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• Population models trained on data from the entire 
population often fail to meet individual needs, 
relying on the assumption that common patterns 
generalize well across individuals.

• Personalized models exacerbate the data scarcity 
problem and do not consider label variability.
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Personalized models outperform population 
models especially in subjective tasks such as 
rating perceived sleep quality [1].

Interpersonal variability:
• Signal variability - reflected in the different 

behaviors observed.
• Label variability - derived from the subjective 

perception of behaviors.

Mismatch between objective sleep quality 
measures and subjective self-reported sleep 
quality [2].

Even in seemingly objective tasks such as 
recognizing walking, running, and other 
transportation modes, testing on unseen users 
decreases performance of a population model [3].

4
Clustering-based personalization using sensor-
derived features and self-reported attributes.

Generative models to create synthetic data to 
solve data scarcity. 
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samples instead of a single sample, it can be intuitively
understood as normalizing a batch of samples to be cen-
tered around a single style. Each single sample, however,
may still have different styles. This is undesirable when we
want to transfer all images to the same style, as is the case
in the original feed-forward style transfer algorithm [51].
Although the convolutional layers might learn to compen-
sate the intra-batch style difference, it poses additional chal-
lenges for training. On the other hand, IN can normalize the
style of each individual sample to the target style. Training
is facilitated because the rest of the network can focus on
content manipulation while discarding the original style in-
formation. The reason behind the success of CIN also be-
comes clear: different affine parameters can normalize the
feature statistics to different values, thereby normalizing the
output image to different styles.

5. Adaptive Instance Normalization

If IN normalizes the input to a single style specified by
the affine parameters, is it possible to adapt it to arbitrarily
given styles by using adaptive affine transformations? Here,
we propose a simple extension to IN, which we call adaptive
instance normalization (AdaIN). AdaIN receives a content
input x and a style input y, and simply aligns the channel-
wise mean and variance of x to match those of y. Unlike
BN, IN or CIN, AdaIN has no learnable affine parameters.
Instead, it adaptively computes the affine parameters from
the style input:

AdaIN(x, y) = σ(y)

(

x− µ(x)

σ(x)

)

+ µ(y) (8)

in which we simply scale the normalized content input
with σ(y), and shift it with µ(y). Similar to IN, these statis-
tics are computed across spatial locations.

Intuitively, let us consider a feature channel that detects
brushstrokes of a certain style. A style image with this kind
of strokes will produce a high average activation for this
feature. The output produced by AdaIN will have the same
high average activation for this feature, while preserving the
spatial structure of the content image. The brushstroke fea-
ture can be inverted to the image space with a feed-forward
decoder, similar to [10]. The variance of this feature chan-
nel can encoder more subtle style information, which is also
transferred to the AdaIN output and the final output image.

In short, AdaIN performs style transfer in the fea-
ture space by transferring feature statistics, specifically the
channel-wise mean and variance. Our AdaIN layer plays
a similar role as the style swap layer proposed in [6].
While the style swap operation is very time-consuming and
memory-consuming, our AdaIN layer is as simple as an IN
layer, adding almost no computational cost.
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Figure 2. An overview of our style transfer algorithm. We use the

first few layers of a fixed VGG-19 network to encode the content

and style images. An AdaIN layer is used to perform style transfer

in the feature space. A decoder is learned to invert the AdaIN

output to the image spaces. We use the same VGG encoder to

compute a content loss Lc (Equ. 12) and a style loss Ls (Equ. 13).

6. Experimental Setup

Fig. 2 shows an overview of our style transfer net-
work based on the proposed AdaIN layer. Code and pre-
trained models (in Torch 7 [7]) are available at: https:
//github.com/xunhuang1995/AdaIN-style

6.1. Architecture

Our style transfer network T takes a content image c and
an arbitrary style image s as inputs, and synthesizes an out-
put image that recombines the content of the former and the
style latter. We adopt a simple encoder-decoder architec-
ture, in which the encoder f is fixed to the first few lay-
ers (up to relu4 1) of a pre-trained VGG-19 [48]. After
encoding the content and style images in feature space, we
feed both feature maps to an AdaIN layer that aligns the
mean and variance of the content feature maps to those of
the style feature maps, producing the target feature maps t:

t = AdaIN(f(c), f(s)) (9)

A randomly initialized decoder g is trained to map t back
to the image space, generating the stylized image T (c, s):

T (c, s) = g(t) (10)

The decoder mostly mirrors the encoder, with all pooling
layers replaced by nearest up-sampling to reduce checker-
board effects. We use reflection padding in both f and g
to avoid border artifacts. Another important architectural
choice is whether the decoder should use instance, batch, or
no normalization layers. As discussed in Sec. 4, IN normal-
izes each sample to a single style while BN normalizes a
batch of samples to be centered around a single style. Both
are undesirable when we want the decoder to generate im-
ages in vastly different styles. Thus, we do not use normal-
ization layers in the decoder. In Sec. 7.1 we will show that
IN/BN layers in the decoder indeed hurt performance.
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