This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Domain Expansion of Image Generators

Michaél Gharbi'
Daniel Cohen-Or?

Yotam Nitzan'2

1 Adobe Research

Dormant
direction

Domain Adaptation

Richard Zhang!

2 Tel-Aviv University

Dormant
direction

Source Generator

Taesung Park! Jun-Yan Zhu?

Eli Shechtman®

3 Carnegie Mellon University

Zombie
direction

Domain Expansion (Ours)

Figure 1. (center) Traversing the latent space of generative models along some directions changes the image significantly while traversing
others has no perceptible effect. We call such directions dormant. (left) Domain adaptation methods, transform the entire generator from
a source domain to a target domain. (right) We introduce an approach for a new task — domain expansion. Rather than transforming the
generator fully, we expand it to include new data domains. Our method learns to represent the new domain in a disentangled manner by

repurposing a single dormant direction.
Abstract

Can one inject new concepts into an already trained gen-
erative model, while respecting its existing structure and
knowledge? We propose a new task — domain expansion
— to address this. Given a pretrained generator and novel
(but related) domains, we expand the generator to jointly
model all domains, old and new, harmoniously. First, we
note the generator contains a meaningful, pretrained latent
space. Is it possible to minimally perturb this hard-earned
representation, while maximally representing the new do-
mains? Interestingly, we find that the latent space offers un-
used, “dormant” directions, which do not affect the output.
This provides an opportunity: By “repurposing” these di-
rections, we can represent new domains without perturbing
the original representation. In fact, we find that pretrained
generators have the capacity to add several — even hundreds
— of new domains! Using our expansion method, one “ex-
panded” model can supersede numerous domain-specific
models, without expanding the model size. Additionally, a
single expanded generator natively supports smooth transi-
tions between domains, as well as composition of domains.

Code and project page available here.

1. Introduction

Recent domain adaptation techniques piggyback on the
tremendous success of modern generative image models [3,
12,32, 40], by adapting a pretrained generator so it can
generate images from a new target domain. Oftentimes,
the target domain is defined with respect to the source do-
main [5,21,22], e.g., changing the “stylization” from a pho-
torealistic image to a sketch. When such a relationship
holds, domain adaptation typically seeks to preserve the fac-
tors of variations learned in the source domain, and transfer
them to the new one (e.g., making the human depicted in
a sketch smile based on the prior from a face generator).
With existing techniques, however, the adapted model loses
the ability to generate images from the original domain.

In this work, we introduce a novel task — domain ex-
pansion. Unlike domain adaptation, we aim to augment the
space of images a single model can generate, without over-
riding its original behavior (see Fig. 1). Rather than view-
ing similar image domains as disjoint data distributions, we
treat them as different modes in a joint distribution. As a
result, the domains share a semantic prior inherited from
the original data domain. For example, the inherent factors
of variation for photorealistic faces, such as pose and face
shape, can equally apply to the domain of “zombies”.
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Figure 2. Example of a domain expansion result. Starting from
dogs as the source domain, we expand a single generator to model
new domains such as facial expressions, breeds of dogs and other
animals, and artistic styles. Finally, as the representations are dis-
entangled, the expanded generator is able to generalize and com-
pose the different domains, although they were never seen jointly
in training.

To this end, we carefully structure the model train-
ing process for expansion, respecting the original data do-
main. It is well-known that modern generative models with
low-dimensional latent spaces offer an intriguing, emer-
gent property — through training, the latent spaces represent
the factors of variation, in a linear and interpretable man-
ner [3,6,10, 12,28, 30,39,40]. We wish to extend this ad-
vantageous behavior and represent the new domains along
linear and disentangled directions. Interestingly, it was pre-
viously shown that many latent directions have insignificant
perceptible effect on generated images [6]. Taking advan-
tage of this finding, we repurpose such directions to repre-
sent the new domains.

