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Abstract

Few-shot image generation is a challenging task even
using the state-of-the-art Generative Adversarial Networks
(GANs). Due to the unstable GAN training process and
the limited training data, the generated images are often
of low quality and low diversity. In this work, we pro-
pose a new “editing-based” method, i.e., Attribute Group
Editing (AGE), for few-shot image generation. The basic
assumption is that any image is a collection of attributes
and the editing direction for a specific attribute is shared
across all categories. AGE examines the internal represen-
tation learned in GANs and identifies semantically mean-
ingful directions. Specifically, the class embedding, i.e., the
mean vector of the latent codes from a specific category,
is used to represent the category-relevant attributes, and
the category-irrelevant attributes are learned globally by
Sparse Dictionary Learning on the difference between the
sample embedding and the class embedding. Given a GAN
well trained on seen categories, diverse images of unseen
categories can be synthesized through editing category-
irrelevant attributes while keeping category-relevant at-
tributes unchanged. Without re-training the GAN, AGE
is capable of not only producing more realistic and di-
verse images for downstream visual applications with lim-
ited data but achieving controllable image editing with in-
terpretable category-irrelevant directions. Code is avail-
able at https://github.com/UniBester/AGE.

1. Introduction
The emergence of GANs [10] has enabled the deep gen-

erative model to generate images with higher quality and di-
versity. However, due to the characteristics of GANs, train-
ing a good GAN model often requires a lot of training data
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Figure 1. Illustration of attribute editing in the latent space.
(a) The category-relevant attribute editing between the class em-
bedding wcm . (b) The category-irrelevant attribute editing within
categories. The same editing in the latent space is universal be-
tween different categories

and is difficult to converge [41]. Given a few images from
an unseen category, it is hard for GANs to generate new
realistic and diverse images for this category. This task is
referred to as few-shot image generation, which can benefit
a bunch of downstream tasks like low-data detection [8] and
few-shot classification [34, 36].

Existing few-shot image generation methods can be
roughly divided into three types, i.e., optimization-based [7,
23], fusion-based [4, 11, 14, 15], and transformation-
based [3, 13]. Optimization-based methods introduce meta-
learning paradigms to generate new images by learning an
initialized base model and fine-tuning the model with each
unseen category, but images generated by methods of this
type are blurry and of low quality. Fusion-based methods
fuse several input images in a feature space and decode the
fused feature back to a realistic image of the same cate-
gory. However, these methods need at least two images as
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input and can only generate images similar to input images.
Transformation-based methods find intra-category transfor-
mations and apply these transformations to unseen cate-
gory samples to generate more images of the same category.
However, the end-to-end training of image transformation
and generation is very unstable. Worse still, these transfor-
mations tends to be complicated, and the generated images
are often of low-quality and even crashed.

Drawing on the idea of StyleGAN [20,21], an image can
be regarded as a collection of different attributes. The cat-
egory of an image is decided by objects’ category-relevant
attributes, such as the shape of the face and the morphology
of the fur. Differences between images of the same cate-
gory are reflected in category-irrelevant attributes including
expressions, postures, etc. Moreover, many works [12, 32]
have shown that GANs represent these attributes in the la-
tent space. Moving the latent code along an identified di-
rection can accordingly change the semantic in the output
images. Theoretically, given a pretrained GAN, an object of
an unseen category can be generated with combinations of
attributes from seen categories as shown in Figure 1(a). Di-
verse images of the same category can be generated by edit-
ing category-irrelevant attributes, which are shared across
all categories as shown in Figure 1(b). If these semantically
meaningful directions can be distinguished, we can achieve
reliable few-shot image generation needless of re-training a
GAN.

In order to identify such directions, image editing meth-
ods typically annotate a collection of synthesized samples
and train linear classifiers in the latent space. They require
a clear definition of the target attributes as well as the corre-
sponding manual annotations. However, it will be unrealis-
tic to obtain such detailed annotations for more complicated
multi-category image generation [6, 24, 26]. Therefore, the
key challenge of the editing-based method is to factorize the
meaningful directions for category-relevant and category-
irrelevant attributes without explicit supervision.

