scribed in Section 4.3.2 of the paper. We evaluate the time cost of
the generator where BW is applied, and the results are averaged
over 100 iterations.

expensive computational cost than other methods, which is
consistent with the observation in [10]. We find this can be
alleviated when running ZCA whitening on CPUs.

Table VI shows the time cost of the GAN models de-
scribed in Section 4.3.2 of the paper.
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Table VII. DCGAN architectures in stability experiments.

(a) Generator

(b) Discriminator

2 € R ~ N(0,1)

dense, 4 x 4 x 256

RGB image z € R32%32x3

4 x 4, stride=2 deconv. BN 256 ReLLU

3 x 3, stride=1 conv 32 IReLU

4 x 4, stride=2 deconv. BN 128 ReLU

4 x 4, stride=2 deconv. BN 64 ReLU

3 x 3, stride=2 conv 64 IReLU
3 x 3, stride=1 conv 64 IReLU

3 x 3, stride=1 conv. 3 Tanh

3 x 3, stride=2 conv 128 IReLU
3 x 3, stride=1 conv 128 IReLU

3 x 3, stride=2 conv 256 IReLU
3 x 3, stride=1 conv 256 IReLU

dense — 1

Table VIII. Large architecture of DCGAN.

(a) Generator

(b) Discriminator

z € R ~ N(0,1)

RGB image x € R32%32%3

dense, 4 X 4 x 512

3 x 3, stride=1 conv 64 IReLU

4 x 4, stride=2 deconv. BN 512 ReLU

4 x 4, stride=2 deconv. BN 256 ReLU

4 x 4, stride=2 conv 128 IReLU
3 x 3, stride=1 conv 128 1IReLU

4 x 4, stride=2 deconv. BN 128 ReLU

3 x 3, stride=1 conv. 3 Tanh

4 x 4, stride=2 conv 256 IReLU
3 x 3, stride=1 conv 256 1ReLU

4 x 4, stride=2 conv 512 IReLU
3 x 3, stride=1 conv 512 IReLU

dense — 1

Table IX. Large architecture of ResNet. The ResBlock follows [10].

(a) Generator

(b) Discriminator

z € R*® ~ N(0,1)

RGB image x €

R32><32><3

dense, 4 x 4 x 256

ResBlock down 128

ResBlock up 256 ResBlock down 128
ResBlock up 256 ResBlock 128
ResBlock up 256 ResBlock 128
BN, ReL.U, 3 x 3 conv, 3 Tanh ReLLU
Global sum pooling

dense — 1