In practice, we start from an orthogonal decomposition
of the latent space [36] and identify a set of low-magnitude
directions that have no perceptible effect on the generated
images, which we call dormant. To add a new domain,
we select a dormant direction to repurpose. Its orthogo-
nal subspace, which we call base subspace, is sufficient
to represent the original domain [6]. We aim to repur-
pose the dormant direction such that traversing it would
now cause a transition between the original and the new
domain. Specifically, the transition should be disentangled
from the original domain’s factors of variation. To this end,
we define a repurposed affine subspace by transporting the
base subspace along the chosen dormant direction, as shown
in Fig. 3. We capture the new domain by applying a domain
adaptation method, transformed to operate only on latent
codes sampled from the repurposed subspace. A regular-
ization loss is applied on the base subspace to ensure that
the original domain is preserved. The original domain’s
factors of variation are implicitly preserved due to the sub-
spaces being parallel and the latent space being disentan-
gled. For multiple new domains, we simply repeat this pro-
cedure across multiple dormant directions.

We apply our method to the StyleGAN [13] architecture,

with multiple datasets, and expand the generator with hun-

dreds of new factors of variation. Crucially, we show our

expanded model simultaneously generates high-quality im-

ages from both original and new domains, comparable to

specialized, domain-specific generators. Thus, a single ex-
panded generator supersedes hundreds of adapted genera-
tors, facilitating the deployment of generative models for
real-world applications. We additionally demonstrate that
the new domains are learned as global and disentangled fac-
tors of variation, alongside existing ones. This enables fine-
grained control over the generative process and paves the
way to new applications and capabilities, e.g., compositing
multiple domains (See Fig. 2). Finally, we conduct a de-
tailed analysis of key aspects of our method, such as the ef-
fect of the number of newly introduced domains, thus shed-
ding light on our method and, in the process, on the nature
of the latent space of generative models.

To summarize, our contributions are as follows:

* We introduce a new task — domain expansion of a pre-
trained generative model.

* We propose a novel latent space structure that is amenable
to representing new knowledge in a disentangled manner,
while maintaining existing knowledge intact.

* We present a simple paradigm transforming domain adap-
tation methods into domain expansion methods.

* We demonstrate successful domain expansion to hun-
dreds of new domains and illustrate its advantage over
domain adaptation methods.

2. Related Work

Fine-tuning generative models. Starting from a genera-
tor pretrained on a source domain and training it for a target
domain, often called fine-tuning, is a common technique ap-
plied for various purposes and settings.

Some works wish to model only the target domain. In
which case, the pretrained model is leveraged simply as an
efficient initialization, shortening the training time, and im-
proving image quality [11, 16, 19,47,50]. Others, wish to
learn the target domain alongside the source domain, in a
setting called continuous learning, and propose methods to
ensure that the source domain is not forgotten [34,44]. Al-
though in a single generator, the domains are modeled sep-
arately, each as its own class.

A prominent line of works have sought to make the target
domain inherit knowledge from the source domain [1,2,5,
14,17,21-23,31,33,42,43,51]. This approach allows gener-
alization beyond the target domain per-se and is especially
useful when training data is scarce.

Our work similarly involves fine-tuning, but for a novel
purpose. Our perspective is that, since the target domain
is introduced with knowledge from the source domain — it
is in essence, an expansion of it. Therefore, in contrast to
the aforementioned works, we aim to model the domains
jointly. The proposed method does not replace previous
fine-tuning methods, but allows applying them jointly.
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Latent directions in generative models. Generative
models learn to represent the factors of variation of ob-
served data in their latent space. Disentangled represen-
tations are especially useful as they facilitate intuitive con-
trol over the generative process. With recent architectures,
disentanglement miraculously emerges without interven-
tion [12,24,28,39]. In such models, disentanglement is
manifested through the existence of linear latent directions,
each ideally controlling a single factor of variation.

Due to the spontaneous emergence of such directions,
many works have been proposed to identify them after the
model has been trained [6,25,35-37,41,45] and used them
for downstream applications, most commonly semantic im-
age editing. At the same time, it has also been observed
that some latent directions have no perceptible effect on the
generated images [0,46]. These directions, which we call
dormant, were not previously leveraged for any purpose.