To achieve this goal, we propose Attribute Group Edit-
ing (AGE), which examines the variation relationship be-
tween the image and the internal representation. The core
of AGE is to factorize the directions of category-irrelevant
attributes and category-relevant attributes without explicit
supervision. First, the class embedding for a specific cate-
gory is obtained from the mean representation of all samples
from this category. As shown in Figure 1(a), for a seen cat-
egory with a large amount of training data, this embedding
is likely to disentangle all category-relevant attributes from
major category-irrelevant attributes. Afterward, any sam-
ples in the dataset can be regarded as category-irrelevant
editing from the corresponding class embedding. In order to
factorize category-irrelevant directions in latent space, we
model this editing process with Sparse Dictionary Learn-
ing (SDL) [2, 25]. A number of constraints are used to en-

sure that every direction in the dictionary is semantically
meaningful and category-irrelevant. Different linear com-
binations of directions in the dictionary can facilitate gener-
ation of diverse images without changing their category.

Our contributions can be summarized as follows:
- We present a new perspective for few-shot image gen-

eration, i.e., diverse images of unseen categories can be pro-
duced through category-irrelevant image editing.

- We propose a new method, Attribute Group Edit-
ing (AGE), which can identify groups of category-relevant
and category-irrelevant editing directions from a pretrained
GAN without explicit supervision.

- Extensive experiments suggest that AGE achieves more
stable few-shot image generation with high quality and di-
versity. Besides, since the editing directions discovered
by AGE are semantically meaningful, we can also perform
controllable image generation based on the learned attribute
dictionary.

2. Related Work
Few-shot image generation. Existing few-shot image gen-
eration methods can be roughly divided into optimization-
based methods, fusion-based methods, and transformation-
based methods. Optimization-based methods [7, 23, 29]
combine meta-learning and adversarial learning to gener-
ate images of unseen category by fine-tuning the model.
However, the images generated by such methods have
poor authenticity. Fusion-based methods fuse the features
by matching the random vector with the conditional im-
ages [14] or interpolate high-level features of conditional
images by filling in low-level details [11, 15]. Simple
content fusion limits the diversity of generated images.
Transformation-based methods [3, 13] capture the cross-
category or intra-category transformations to generate novel
data of unseen categories. These works capture the transfor-
mations from the image differences and may corrupt due
to the complex transformations between intra- and inter-
category pairs. From our new “editing-based” perspective,
the intra-category transformation can be alternatively mod-
eled as category-irrelevant image editing based on one sam-
ple instead of pairs of samples.
Few-shot image-to-image translation. Few shot image-
to-image translation methods map images from one domain
to another based on a few images, like category transfer [16,
24, 37], weather transfer [30] and style transfer [22, 27, 39].
These methods also focus on the few-shot setting but mainly
handles domain transfer rather than object categories.
Image manipulation. Recent studies have shown that
GANs can represent multiple interpretable attributes in the
latent space [20,40]. For image editing, supervised learning
methods [9,32,40] annotate predefined attributes according
to pre-trained classifiers, and then learn the potential direc-
tions of the attributes in the latent space. However, they
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Figure 2. The overview of AGE. AGE learns a dictionary A consisting of category-irrelevant attribute editing directions in the training
stage and generates diverse images via category-irrelevant manipulation according to the refined dictionary Af .

heavily rely on the attribute predictors and human annota-
tions. Some concurrent work studies unsupervised seman-
tic discovery in GANs. The meaningful dimensions can be
identified by using segmentation-based networks [5], linear
subspace models [12], Principal Components Analysis in
the activation space [17], or carefully designed disentangle-
ment constraints [28, 33, 38]. Different from traditional im-
age editing, AGE focuses on attribute factorization on more
challenging multi-category image generation, which cannot
be performed by traditional image editing methods.

3. Method

A training set Dtrain = {xcm
i }Nm×M consists of M

seen categories and a testing set Dtest = {xck
i }Nk×K con-

sists of K unseen categories, where the number of images
Nk in each category is generally small, i.e., 10 or 15. Few-
shot image generation aims to train a multi-category gener-
ative network with Dtrain but generates diverse images of
the K unseen categories by the few images in Dtest.

In this section, we introduce Attribute Group Editing
(AGE), a method to generate images of unseen categories
without re-training a GAN model. AGE makes use of a
large number of images of known categories to identify the
semantically meaningful directions of category-relevant and
category-irrelevant attributes without explicit supervision.

