Supplementary Material for
PyramidFlow: High-Resolution Defect Contrastive Localization using Pyramid
Normalizing Flow

1. Implementation Details

1.1. Experimental Settings

Hardware. We implemented our models in Python3.8 and Pytorch1.10 [7]. Experiments are run on NVIDIA GTX3060
GPUs.

Baseline method. We train our baseline model on 256 x 256 image. During all experiments, the training batch size is fixed
to 2. Model parameters are updated using Adam optimizer [6] with a constant learning rate of 2 x 10~4, epsilon of 1 x 1074,
weight decay of 1 x 1075, and beta parameters of (0.5, 0.9). In addition, we apply gradient clipping with a maximum gradient
of 1.0 for training stability.

Pre-trained method. For the pre-trained version of PyramidFlow, we used ImageNet-pretrained ResNet18 from torchvision.
The pre-trained encoder is the first two layers of ResNet18 for extracting the features from 1024 x 1024 image to 256 x 256
features with 64 channels.

1.2. Model Architecture

In this subsection, we provide the detailed architecture of the proposed PyramidFlow, including invertible pyramids,
pyramid coupling blocks, and volume normalization.
Invertible Pyramid. The invertible pyramid is inspired by the Laplacian pyramid [2]], which is commonly used in image
processing. In invertible pyramids, the pyramid decomposition and composition are performed on the per-channel fea-
tures. The linear downsampling operator D(-) first applies a Gaussian filter with kernel size 5 x 5, then downsamples
using nearest-neighbor interpolation. In contrast, upsampling U(+) performs nearest-neighbor interpolation before applying
Gaussian filtering.
Pyramid Coupling Block. For the example of dual coupling blocks, denoting the feature notations as shown in Fig. 3(d), the
corresponding pseudocode is described in Algorithm[I} It is mainly composed of three custom functions - AffineParamBlock,
VolumeNorm2d, and InvConvy.
Volume Normalization. The proposed volume normalization is similar to some normalization techniques such as Batch
Normalization [S]], but without normalizing the standard deviation. Taking Channel Volume Normalization (CVN) as an
example, it can be described by the Algorithm 2]

2. More Experiment Results
2.1. Detailed Ablation Results

We present the detailed ablation results of Sec 4.3, as shown in Tables E] and[g__Z}
Textural Image. As shown in Table[ST] For most textural categories, occurring performance degradation when the proposed
methods are ablated. However, the results on the carpet show abnormal performance improvement. This means that inductive
bias brings positive or negative effects on various categories.
Object Image. As shown in Table Due to the image patch in object categories with larger variances, the influence of
volume normalization and the latent template is also larger. The performance of the object categories is less influenced by
pyramid difference, indicating that multi-scale is not a critical factor for object defect detection.



Algorithm 1 Dual Coupling Block. (Python-like Pseudocode)

Input: zo,Z1,%2
Output: 2o, 21,22

Teato = Interpolate (zo, 1.shape)
Teat2 = Interpolate (x2, x1.shape)
Teat = Concat (Teator Teat2)

s1, t1 = AffineParamBlock (Zcat)
y1 = exp(s1) Oz + 11

Z0, 21, R2 = Xo, IDVCOI’IV(yl), T2

def AffineParamBlock (x, clamp=2) :

params = CNN2d(x) % only two convolutional layers and one
activation layer

so, t = Chunk2d (params)

s = VolumeNorm2d (clamp*0.636*atan (sop/clamp)) % as shown in
Algorithm [2J. Where 0.636 is an approximation of 2/m.

return s,t

def InvConv(y):
5, = 8 — mean (s;)
kernel = PL(U+ diag(exp (8:))
z = Conv2d(y, kernel)
return z

Algorithm 2 Volume Normalization. (Pytorch-like Pseudocode)

Input: input z, momentum f
Output: output y
def VolumeNorm2d(x, B=0.1):
if training:
T = mean(x, dim=1l) % CVN: zero-mean normalization along
channel dimensions
Yy = -
Zrunning = (1—8) XTrunning + 8 X T % update running mean
else:
y =T - a_:'r'unning
return y

Table S1. The ablation study on textural images in MVTecAD. For each cell in the table, the first row is Pixel-AUROC% and the second
is AUPRO% .