In this work, we rely on existing methods to factorize
the latent space into such linear directions. As we aim to
expand the pretrained generator to additional domains, we
decide to explicitly encode the “new knowledge” along the
dormant directions, while keeping other directions intact.
This design ensures that the original domain is preserved
and that the different domains are represented in a disentan-
gled fashion.

3. Method

We start with a pretrained generator Gy, that maps from
latent codes z € Z C RP to images in a source domain
Dqre, and a set of N domain adaptation tasks, each defined
by a loss function £;, ¢ € {1,..., N}. In domain adapta-
tion, fine-tuning Gy, to minimize £, yields a generator G;
that generates images from the new domain D;. In contrast,
our goal is domain expansion, which aims at training a sin-
gle expanded generator G that can simultaneously model
all the new domains U ; D;, along with the original do-
main Dg.. We want to ensure that the new domains D; are
disentangled from each other and also share the factors of
variation from the source domain, which remain intact.

Our solution is to partition the latent space into disjoint
subspaces, one for each new domain, and to restrict the ef-
fect of each domain adaptation to the corresponding sub-
space. To this end, we endow the latent space with an ex-
plicit structure that supports domain expansion (Sec. 3.1),
and optimize each domain adaptation loss only using la-
tents from specific subspace reserved for the new domain
(Sec. 3.2). Our decomposition reserves a base subspace for
the original domain Dy, on which we impose a regulariza-
tion objective to maintain the behavior of the source gen-
erator (Sec. 3.3). Fig. 3 gives an overview of our domain
expansion algorithm.

3.1. Structuring the Latent Space for Expansion

Modern generative models conveniently learn to repre-
sent the factors of variation along linear latent directions,
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(a) Domain Adaptation Training (b) Domain Expansion Training

Figure 3. Our method transforms a domain adaptation task to a
domain expansion task. (a) Generator G is optimized to satisfy
the loss £, for every latent code in space. The entire generator
and latent space now represent the new domain, indicated with the
color blue. (b) Generator G is optimized to satisfy the same loss,
L;, only on a subspace Z;, dedicated to the new domain. Simul-
taneously, GG is optimized to satisfy a regularization term L, on
a parallel subspace, Zpasc, ensuring the original knowledge is pre-
served there. The generator and latent space now represent both
domains, indicated by being colored both blue and orange. The
latent direction between the two spaces was originally dormant in
generator (G, and now represents a transition between the domains.

in a completely unsupervised manner [12,26,28,39]. We
decide to explicitly extend this model by structuring the la-
tent space such that the effect defined by an adaptation task
would be represented along a single linear direction. For-
mally, there should exist some scalar s and latent direction
v;, for which images generated from G (z), G* (2 + sv;),
relate to each other as the corresponding images from the
source and adapted generators Gy (2), G;(z) do.

Concretely, following SeFA [36], we obtain a semantic
and orthogonal basis V' of the latent space from the right
singular vectors (produced by SVD) of the very first gener-
ator layer, which acts on the latent space Z. With a similar
factorization technique [6], it was observed that a relatively
small subset of the basis vector is sufficient to represent
most of the generators G ’s variability. Other basis vectors
have barely any perceptible effect on the generated images.
We find this to be the case with SeFA as well. We refer to
vectors with no perceptible effect as dormant.

As the dormant directions do not affect the model’s gen-
eration capabilities, they are available to be repurposed with
new desired behavior. We thus choose to represent the do-
mains Dg,. and D; in regions that are separated by only a
dormant direction.

Formally, for each of the N adaptation tasks, we dedi-
cate a single dormant direction, v;, that will be repurposed.
The remaining directions {vx41,...,vp} will remain in-
tact. We finally define a subspace of Z, dubbed the base
subspace, as

Zbase :SPaH(UN-H,---aUD) +z (l)

where Z is the mean of the distribution over the latents used
to train the generator. Then, for each repurposed direction,
v;, we define a repurposed subspace Z; that is the base
subspace transported along direction v; by a predetermined
scalar size s.

