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Introduction Lifting Scheme for Tunable Biorthogonal Wavelet Filters

Coeftficient Analysis

We present LS-BiorUwU, a lifting-scheme biorthogonal tunable wavelet unit that

replaces conv, pooling, and stride operations to preserve fine detail. Integrated into

T , . Integrated into a ResNet-18 pooling layer on CIFAR-10, the 2-step LS-BiorUwU
ResNet-18/34, 1t improves classification (+2.12% CIFAR-10; +9.73% DTD) and

shows its tuned H; retains high-pass characteristics.

yields balanced anomaly segmentation/detection on MVTec-AD (hazelnut). | o |
C Ontributions 1 Bior1.5 H1 Freql.llency Respunse\\-_ 12 Lifting Steps Tunable Wavelert Unit H1 Frequency Response
\/
Learnable lifting-scheme biorthogonal wavelet unit with relaxed constraints. 097 1 09r -
Drop-1n downsampling upgrade: Replaces/augments conv, pooling, and stride to i 0.8
retain low/high-frequency detail. 0.7 0.7 f
Stronger classification: Consistent gains on ResNet-18 (similar trend on ResNet- g 0® 18 °9f
34)' ‘E} 0.5 1 ‘g 0.5
Robust anomalies: Balanced segmentation and detection on MVTec-AD (hazelnut). = 04 1= 04}
0.3 0.3+
In future work, we’ll scale to larger models/datasets, learn multi-level/adaptive filter 0.2 0.2}
banks with spectral regularization, and extend to detection/segmentation and 3D 0.1 0.1
volumes with edge-latency profiling. 0 | 0 l
0 0.5 1 0 0.5 1

Normalized Frequency (x = rad/sample) Normalized Frequency (x 7 rad/sample)

Frequency Response Analysis of the Biorl.5 H, (left) and the tuned
coefficients of H, of LS-BiorUwU after 2 lifting steps (right).

LS-BiorUwU

LS-BiorUwU: A lifting-based, tunable wavelet unit that replaces strict orthogonality
with biorthogonality and permits unequal-length filters, expanding the filter bank’s

e Classification Task
flexibility.
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on hazelnuts from the MVTec
Anomaly Detection dataset. From
left to right: ground-truth mask
with input image, then heatmaps
and defect segmentation from the
baseline, OrthLatt-UwU-2Tap, and
LS-BiorUwU-2Step.
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Applying these to a 2D input X yields the approximation X,, = LXL'and the detail
components X, = LXH', X,,= HXL', and X,, = HXH"

Example 1

Integrated into ResNet backbones, we replace stride-2 convolutions with a non-stride
conv followed by LS-BiorUwU and append a 1-layer FCN after each UwU 1n
downsampling/pooling.
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