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Abstract
An unprecedented booming has been witnessed in the research area of artistic style transfer ever since Gatys et al. introduced the neural method. One of the remaining challenges
is to balance a trade-off among three critical aspects—speed,
flexibility, and quality: (i) the vanilla optimization-based algorithm produces impressive results for arbitrary styles, but is
unsatisfyingly slow due to its iterative nature, (ii) the fast approximation methods based on feed-forward neural networks
generate satisfactory artistic effects but bound to only a limited number of styles, and (iii) feature-matching methods like
AdaIN achieve arbitrary style transfer in a real-time manner
but at a cost of the compromised quality. We find it considerably difficult to balance the trade-off well merely using a
single feed-forward step and ask, instead, whether there exists an algorithm that could adapt quickly to any style, while
the adapted model maintains high efficiency and good image
quality. Motivated by this idea, we propose a novel method,
coined MetaStyle, which formulates the neural style transfer as a bilevel optimization problem and combines learning with only a few post-processing update steps to adapt
to a fast approximation model with satisfying artistic effects,
comparable to the optimization-based methods for an arbitrary style. The qualitative and quantitative analysis in the experiments demonstrates that the proposed approach achieves
high-quality arbitrary artistic style transfer effectively, with a
good trade-off among speed, flexibility, and quality.
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Introduction

To reduce the strenuous early-day efforts in producing pastiche, the computer vision and machine learning community
have joined forces to devise automated algorithms to render
a content image in the same style from a source artistic work.
The style transfer problem covers a wide range of work, and
at the beginning was phrased as a texture synthesis (Diaconis and Freedman 1981; Zhu, Wu, and Mumford 1998)
problem. Some notable work includes: (i) non-parametric
sampling methods (Efros and Leung 1999) and acceleration
methods by a tree-structured vector quantization (Wei and
Levoy 2000), (ii) patch-based sampling methods (Efros and
Freeman 2001; Liang et al. 2001) for better quality and efficiency, (iii) energy minimization methods using EM-like
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algorithms (Kwatra et al. 2005), and (iv) image analogies
(Hertzmann et al. 2001) to produce the “filtered” results and
their extensions to portrait paintings (Zhao and Zhu 2011).
With the recent boost of deep neural networks and large
datasets in computer vision, Gatys, Ecker, and Bethge
(2016) first discovered that combining multi-level VGG features (Simonyan and Zisserman 2014) trained on the ImageNet (Deng et al. 2009) successfully captured the characteristics of the style while balancing the statistics of the
content, producing impressive results for the task of artistic
style transfer. This serendipitous finding has brought to life
a surge of interests in the research area of style transfer. Iterative optimization methods (Gatys, Ecker, and Bethge 2015;
2016; Li and Wand 2016) generate artistic images that well
interpolate between arbitrary style space and content space;
but due to its iterative nature, these methods are generally
slow, requiring hundreds of update steps and becoming impractical for deployment in products. Feed-forward neural
networks trained with perceptual loss (Johnson, Alahi, and
Fei-Fei 2016; Dumoulin, Shlens, and Kudlur 2017; Zhang
and Dana 2017) overcome the speed problem and usually
result in satisfactory artistic effects; however, good quality
is limited to a single or a small number of style images,
sacrificing the flexibility in the original method. Featurematching methods (Huang and Belongie 2017; Sheng et al.
2018) achieve arbitrary style transfer in real-time, but these
models come at the cost of compromised style transfer quality, compared to the methods mentioned above.
To address these problems, we argue that it is nontrivial
to use either sheer iterative optimization methods or singlestep feed-forward approximations to achieve the three-way
trade-off among speed, flexibility, and quality. In this work,
we seek to find, instead, an algorithm that would fast adapt
to any style by a small or even negligible number of postprocessing update steps, so that the adapted model keeps
high efficiency and satisfactory generation quality.
Specifically, we propose a novel style transfer algorithm,
coined MetaStyle, which formulates the fast adaptation requirement as the bilevel optimization, solvable by the recent
meta-learning methods (Finn, Abbeel, and Levine 2017;
Nichol, Achiam, and Schulman 2018). This unique problem
formulation encourages the model to learn a style-free representation for content images, and to produce a new feedforward model, after only a small number of update steps,