Z; = Zpase + SV;. 2
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The choice of direction v; and scalar s are discussed in Ap-
pendices C.2 and C.4.

Our domain expansion training procedure described
hereafter will ensure subspace Z; is the only part of the
latent space affected by the training objective L£;, and is
reserved to generate images from domain D;. Intuitively,
shifting the base subspace along direction v; aims to achieve
two goals: 1. preserve the factors of variations inherited
from Z,s, and 2. restrict the new factor of variation (cor-
responding to D;) to a single latent direction, v;.

3.2. From Domain Adaptation to Expansion

Having defined disjoint affine subspaces Z; of the latent
space Z for our new domains D;, we now describe how we
constrain each domain adaptation objective £; to affect only
the corresponding subspace.

The domain adaptation objective is applied to images
generated from latent codes z € Z, sampled from distribu-
tion p(z) defined on the entire space Z. Commonly the dis-
tribution is a Gaussian, or is derived from it [12] but some
exceptions exist [21,43]. Our strategy is to transform this
sample distribution into one restricted to the affine subspace
Z;. We do so by projecting the samples from p(z) onto Z;,
using a standard orthogonal projection operator

D

projz ()= 3. (0] (z=2)vy +z+sv. ()
J=N+1

Denoting by p; the sampling distribution over Z for each
of the new domains we seek to adapt, the training loss over
all tasks is defined as

N
ACexpand = Z Ezwpi(z) ﬁi(G(prszi (Z))> “)
=1

3.3. Regularization

Optimizing Lexpana lets us learn to generate data from
the new domains D; within a single generator, but unfortu-
nately it leaves the base subspace Z,s under-constrained
and, therefore, does not guarantee it will remain unaltered
during training. In practice, we observe that the effect of £,
“leaks” outside Z;, causing catastrophic forgetting [18] in
subspace Zp,se, and undesirably affecting other subspaces
Z;. We show an example of this leakage in Fig. 4.

To prevent this failure mode, we explicitly enforce the
preservation of G ’s behavior over the base subspace Zpse
by regularization. We adopt two successful regularization
techniques. First, we keep optimizing the generator with
the loss it was originally trained on, L., which is known
to mitigate forgetting [15]. Second, we apply replay align-
ment [44], which is a reconstruction loss that compares the
output of a frozen copy of the source generator to that pro-
duced by our generator. We use a weighted combination of

Subspace Z;
Sketch of a Dog

g

Subspace Z

Base Subspace Funny Dog

Unregularized

Regularized

Figure 4. Regularization prevents leakage. Without regulariza-
tion (top row), new factors of variation “Sketch” and “Funny” are
leaking into the base subspace and the other repurposed subspace.
Note, for example, that the image from the base subspace is both
a sketch and depicts a smiling dog. Our regularization, described
in Eq. (6), solves the issue (bottom row).

an Lo pixel loss and LPIPS [49]:

Lrecon = Apips Lipips (Gisre (2), G(2)) + AL, [|Gare(2) = G(2) 5,

®)

where Ajpips = Az, = 10 are weighting hyperparameters.
Not only does replay alignment preserve the source domain
Dge, it also has the added benefit of aligning G to the
source generator G, in the sense that they will produce
similar outputs given the same latent code z.

