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Abstract

Neural Style Transfer (NST) synthesizes images by recombining structural content with
artistic style using deep convolutional neural networks. In standard formulations, style loss is
aggregated uniformly across multiple convolutional layers, limiting explicit control over spatial-
scale contributions. We propose a Layer-Wise Style Weighting (LWSW) framework that
introduces independent coefficients for each selected VGG-19 feature layer. Because shallow
layers encode fine textures while deeper layers capture higher-level abstractions, redistributing
their contributions enables controllable transitions between texture-dominant and structure-
dominant stylization. We evaluate perceptual and structural impacts of layer-wise weighting
and extend the framework to temporally consistent video stylization.

Introduction

Neural Style Transfer (NST') [8] demonstrated that deep convolutional networks implicitly
separate content and style representations. Content is preserved through high-level feature
activations, while style is encoded through second-order feature correlations captured by
Gram matrices.

In conventional NST, style loss is computed across multiple convolutional layers and combined
using a single global coefficient. Although visually compelling, this formulation assumes equal
stylistic contribution across layers. However, convolutional neural networks are inherently
hierarchical [22], with early layers capturing low-level textures and deeper layers encoding
larger-scale abstractions.

Because receptive field sizes increase with depth, uniform aggregation of style losses restricts
fine-grained control over spatial-scale stylization. We introduce a layer-wise weighting
mechanism to explicitly exploit this hierarchy and enable interpretable multi-scale stylization
control.
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Figure 1: Hierarchical stylization behavior across VGG-19 layers [8]. Shallow layers capture
fine textures; deeper layers capture structural abstraction.

Brief Summary of Existing Work

Classical Texture Modeling

Before deep learning, artistic stylization was formulated as texture synthesis. Multi-scale
statistical models [10, 11] characterized texture via spatial frequency decompositions. Patch-
based approaches [17, 15] transferred local structure under similarity constraints, with
extensions improving efficiency and directionality [16, 18]. A comprehensive taxonomy is
provided in [14]. Bilinear [12] and manifold-based models [13] attempted to separate style
and content representations.

Hierarchical Deep Representations

Large-scale image classification advances [1, 22, 23] demonstrated that deep CNNs learn
hierarchical features. Empirical and neuroscientific evidence suggests correspondence between
CNN depth and representational abstraction [4, 5, 3, 7]. Reconstruction studies [9] show that
intermediate features preserve multi-scale spatial information.



Neural Style Transfer Formulation

NST [8] formulates stylization as feature-space optimization:
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Content loss:
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Research Gap
Standard NST employs:
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This scalar aggregation neglects scale-specific control. We propose instead:
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enabling structured manipulation of stylistic granularity across convolutional depths.

Methodology

We build upon optimization-based NST using VGG-19 features. The content loss is defined
as:
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Our layer-wise weighting modifies style loss:
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Three stylization regimes are defined:

e Fine-Grain: Emphasis on shallow layers.
e Balanced: Uniform weighting.
e Abstract: Emphasis on deeper layers.

We evaluate perceptual similarity using LPIPS and SSIM. For video stylization, we introduce
temporal consistency:

Ltemporal = ”xt - Warp(ift—l)Hz-



Objectives

Our primary objective is to introduce explicit multi-scale control into neural style transfer
by replacing uniform style aggregation with layer-wise weighting. We aim to demonstrate
that redistributing stylistic emphasis across convolutional layers leads to predictable and
interpretable changes in stylization behavior.

A secondary objective is to evaluate whether this additional control improves perceptual
quality and stability in both static image and video stylization scenarios.

Implementation Plan

We will first reproduce the baseline optimization-based neural style transfer implementation
to establish a reference model. After verifying correctness and ensuring faithful reproduction
of standard results, we will integrate the proposed layer-wise weighting modification into the
style loss formulation.

We will experiment with multiple weight configurations and analyze outputs across defined
stylization profiles. Both qualitative inspection and quantitative perceptual metrics will be
used to compare results and evaluate differences in structural abstraction and texture fidelity.

For the video extension, we will incorporate temporal consistency loss and evaluate the impact
of different layer-weight configurations on flicker reduction and motion coherence.

Timeline for CMPUT 414

e Week 1-2: Review literature and reproduce baseline neural style transfer implementa-
tion.

e Week 3: Implement layer-wise weighting mechanism and define stylization profiles.

e Week 4: Conduct controlled experiments and analyze perceptual differences.

e Week 5: Extend framework to video stylization and evaluate temporal stability.

e Week 6: Finalize report and prepare presentation and demo.

Conclusion

This project introduces Layer-Wise Style Weighting as a structured extension to neural
artistic stylization. By leveraging the hierarchical nature of convolutional neural networks,
we provide explicit control over stylistic granularity across spatial scales. The proposed
framework enhances interpretability, improves artistic flexibility, and establishes a foundation
for future exploration in controllable and temporally stable neural style transfer systems.
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