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Abstract

In few-shot generative model adaptation, the model for tar-
get domain is prone to the mode-collapse. Recent studies at-
tempted to mitigate the problem by matching the relation-
ship among samples generated from the same latent codes in
source and target domains. The objective is further extended
to image patch-level to transfer the spatial correlation within
an instance. However, the patch-level approach assumes the
consistency of spatial structure between source and target do-
mains. For example, the positions of eyes in two domains are
almost identical. Thus, it can bring visual artifacts if source
and target domain images are not nicely aligned. In this paper,
we propose a few-shot generative model adaptation method
free from such assumption, based on a motivation that gener-
ative models are progressively adapting from the source do-
main to the target domain. Such progressive changes allow
us to identify semantically coherent image regions between
instances generated by models at a neighboring training it-
eration to consider the spatial correlation. We also propose
an importance-based patch selection strategy to reduce the
complexity of patch-level correlation matching. Our method
shows the state-of-the-art few-shot domain adaptation perfor-
mance in the qualitative and quantitative evaluations.

1 Introduction

Generative Adversarial Networks (GANs) have achieved
impressive performances in the image synthesis (Brock,
Donahue, and Simonyan 2019; Creswell et al. 2018). To
train GANSs to generate high quality and diverse images, a
massive number of training data and a long training time are
required (Karras, Laine, and Aila 2019). However, since it is
often difficult to collect sufficient amount of training data for
a specific domain in practice, learning GANs from scratch
for such domain can become hard.

To overcome the challenge of training GANs from scratch
due to a lack of data, there has been growing interest in
adapting GANs trained on a source domain with abundant
data to a target domain that suffers from data scarcity. This
approach has been inspired by the success of domain adap-
tation techniques in various downstream computer vision
tasks (Long et al. 2015, 2017). Pioneering methods for the
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generative model adaptation perform fine-tuning on pre-
trained GANs by fixing some layers with target domain
data (Mo, Cho, and Shin 2020; Robb et al. 2020) or learn
a mapping network between source and target latent distri-
butions (Wang et al. 2020). Although those techniques en-
able to adapt GANs well-trained on the source domains to
the target domains, they still require hundreds of target do-
main data to generate high-quality images without serious
overfitting or mode-collapse problems.

The difficulty of collecting many target domain data (e.g.,
more than 100 samples) encourages to develop few-shot
generative model adaptation techniques. The key idea in this
field of research is to match relationship among instances in
different domains. The instance-wise relative distances are
regularized in IDC (Ojha et al. 2021) to preserve the rela-
tionship among samples generated from the same set of la-
tent variables in source and target domains. IDC relieves the
over-fitting problem of few-shot adaptation by injecting the
sample diversity of source domain into the target domain.
However, IDC still suffers from visual artifacts. As the latest
work, a relaxed spatial structural alignment (RSSA) (Xiao
et al. 2022) is proposed to preserve structural relationship
in the source domain by considering spatial-wise relative
distances. Specifically, given two images in source and tar-
get domains generated from the same latent variable, RSSA
aims to match similarities between two patches at the same
location in different domains. By matching such local re-
lationship, it significantly enhances the visual quality over
IDC in certain scenarios where its strong assumption nicely
holds that the source and target domains share a similar spa-
tial layout. However, the assumption is too strict to general-
ize toward various domain pairs if two domains have mis-
aligned spatial layouts. For example, although the spatial lo-
cations of eyes are not aligned in source and target domains,
RSSA tries to equalize the similarity between regions of two
eyes (in source domain) and the similarity between regions
not containing eyes (in target domain). This highly likely to
produce visual artifacts, as illustrated in Fig. 2-(a).