Crucially, we only regularize the base subspace Zpase,
since the subspaces Z; should be allowed to change to learn
the new behaviors. To this end, we project the latent codes
to the base subspace Zpase, before calculating the regular-
ization terms. Our overall regularization objective is thus:

Ereg = EZNpsrc (Z) [ASI‘C[-:SI‘C (G(proj Zhase (Z) ) ) +
Lrecon(G(proj Zhase () )} )

where Ay = 1 balances the two terms and ps,..(2) is the
latent distribution over Z used to train Gg.. Our final, reg-
ularized domain expansion objective is, therefore:

Lean = Eexpand + Ereg- (7N

(6)

4. Experiments

We evaluate our method and analyze its key character-
istics. Sec. 4.1 first details the experimental setting, fo-
cusing on StyleGAN. We start by analyzing the knowl-
edge encoded along repurposed directions and compare it
to domain adaptation methods (Sec. 4.2). We then delve
deeper and evaluate the effects (Sec. 4.3) and opportuni-
ties (Sec. 4.4) presented by expanding a generator to multi-
ple domains simultaneously. Next, we demonstrate that the
quality of the source domain is maintained in the base sub-
space (Sec. 4.5). Finally, we demonstrate that our method
generalizes to other generators (Sec. 4.6).

Further experiments, results, and details are provided in
the supplementary.
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4.1. Experimental Setting

We adopt StyleGAN2 [13] as the main generator archi-
tecture, for its disentangled latent space and because it has
been the dominant test bed for generative domain adapta-
tion methods in recent years [1,5,21,22,43,51].

Latent space and subspaces. Several latent spaces have
been considered in the context of StyleGAN. We use the
intermediate latent space WV in all our experiments but note
it as Z for consistency. We use SeFA [36] for the orthogonal
decomposition of Z. As SeFA performs SVD, there is a
native indication to how dormant is a given latent direction
— the corresponding singular value. As singular values are
commonly sorted in decreasing orders, the last basis vectors
are most dormant. When expanding with N new domains,
unless specified otherwise, we repurpose the last N basis
vectors. We use s = 20 in all experiments. These decisions
are evaluated in greater depth in Appendices C.2 and C.4.

Adaptation methods. We demonstrate our expansion
method with two domain adaptation tasks - StyleGAN-
NADA [5] and MyStyle [21]. These two tasks were cho-
sen as they differ significantly in key aspects — source of
supervision, sampling distribution and loss.
StyleGAN-NADA is a zero-shot, text-guided, domain
adaptation method. It takes as input a pair of text prompts,
Tsource aNd trareer, describing the desired transformation
source — target to be applied on the domain of the pre-
trained generator, Dy.. The loss function £ is given by

AT = Er (ttarge[) — Er (tsource) s
Al = Er (G(2)) — Er (G (2)) ,
Al - AT
|AII|AT]’

(®)
L=1-

where 1 and Ep are CLIP’s [29] image and text encoders
respectively.

MyStyle is a few-shot, image-supervised, domain
adaptation method. As input, it takes a set of images
{xm}M_, of an individual (M ~ 100), and adapts Gy to
form a personalized prior for that individual. The generator
is trained to better reconstruct x,, from their original latent
space inversions z,, € Z [38]. Formally, the loss function
is given by

M
L= Z [Lipips (G (2m), m) + [|G(2m) — Tmllo], (9

m=1

where Lipips is again the LPIPS loss [49].

Datasets and models. We demonstrate our method on
four datasets — FFHQ [12], AFHQ Dog [4], LSUN Church
[48] and SD-Elephant [20]. The FFHQ model is expanded
with 105 new domains, 100 introduced with the expanded
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Polar
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Botox
Lips

Figure 5. Continuous traversal along repurposed directions. As
can be seen, the traversal between the base subspace (o« = 0) and
repurposed subspace (« = s) portrays a smooth transition between
the source and newly introduced domains. Advantageously, the
semantic meaning of the repurposed direction is preserved in the
extrapolation, representing the opposite relationship between the
domains (a < 0) or exaggerations of it (a > s).

Method User % (1) ID (1) Diversityx10 (1)
StyleGAN-NADA  41.2% - 2.42 £0.13
Ours w/ NADA 58.8% - 2.42 £0.13
MyStyle - 0.80+0.06 3.08+0.15
Ours w/ MyStyle - 0.76 £0.05 3.14 +0.14

Table 1. Quantitative comparison of images generated from our
repurposed subspaces to those generated by corresponding domain
adaptation methods - StyleGAN-NADA [5] and MyStyle [21]. We
follow each adaptation method’s quantitative evaluation protocol.

variant of StyleGAN-NADA and 5 from the expanded vari-
ant of MyStyle. The AFHQ Dog, LSUN Chruch and SD-
Elephant are expanded with 50, 20, and 20 new domains
correspondingly, all introduced from the expanded variant
of StyleGAN-NADA.