Texture

Method Mean

carpet grid leather tile wood

, 90.8 942 996 979 938 952
Ours(baseline) 91.0 927 997 958 962  95.1

L wioVolume 935 885 995 744 913 894

Normalization 93.7 88.1 95,5 657 942 87.5
II. w/o Latent 91.8 86.8 994 948 93.0 93.1
Template 913 8.0 977 899 927 91.9
III. w/o Pyramid 759 780 993 960 89.7 87.8
Difference 76.1  76.1 994 944 93.0 87.8

IV. wio Fourier 905 843 994 962 897 920
Loss 914 862 996 926 940 928




Table S2. The ablation study on object images in MVTecAD. For each cell in the table, the first row is Pixel-AUROC% and the second
is AUPRO% .

Object
Method bottle cable capsule hazelnut metalnut pill screw toothbrush transistor zipper Mean
. 959 921  96.1 98.0 928 962 940 98.9 97.4 954 957
Ours(baseline) 940 864  93.1 97.3 89.5 963 941 97.9 91.4 951 935
L wio Volume 765 847 829 97.9 87.9 948 941 56.4 82.2 950 852
Normalization ~ 77-8  75.1 813 95.4 815 815 940 742 82.7 926 836
IL wioLatent 832 87.8 900 97.9 87.6 946 93.0 84.7 94.8 937 907
Template 824 766 8713 83.9 742 893 927 90.7 77.4 928 847
ML w/o Pyramid 928 914  96.0 97.5 86.4 953 927 98.0 95.4 852  93.1
Difference 834 841 940 97.6 812 954 931 97.1 90.7 772 89.4
IV. w/o Fourier 880 886  95.1 97.3 889 962 942 98.3 95.1 90.9 933
Loss 88.0 812 940 98.3 89.0 969 944 97.9 88.0 90.8 919
carpet  leather tile wood bottle cable capsule hazelnut pill
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Figure S1. Visualization of competitive results on MVTecAD. From top to bottom are original images, AE-SSIM [1]] results, SPADE
results, PaDiM [E]] results, our results, and ground truths. The red box indicates the localization is ambiguous and non-unique, while the
green indicates successful results.

2.2. More Visualization Results

In this subsection, we present more visualization results of Sec 4.4. Since many categories, we separated results into two
charts for visualization, as shown in Figs.[STand [S2]
MVTecAD. As Figs. [ST] and [S2] shows, AE-SSIM performs better for simple categories, such as the bottle and zipper.
However, it does not work in complex scenarios, e.g., it cannot localize carpet defects with fixed patterns or pill defects with
high-frequency noises. It is worth noticing that AE-SSIM is a template-based method, which maintains the resolution during
processing, enabling preserve the details in defect localization.

SPADE and PaDiM are pre-trained-based methods. They achieve better results in almost all categories but still maintain
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Figure S2. Visualization of competitive results on MVTecAD and BTAD. From top to bottom are original images, AE-SSIM |[]1] results,
SPADE (3| results, PaDiM [4] results, our results, and ground truths. The last three columns are the results of BTAD. The red box indicates
the localization is ambiguous and non-unique, while the green indicates successful results.

some shortcomings. On the one hand, their localization results are blurry and larger than ground truths. On the other hand,
they cannot localize tiny defects, such as cracks in the wood.

Our proposed PyramidFlow is based on latent templates, which allows for preserving details effectively, with the ability
to detect tiny defects and show their scale. In all categories in MVTecAD, our method achieves the best visual performance.
BTAD. BTAD is more challenging than MVTecAD, as shown in the last three columns of Fig.[S2] The AE-SSIM method
almost failed in BTAD without beneficial results. For categories 01 and 02, the localization areas of SPADE and PaDiM are
obviously larger than ground truths. For the most challenging category 03, their results are incredibly varied from GT.

Our method provides more accurate results for BTAD defect localization. For the 01 categories, the localization results
preserve the original details. Categories 02 and 03 also mostly reflect the essential shape of the defect.
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