In this paper, we mainly address the aforementioned prob-
lem of RSSA by modeling a spatial correlation between
source and target domains that is free from the assump-
tion on their alignments. Specifically, since the adaptation
progressively proceeds with the training iteration, the se-
mantically coherent image regions (i.e., eyes) are also pro-
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Figure 1: Qualitative results for a generative model adaptation task on FFHQ — Amedeo (FFHQ and Amedeo as source and
target domains, respectively), only with 5 images of Amedeo as the available training data (5-shot). It is extremely challenging
task to generate high-quality target domain samples due to the significant domain gap and scarcity of training data. As shown,
our method preserves the contents of source domain, and spatial structure and style of target domain. On the other hand, IDC
generates more visual artifacts while RSSA hardly reflects the spatial structures of target domain. Note that, images at the
second column are generated by GANSs trained with sufficient number of samples for the comparison, while other results are
produced by models adapted only with 5-shot examples. The images at each row are generated from the same latent variable.

gressively shifting during the adaptation. This enables us to
match such image regions within nearby training iterations
and formulate a training objective with the consistency of
similarity between those regions. Furthermore, we also in-
troduce an importance patch sampling criteria to reduce the
complexity of the adaptation process.

Our main contributions are summarized as follows:

* We propose an align-free spatial correlation for few-shot
generative model adaptation, to deal with source and tar-
get domains whose spatial layouts are different, via pro-
gressive matching of regions of interests.

¢ To reduce the complexity of adaptation process, we intro-
duce an importance sampling criterion to be considered
in the spatial correlation.

* Our proposed method achieves the state-of-the-art results
in both quantitative and qualitative evaluations including
an extensive user study for the few-shot generative model
adaptation task.

2 Background

Problem Definition In the few-shot generative model do-
main adaptation task, we have a source generator G5 pre-
trained on a large source dataset D, and K -shot target do-
main data D, (K is very small, for instance 5 or 10). The
goal is to train a generator G_,; for the target domain by
adapting G5. Formally, for a latent vector z sampled from
the latent space p(z) for the target domain, the generating
distribution of G_+(z) should be similar to the data distri-
bution of the target domain.
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Previous Few-Shot Generative Model Adaptation Meth-
ods We first briefly describe very recent methods
IDC (Ojha et al. 2021) and RSSA (Xiao et al. 2022) closely
related to our method.

IDC proposes to preserve the pairwise feature-level dis-
tances among instances within a batch for source and tar-
get domains. Specifically, for a set of latent variables {2, } 7
within a batch size B, instance-wise probability distributions
p for it" latent vector z; is defined as follows:

pii=o <{Sim (Fe (i), Fy (j))}Vi;éj)7

where F!(i) € RE>*HiXWi represent feature maps of
G4(2;) at ' layer, while C;, H;, and W; denote the number
of channels, heights, and width of the feature map, respec-
tively. sim(-) and o (-) are the cosine similarity and softmax
functions, respectively.

To preserve the consistency of cross-domain distances
within a batch, the corresponding objective function is for-
mulated with the KL-divergence as follows:

Ligc (G87 Gs—>t) = Ez~p(z) Z Dkr (pfs’l H pfs,it) 2)
1

ey

On the other hand, RSSA proposes a self-correlation con-
sistency loss that inherits local relationship of source in-
stances to the target domain. Specifically, h-th row and w-th
column of the self-correlation matrix of the position X at [*
layer 76X € RH1*Wi is defined as follows:

X = sim (fL(X), fL (h, w)),

where f1(-) € R is a local feature at given position.

3
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Figure 2: (a) When the source and target domains have a significant domain gap, the image regions at the same position hardly
contain the comparable semantics. However, the prior technique, RSSA, assumes the positional identity in source and target
domains so thus it is hard to learn the spatial structure of the target domain. This motivates us to match regions having the
comparable semantics to generate images structurally consistent with the target domain. (b) Our motivation is hard to achieve
if we consider the source and target domains directly (i.e., the distributions of Gy and G,), since it is very challenging to match
semantically similar regions between two domains in unsupervised setting. However, we are inspired from the fact that the
model is progressively adapted from source to target domains. During the progressive adaptation, the two models at nearby
training iterations (i.e., G,,_,, and GG,, with a constant o small enough) have a much smaller domain gap so thus we have a high
change to match such regions since the distribution shifts highly likely to be minor.