4.2, Evaluating Domains Individually

Traversing a repurposed direction. We start by investi-
gating what knowledge, if any, is encoded along the repur-
posed latent directions. To this end, starting from a random
latent code z € Zy,ge, we individually traverse different re-
purposed directions, v;, and inspect the generated images
G (2 + aw;). Sample results from our dogs, elephants, and
faces models are displayed in Fig. 5. We find that each in-
dividual repurposed direction now successfully encodes the
desired factor of variation, in a global and continuous way.

Our training paradigm is inherently discrete — encour-
aging the source behavior on the base subspace (v = 0)
and the newly introduced effect on the repurposed space
(o = s). Therefore, obtaining a smooth effect might seem
surprising at first glance. Nevertheless, this phenomenon
can be clearly traced to the well-established observation that
generators are smooth with respect to their latent space [12].
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Barbie ) Barack Obama

Figure 6. A random set of images generated by our generator
from repurposed subspaces (bottom) and by corresponding do-
main adaptation methods (top). The images are similar and dif-
ferences are subtle.

Behavior on the repurposed subspace. We have trans-
formed adaptation tasks into expansion tasks by limiting
the training effect to the repurposed subspaces only. But,
for latents in repurposed subspaces (o« = s), the domain
adaptation could be considered to have been applied as-is.

We next directly compare the images generated by our
generator from the repurposed subspace to the correspond-
ing images generated by the domain-adapted generator. We
inherit and repeat the quantitative evaluation protocols per-
formed by each of the adaption tasks. To compare qual-
ity with StyleGAN-NADA [5] we perform a two-alternative
forced choice user study. Users were asked to pick the im-
age that has higher-quality and better aligns with the target
text used for training. We gathered 1440 responses from
32 unique users. To compare quality with MyStyle [21],
we evaluate preservation of identity in generated images,
as observed by a face recognition network [9]. For both
methods, the diversity is compared based on intra-cluster
LPIPS [49] distance, first suggested by Ojha et al. [22]. We
use 10 domains for comparison with StyleGAN-NADA and
5 for comparison with MyStyle. Note that we use a single
generator G, expanded with 105 domains, while compet-
ing methods use a dedicated model per domain, 15, overall.
We report the results in Tab. 1 and Fig. 6.

As can be seen, on the repurposed subspaces, our method
produces comparable images to that generated by the ded-
icated, domain-adapted generator. Perhaps surprisingly,
users somewhat prefer our results over StyleGAN-NADA’s.
We speculate this is due to the significantly greater difficulty
of choosing hyperparameters for their training.

4.3. Effect of Domains on Each Other

Previous evaluation of individual repurposed directions
already indicates disentanglement between different factors
of variation. For example, “Barbie” images in Fig. 6 show
no sign of being caricature, Barack Obama, or any of the
other hundred factors of variation introduced to that gen-
erator. In this section, we delve deeper into evaluating the
effects of expanding with multiple factors of variation.
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Figure 7. Investigating the effect of introducing multiple domains
simultaneously. (a) Reports the CLIP error of generated images
with the text “a sketch”, as a function of training iterations. Images
are generated from the “Sketch” and “Sumo” subspaces of models
trained with a different number of domains. (b) Depicts generated
images from models that have similar CLIP errors. As can be
seen, the sketch domain does not “leak” into the sumo subspace.
Additionally, introducing additional domains delays, but does not
prevent, the introduction of sketch.