Based on the self-correlation matrix, RSSA formulates
a self-correlation consistency objective with the smooth-¢;
loss as follows:

Lice (Gsv Gsat) = Ezwp(z) lz); s-l1 (W?Xa ’n—i’j(t) “4)

Based on this objective, RSSA can generate more diverse
images than IDC by maintaining the spatial correlation of
images generated by the source model. However, this ap-
proach could produce undesired visual artifacts if there are
spatial mismatches between the target and source domains.

3 Method
3.1 Overview

In a generative model adaptation task with extremely few-
shot samples, as shown in Fig.1, early approaches such as
FreezeD (Mo, Cho, and Shin 2020) and MineGAN (Wang
et al. 2020) suffer from severe mode-collapse or produce
low-quality images. To solve this problem, IDC (Ojha et al.
2021) and RSSA (Xiao et al. 2022) have proposed advanced
methods that preserve cross-domain distance consistency ei-
ther instance-wise or patch-wise, but these approaches still
produce visual artifacts as shown in Fig. 1.

Although the patch-wise cross-domain distance consis-
tency enables more precise adaptation for some domain
pairs, it is relied on a strong assumption that the source
and target domain instances share identical semantics at the
same position on their image space. However, the assump-
tion hardly holds when the source and target domains have
a large domain gap. As shown in Fig.2-(a), the image re-
gions of two domains are not semantically aligned so thus

1925

the aforementioned consistency brings inappropriate regu-
larization in the adaptation. To develop an few-shot gen-
erative model adaptation method handling such difference
in spatial layouts across domains, while preserving the fi-
delity, identity and diversity of the source model, we ex-
plicitly match the semantically coherent image regions be-
tween domains. However, matching the similar semantic re-
gions between different domains is very challenging due to
the domain gaps (Lee, Moon, and Heo 2022). To alleviate
such difficulty, we pay attention to the property of progres-
sive adaptation process that two models in training at the
nearby iterations have a small domain gap. As shown in
Fig.2-(b), domain gap between models at the current and
neighboring iterations is much smaller than ones from the
initial source model. Based on this, we propose a progres-
sive adaptation with align-free spatial correlation in Sec. 3.2.
Furthermore, we introduce an importance feature sampling
strategy to be considered in the consistency regularization to
select semantically meaningful regions and reduce the com-
plexity of learning in Sec. 3.3.

3.2 Progressive Adaptation with Align-Free
Spatial Correlation

Instead of directly considering G5 and G5, we view the
adaptation process as a progressive learning with a total
N + 1 iterations. If we denote G, as the generator at the n*"
iteration where n € [0, N, the G and G,_,; correspond to
Gy and G y, respectively. Our key insight is that the domain
gap between two distributions of GG, and G, _, expect to be
manageable if a constant « is small enough. Note that, we
define G,,—,, parameters based on the exponential moving
average (EMA) (Yazici et al. 2019) so that it is not neces-
sary to keep the parameters of every iteration but they are
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Figure 3: Overall framework of our approach. We are mainly consider a pair of generators G,,_,, and G, during the progressive
adaptation from source to target domains, where G, is the generator at the n'" training iteration and « is a small constant
so that G,,_, and G,, have a small domain gap. The parameters of those generators can be efficiently approximated without
explicit storing of them thanks to utilization of exponential moving average for the parameters. We first match the semantically
comparable image regions generated by two generators at the nearby iterations based on the optical flow since the images
are close to each other. Once such image regions are identified, we define the correlation between image patches within each
generated image and formulate a loss function to encourage the correlations in different images to have a similar distribution
via KL-Divergence. Moreover, we also perform an importance sampling for the selection of reliable image regions to reduce
undesired visual artifacts and computational complexity.

efficiently estimated on the fly with a negligible cost. Once we identify the positional correspondences between
Through our progressive adaptation process, the small do- Gn—a(z;) and G, (z;), we encourage the relational consis-

main gap between the models at nearby iterations G, and tency. We formulate the spatial correlation for a latent repre-

G —q allows us to identify semantically similar regions in sentation z; as follows:

G, (z) and G,,—,(z;) generated from the same latent vari-

able z;. In other word, given an image patch in G, (z;), we Pa— <{sim (f'rl;ia (pizia) R (q;ia))} ) ’

can identify its corresponding patch in G,,_,(z;). Specifi- Vi

cally, we utilize a dense optical flow for this, since the pixel- Li ( . Li (i Li (i )

level displacements between G.,(z;) and G, (z;) are ex- n =0 {51m (R (f" (p" )) R (f" <q" ))) }Vj ’

pected to be small. As a result, we construct a pixel-wise (7

itional ing tabl z :R? — R2, as follows:
postiona mzzlpplng able Mo as Toriows where R (-) is a function for the Rol align (He et al. 2017)
Mo (p) = H (Gn-a (%) ,Gn (2i) D), &) for extracting the interpolated local feature, since the dis-

where H (I1, I, p) is a predicted position in the image I, placed }ocation py? and g7 hardly coincide with the feature

corresponding to the given position p in the image /;, com- map grid. ) ) )

puted by the Farneback optical flow estimation (Farnebick Therefore we compare aligned pairs of cross-domain local

2003). features via alignment-free spatial correlation loss L,s. be-
Based on the M7, we identify the matching positions tween two nearby training iterations with the KL-divergence

between two samples generated by G,,_,, (2;) and G, (2;). as described follows:

For each latent variable z;, let us sample M positions at /!

li 0,7 M, . . .. .
layer, Pn‘_a = {p,}l_‘a j=1 and determine its pairing posi-
tions Q"' . = {¢%7, ?21 from G,,—q (z;). Then we can

Lase (Guas Gn) = Eamp) 3 Dt (0 |1 25) (8)
L,

approximate their aligned positions P4’ = {pi,/}""", and 3.3 Importance Sampling

Qli = {qii }jw:zl in G, (z;) with M= _ as follows: As Rresented .in thq last section, our align-free spatial cor-
. L o L relation loss is designed to compare aligned feature pairs
p =M (ppl,) and g = MG (q,),).  (6) across domains. Considering all the local features is compu-
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tationally expensive and could disturb the adaptation. For in-
stance, a correlation between background or visual artifacts
would not be helpful in the adaptation. For those reasons, we
introduce a feature selection algorithm.

As a criterion for the high importance, we utilize the edge
locations in the image since the positions where significant
intensity changes are relatively more important. We also ex-
clude locations whose displacement vector magnitudes are
greater than a threshold, since those can be caused by errors
in optical flow estimation. Thus, for a sample G,,_,(z;) and
aposition set Y = {(1,1), ..., (H;, W;)}, the probability of
each feature at a location y € Y to be selected is propor-
tional to u; defined as follows:

if Mz, (y) —y| > B

Vi =
Otherwise,

0,
Y {(D<Gna(zi)ay>7
where ®(I,y) denotes the value at the position y of Sobel
filtered I, and /3" is a flow threshold for the image G, (2;)
that n-quantile of flow distribution.

As a result, each position has a probability proportional
to its value of the edge response function. Specifically,
each feature located at y has its selection probability of
1/73 / Zer 1/73. On the other hand, the pairing feature loca-

€))

tions (i.e., qff_ o for pjlj_ ) are uniformly selected.

3.4 Objective Function

Our objective function at n'” training iteration is defined as:
Eprog = )\idcﬁidc (anou Gn) + )\ascﬁasc (anaa Gn) ’ (10)
where Ajgc and A, are the balancing factors for two loss
terms.

Our adversarial loss is defined similarly with the IDC. An-
chor variables z,,., are defined by adding a small Gaussian
noise to |D;| latent vectors randomly sampled from p(z). A
patch discriminator DP*“" (Isola et al. 2017) is used to eval-
uate the generated samples except for the anchors, whereas
the full image discriminator D™ is applied to the anchor
samples. Thus adversarial loss at the n*" training iteration is
defined as follows:

; (GTH D'iring7 ngtCh) = ECCNDt [EZNP(Zanch)EadV(Gn7 D’lrllng)

adv
+Ez~p(z),zwp(zmwh)ﬁadv(Gna Dgawh)] 5
(11)
where L,ay(G, D) = D(G(z)) — D(z).
So, our final adaptation objective including adversarial
loss at the n*” training iteration is:

* . / img
G;, = argmin Jax Ll (G, D,

+)\prog£prog (Gn—aa Gn) ’
where Apr, Weights Eq. 10.

D%atch)
(12)

4 Experiment
In this section, we evaluate our method by quantitative and
qualitative comparisons with previous techniques FreezeD
(Mo, Cho, and Shin 2020), IDC (Ojha et al. 2021), and
RSSA (Xiao et al. 2022). Note that, more experimental re-
sults on various source and target domains not presented in
the paper are available in our supplementary report.
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Figure 4: Qualitative results of tested methods on FFHQ
— Animation with 5-shot. While tested baselines produce
structural artifacts or even suffers from mode-collapse, our
method generates more diverse images in a higher-quality
with structural coherency. Note that, images at each column
of right section are generated from the same latent vector,
while images corresponding to Source is produced by the
generator trained with sufficient data for the comparison.

Implementation Detail We use StyleGAN?2 (Karras et al.
2020) architecture, and our training strategy starts with
a StyleGAN2 model pretrained on a 256x256 resolution
source domains, and adapts it into target domains with 5 or
10 target domain images. The utilized hyperparameters are
identical to previous works, IDC and RSSA. We set the to-
tal number of training iteration N = 5000, batch size B =
4, and use the Adam optimizer with learning rate of 0.002.
The actual implementation of G,,_,, is based on EMA as
discussed earlier, its decay factor is 0.9978. The number of
sampled positions M; = 2v/H; x W;. The hyperparameter
7 of quantile is set to 0.6, and the factors A;q., Agse, and
Aprog are 1, 200, and 1000, respectively.

Datasets We use a pre-trained model on FFHQ dataset
(Karras, Laine, and Aila 2019) as a source domain, and adapt
the source domain model to the following target domains;
Amedeo, Sketches (R.Sharma and Prakash.R.Devale 2012),
FFHQ-babies, FFHQ-sunglasses, and Animation Faces (Li
et al. 2021). For 10-shots of Amedeo, Sketches, FFHQ-
babies, FFHQ-sunglasses, we use the same dataset used in
IDC and RSSA; in case of 5-shot, we randomly select 5-
shots from 10-shot of each domain training set. Otherwise,
we randomly select 5 or 10-shot from each target domain
images.

Evaluation Metric To evaluate the adaptation per-
formance, we measure diversity using IS (Inception
Score) (Salimans et al. 2016) and Intra-cluster pairwise
LPIPS (IC-LPIPS) (Ojha et al. 2021), and FID (Heusel et al.
2017). And we conduct a user study to subjectively evaluate



Metric Method Face—Amedeo Face—Sketches Face—Babies Face—Sunglasses Face—Anime
10-shot  5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot 10-shot 5-shot
FreezeD  0.40% 0.39 0.39x 0.38 0.43 0.30 0.46 0.44 0.47 0.43
IC-LPIPS IDC 0.60x 0.56 0.45x 0.41 0.56 0.51 0.55 0.53 0.55 0.49
RSSA 0.58 0.56 0.43 0.41 0.58 0.52 0.56 0.55 0.56 0.47
Ours 0.61 0.61 0.46 0.45 0.56 0.54 0.57 0.58 0.58 0.55
FreezeD 2.68 2.45 1.43 1.50 2.68 1.95 1.28 1.36 2.51 2.30
IS-mean IDC 241 3.14 1.52 1.58 2.61 2.46 1.24 1.13 2.25 1.59
RSSA 2.67 3.73 1.62 1.57 3.00 2.88 1.52 1.33 2.32 1.62
Ours 3.13 3.97 1.86 1.80 2.77 2.95 1.62 1.36 2.73 2.30
FreezeD - - 46.54x  69.04 117.18 119.79 67.93 79.14 10648 126.97
FID IDC - - 45.67« 56.71 57.73 100.83  38.96 65.87 89.09 95.13
RSSA - - 54.17 57.07 64.81 89.97 35.21 51.03 83.82 86.83
Ours - - 5492  67.72  56.99 78.70 32.44 44.46 88.33 84.34