To this end, we train three models to expand the FFHQ
parent model with either 1, 5 or 50 new domains, all in-
duced by StyleGAN-NADA [5]. All models are expanded
with “Sketch”, and the latter two with “Sumo” as well
as other factors of variation. We quantify the strength
of introduced factor of variation using CLIP error, the 1-
complement of the score produced by CLIP [29]. We use
the top-performing version of the CLIP encoder available,
ViT-L/14, which is not used during training. We note that
simply minimizing CLIP error is not the objective, as it
might lead to favoring mode-collapsed and adversarial ex-
amples [5]. Nevertheless, together with qualitative inspec-
tion, it is useful for comparing different models.

In Fig. 7a, we report the CLIP error of generated images
with the text “a sketch”, as a function of the training itera-
tions. Images are generated from the “Sketch”, and if exists,
“Sumo” subspace. First, we observe that CLIP error is de-
creasing for “Sketch” subspaces in all models, as expected.
Conversely, CLIP error in the “Sumo” subspace does not
significantly change, indicating it is not becoming any more
or less of a sketch. This result quantitatively supports our
previous finding, that factors of variations do not interfere
with each other, and demonstrates it is true regardless of
the number of other factors of variations learned simultane-
ously. Additionally, we observe that expanding with addi-
tional factors of variation delays, but does not prevent, G
the introduction of ”Sketch* effectively. The observed delay
is expected, as expanding with more variations corresponds
to GT optimizing and balancing additional loss functions.

15938



Desert - #496 (NADA)

Towers & Night - #7 (Original)
Dwayne Johnson - #509 (MyStyle)

Cubism Art - #503 (NADA)

Pixar - #484 (NADA)

Tongue Out - #463 (NADA)

Figure 8. Composing multiple effects by simple latent traversal. In each grid, we start from the latent code that generates the top-left image
and traverse along two latent directions, represented by advancement in rows and columns. For each direction, we note the associated
domain, its ordinal number in the latent space’s basis, and the training method used (“NADA” or “MyStyle”) to learn the domain. As can be
seen, G has learned a disentangled representation, allowing meaningful composition of concepts. Specifically, note the disentanglement
between directions, as traversing left-right does not affect the magnitude of the effect corresponding to up-down traversal, and vice versa.

Generated samples from the sketch and sumo subspaces are
provided in Fig. 7b.

4.4. Compositionality

While accidental “leakage” between latent directions
during training is undesired, intentionally composing varia-
tions at test time is useful. For generative models with a dis-
entangled latent space, summing together latent directions
aggregates their semantic meaning, and should not affect
the magnitude of their effects if applied separately. For ex-
ample, if direction v; controls head pose and direction vy
controls an unrelated variation, images G(z + v + v2) and
G(z + v1) should depict the same head pose.

We find that the latent space of the expanded generator
G is disentangled, and variations can indeed be composed
effectively. Crucially, variations can be composed with each
other regardless of their originating training task, including
those on the base subspace, learned from the source domain.
Fig. 8 shows a sample of gradual composition results across
models and training tasks.

Comparison to existing techniques. Several domain
adaptation methods have proposed techniques to combine
multiple variations. These methods still train a separate
generative model per variation, but combine their effects
in test-time. Specifically, in the realm of CLIP-supervised
training, StyleGAN-NADA [5] interpolates the generators’
weights, while DiffusionCLIP [14] interpolates intermedi-
ate activations of the generators. Next, we compare the dis-
entanglement of composition in our generator to that made
possible using these techniques.

For each method, we start with a setting that was opti-
mized to generate images that align with one of two text
prompts. In our case, this setting is Gt with latent codes
in certain subspaces. For the baselines, these settings are

LSUN SD
Model FFHQ AFHQ Church  Elephant
Parent 2.77 7.43 3.92 2.30
Ours 2.80 7.51 3.76 2.70
Only Lo 2.75£0.08 7.3840.09 3.31+£0.22 3.91+0.67