Table 1: Quantitative comparison by Intra-cluster pairwise LPIPS (1), Inception Score (1), and FID (J). Note that, the FID of
Amedeo dataset is not measured because the dataset consists of only 10 images. Denoted with x* is taken from the paper of IDC.

identity, diversity, and fidelity in a human perspective.

Additionally, we experiment reconstruction task and pro-
cess an instance-wise comparison as original domain. To
make sure the identity preservation on reconstruction task,
we are following CurricularFace (Huang et al. 2020) evalu-
ation metrics.

4.1 Qualitative Comparison

To qualitatively compare our approaches with the baselines,
we randomly generate 5-shots of Animation faces. Fig. 4
shows results on FFHQ to the Animation Faces domain us-
ing different adaptation methods, FreezeD, IDC, and RSSA.

FreezeD suffers from a serious mode-collapse problem,
as it generates similar images with given few-shot training
images. The instance-wise cross-domain correlation (IDC)
shows more diverse images than FreezeD but produces vi-
sual artifacts and unbalanced shapes between the eyes. Plus,
IDC hardly preserves the identify of the source domain. The
patch-level correlation (RSSA) shows that it better preserves
identity compared to other baselines, however, it still gener-
ates some artifacts like miss-aligned chin and lips. On the
other hands, our methods generates images highly preserv-
ing identity and characteristics of source domain with much
less visual artifacts.

4.2 Quantitative Comparison

We adapt the pre-trained source domain generative model to
target domains with 5 or 10-shot images, and evaluate the
results in terms of diversity and distribution similarity.

Diversity and Fidelity IS-mean and IC-LPIPS scores in
Table. 1 show that our method is more effective than base-
lines for almost all tested domains in terms of preserving
diversity. To evaluate the fidelity, we use FID to measure
the distribution similarity. The FID is evaluated for only
domains that have sufficient population (Sketches, Babies,
Sunglasses, and Animation faces). FID scores in Table. 1
show the effectiveness of our method. Note that, since the
sketch domain has too small number of images, transferring
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. Domain
Metric Method Amedeo Sketches Anime
IDC 0.793 0.793 0.799
Similarity RSSA 0.841 0.851 0.830
Ours 0.848 0.864 0.856
IDC 0.661 0.666 0.667
LPIPS RSSA 0.609 0.581 0.617
Ours 0.577 0.563 0.578
IDC 0.443 0.446 0.432
MSE RSSA 0.443 0.315 0.364
Ours 0.310 0.268 0.250

Table 2: Quantitative evaluation of IDC, RSSA, and our
method by the reconstruction performance in terms of fea-
ture similarity(1), LPIPS(]), and MSE(|) on different do-
mains with 5-shot.

rich semantics of source model may cause even worse FID
scores.

Reconstruction Evaluation Our reconstruction experi-
ments is performed as following steps. We first adapt a pre-
trained source model to a target domain with 5-shot training
images. We then adapt it back to the source domain with
5-shot images generated by the pre-trained source model.
This step results in a reconstructed generative model for the
source domain. The quantitative performances are measured
between the original source model and the reconstructed
model. As reported in Table. 2, our method shows signif-
icantly higher scores compared to the baselines. These re-
sults clearly validate the merits of our proposed progressive
adaptation technique based on the explicit spatial matching.