Table 2. We generate images from the base subspace and report
FID [7] (}) with respect to source domain dataset. We compare
our FID to that of the source generator G.. For reference, we
also continue training the source generator for the same number
of iterations with its original loss - L., and report the mean and
standard deviations of FID along the training. As can be seen,
on the base subspace, our models have comparable FID scores to
their parents. Furthermore, similar magnitude of change in FID are
observed by simply continuing training, indicating that the change
in FID might be, at least in part, due to “random” fluctuations.

dedicated generators with any latent code. Then, for each
method, we gradually introduce the variation described by
the other text prompt and generate the corresponding im-
ages. Finally, we measure normalized CLIP error between
generated images and the two prompts. We normalize all
errors by the error of the initial setting, to make the metric
comparable across methods and text prompts. Fig. 9 reports
the mean and standard deviation of the CLIP error, on 10
pairs of prompts, and provides a sample of qualitative re-
sults. As can be seen, both baseline methods directly trade-
off one domain for the other, expressed by a linear-looking
trend. Conversely, our method obtains significantly lower
errors and allows for a true composition of concepts.

4.5. Preservation of the Source Domain

We next evaluate the preservation of the source domain
in G. To this end, using FID [7], we compare the quality
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Figure 9. Comparing compositionality in our generator to methods
of combining multiple domains proposed by StyleGAN-NADA
[5] and DiffusionCLIP [14]. Starting from a setting optimized for
either text prompt #1 or #2, we gradually introduce the variation
described by the other text. (a) Reports the CLIP error to both
prompts along the gradual introduction, normalized to the error
obtained for each text prompt in isolation. (b) Portrays a sample
of qualitative results, where the composition is such that assigns
equal strengths to both effects. As can be seen in, both quantita-
tively and qualitatively, NADA and DiffusionCLIP directly trade-
off one effect for the other — strengthening the effect of one prompt
directly lessens that of the other. In contrast, our generator allows
true composition of modalities.

of images generated from the base subspace Zpue of GT
to those generated by the source generator Gg,.. Since the
generator is being trained, some change in FID is expected.
Therefore, we also report the average and standard devia-
tion over FID scores for a generator that simply continues
training, i.e., using only the original loss L. Results are
reported in Tab. 2 and vary between datasets. Across all
datasets, we observe that the FID from our base subspace
is within 1o of the that obtained from either the parent or a
generator that continues training. For reference, generator’s
adapted with StyleGAN-NADA and MyStyle have an aver-
age FID of 125 and 183, respectively. We conclude that the
expansion method might have a slight impact on FID, but it
is negligible.

4.6. Generalization Beyond StyleGAN

We finally demonstrate that our expansion method gen-
eralizes to other models, beyond StyleGAN. To this end,
we experiment with Diffusion Autoencoder (DiffAE) [28].
Despite differences in architecture and training method,
DiffAE also has a semantic latent space, marked with zgep,.
We apply our approach over DiffAE and its latent space,
using StyleGAN-NADA [5] as the base adaptation method.
We find that our expansion methods works as well with Dif-
fAE, and provide a sample of qualitative results in Fig. 10.

Input Base Subspace Samurai Barbie

Figure 10. Applying our domain expansion method with Diffusion
Autoencoder [28].

5. Conclusions

We present a new problem — domain expansion — and
propose an approach to solve it. The core of our method
is to carefully structure the latent space, such that it is
amenable to learning additional knowledge, while keeping
the existing knowledge intact. Our method takes advantage
of the existence of dormant latent directions, and the task
itself implicitly relies on the capacity of the model weights
to represent more knowledge. If one of these assumptions
does not hold, it might not be possible to apply domain ex-
pansion. However, the popularity of methods squeezing
neural networks, such as Knowledge Distillation [8], and
current estimates of the intrinsic dimensionality of image
datasets [27], indicate that these assumptions commonly
hold. In our experiments, we were able to expand to hun-
dreds of directions. A plausible limitation is that the model
can be expanded to a certain point but ultimately limited by
factors such as the latent space or network capacity. Over-
coming this limitation, perhaps by considering more com-
plex latent space structures, is an avenue for future work.
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