4.3 User Study

Pre-trained feature extractors for quantitative evaluation,
there is a difference in cognition, such as focusing more on
style rather than content, unlike the human perspective (Lee,
Kim, and Nam 2019). Since diversity and fidelity of adap-
tation results are not sufficiently evaluated only with IS and



Domain

Metric  Method Amedeo Sunglasses  Anime
IDC 5.56% 11.11% 5.56%

Identity = RSSA 22.22% 13.89% 18.52%
Ours 72.22% 75.00% 75.93%

IDC 3.70% 3.70% 1.85%

Diversity RSSA 24.07% 18.52% 7.41%
Ours 72.22% 77.78% 90.74%

IDC 31.48% 24.07% 11.11%

Style RSSA 24.07% 22.22% 14.81%
Ours 44.44% 53.70% 74.07%

IDC 14.81% 16.67% 5.56%

Fidelity = RSSA 12.96% 25.93% 7.41%
Ours 72.22% 57.41% 87.04%

Table 3: Results of user studies on four questions: identity,
diversity, style, and fidelity. We count the voting if each
method is rated by the most identity, diversity, style, and fi-
delity. Note that, the examples generated on 5-shot settings
are shown to users.

FID, an experiment that reflects the human perspective was
needed. Therefore, we conduct a user study on 3 types of
domains: Amedeo, Animation, and Sunglasses with 4 ques-
tions online to validate subjectively our approaches with pre-
vious works on preserving identity, diversity, and fidelity. 54
users are required to select one of 3 images generated from
methods, IDC, RSSA and Ours.

Questions To evaluate whether the identity of the source
model is maintained well after adaptation, we provide im-
ages generated from the same latent of each adapted model
and ask this question, “Please choose the one that resem-
bles the one shown source image”. In the diversity valida-
tion case, we provided a group of images from each model
with the same latent and asked the user to ”choose the group
that produced the most diverse images”. In case of fidelity
validation, we shows 5-shot target domain training images
and each group of generated images of methods. And then
append 2 questions, "Please choose the one group that gen-
erated the image in the style that most closely resembles this
target images.” and “Please choose the image group with the
highest fidelity and quality.”

Results As shown in Table.3, we observe that more than
77% of participants judged that our method is most capable
of preserving identity and diversity in these few-shot adap-
tation tasks. And over 64% of participants choose our pro-
posed method as producing the most target-like styled and
high fidelity images. In particular, from the human perspec-
tive, most of the adaptation results of our method are well-
evaluated.

4.4 Ablation Study

We further investigate each component of our pro-
posed methods, ¢.e., aligned spacial distance consistency
loss (Lasc), progressive adaptation (PA), and edge-based
importance sampling (ImpS) on Animation dataset.
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Figure 5: Qualitative ablation study of our method to ver-
ify each component of our method.Those images are from
FFHQ — Animation task. Note that, our full model, Ours, is
Baseline (IDC) + L5 + PA + ImpS.

Metric Method Faces Amime Domalp
ace—Anime
Baseline (IDC) 95.13
+ Lasc 93.19
FID e +PA 86.26
+ Lasc + PA + ImpS 84.34

Table 4: Quantitative ablation study of our method on Ani-
mation dataset. PA and ImpS represent the progressive adap-
tation and importance sampling, respectively.

As shown in Fig. 5, our cross-domain aligned spatial dis-
tance consistency method is effective in preserving identity,
but solely utilizing it is hard to generate an image similar to
the target domain because of the large positional difference
due to the domain gap. Applying progressive adaptation im-
proves the accuracy of the feature mapping method of L,
so generated image follows the spatial structure of the target
domain. Finally, the fidelity and quality are further improved
when adding importance sampling.

5 Conclusion

We proposed a novel generative model adaptation approach,
progressive adaptation with align-free spatial correlation,
that addresses the big domain gap between the source and
target domains through a progressive learning. Specifically,
we identified semantically coherent image regions between
images generated by models in training at nearby iteration
by exploiting their small domain gaps, and formulated to
preserve the spatial correlation to enable high-quality adap-
tation. Moreover, we also proposed an importance sampling
strategy to exclude undesired image regions for the adapta-
tion such backgrounds and reduce the training complexity.
In our extensive experiments, our method outperforms the
state-of-the-art methods, in terms of diversity, fidelity, and
identity preservation of the source model with much less vi-
sual artifacts.
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