3.1. Preliminaries

GAN Inversion. The generator G(·) in GANs learns a map-
ping from the d-dimensional latent space Z ∈ Rd to higher
dimensional images X ∈ RH×W×C . On the contrary, given

an image xi ∈ X , it can also be embedded to the latent
space with GAN inversion [1, 19, 31, 35, 42]. The process
of GAN inversion I(·) and generation can be formulated as
follow:

zi = I(xi), x̂i = G(zi). (1)

Semantic Manipulation. The latent space of GANs has re-
cently been shown to encode rich semantic knowledge [9,
18, 40]. Different directions in the latent space control
different attributes. Many works [12, 32, 33, 38] proposed
to manipulate the latent vector zi in a certain direction
∆zi ∈ Rd to edit the corresponding attribute:

edit(G(zi)) = G(z′i) = G(zi + α∆zi), (2)

where edit(·) denotes the editing operation on images. α
stands for the manipulation intensity.

Given a well-trained GAN for multi-category image gen-
eration, editing can be divided into category-relevant edit-
ing and category-irrelevant editing. For a sampled latent
vector zcmi of the category cm, category-relevant editing
editr(·) is:

editr(G(zcmi )) = G(zci + α∆zr) = x̂ck
i , (3)

where ∆zr denotes the directions of category-relevant ma-
nipulation and x̂ck

i is an image of a new category ck.
On the other hand, for category-irrelevant editing

editir(·), we have:

editir(G(zcmi )) = G(zcmi + α∆zir) = x̂cm
i , (4)

where ∆zir denotes the directions of category-irrelevant
editing and x̂cm

i is an image of the same category cm.
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Figure 3. Any image can be regarded as category-irrelevantly
edited from the corresponding class embedding. This linear trans-
formation can reconstruct most attributes of the input images.

3.2. Attribute Group Editing

The overall framework of AGE is shown in Figure 2,
which consists of two main parts: Image Embedding and
Attribute Factorization.

3.2.1 Image Embedding

To achieve image editing, we should first embed the im-
age samples into the latent space. In practice, we employ
pSp [31] to encode an image xi to W+ [1] space of Style-
GAN2 [20, 21].

wi = pSp(xi), (5)

where wi ∈ R18×512 is the corresponding latent vector of
xi in the W+ space.

3.2.2 Attribute Factorization

Given latent representations in W+ space, we aim to
distinguish a set of category-relevant attribute directions
and category-irrelevant attribute directions according to the
given dataset.
Category-relevant Attributes. The combination of
category-relevant attributes identifies which category an im-
age belongs to. It encodes the common attributes among all
samples from one specific category. Therefore, we use the
mean vector wcm ∈ W+ of all samples in a category cm to
represent the class embedding, i.e., the combined category-
relevant attributes of cm:

wcm =
1

Nm

Nm∑
i=1

wcm
i , (6)

where Nm is the number of samples from the category cm.
The dictionary of category-relevant attributes of M seen

categories is defined as B = [wc1 ,wc2 , ...,wcM ].

Category-irrelevant Attributes. As shown in Figure 3,
given wcm contains all category-relevant attributes, any im-
age xcm

i of the category cm can be obtained by manipulating
with category-irrelevant editing ∆wir as Eq. 7:

wcm
i = wcm +∆wir

i . (7)

The category-irrelevant directions are common across all
known and unknown categories. To learn the category-
irrelevant directions, we model this manipulation process
as Sparse Dictionary Learning (SDL) [2, 25].

Given a sample of manipulation direction ∆wir
i , we op-

timize a global dictionary A ∈ R18×512×l that contains all
directions of category-irrelevant attributes and a sparse rep-
resentation ni ∈ R18×l with

min
n

∥ni∥0 s.t. ∆wir
i = Ani, (8)

where ∥.∥0 is the L0 constraint. This sparse constraint en-
courages each element in A to be semantically meaningful.

In practice, it is optimized via an Encoder-Decoder ar-
chitecture. The sparse representation ni is obtained from
∆wir

i with a Multi-layer Perceptron (MLP):

ni = MLP(∆wir
i ). (9)

Since the L0 loss is not derivable, we approximate L0

constraint with L1 with the sigmoid activation:

Lsparse = ∥σ(θ0ni − θ1)∥1, (10)

where σ(·) denotes the sigmoid function. θ0 and θ1 are
hyper-parameters to control the sparsity.

The generator is to generate an image close to the input
xi, which is optimized with the L2 reconstruction loss:

Lrec = ∥G(wcm +Ani)− xcm
i ∥2. (11)

Moreover, to further guarantee that Ani only edits
category-irrelevant attributes, the embedding of an edited
images ŵcm

i should have the same category-relevant at-
tributes response as the class embedding wcm :

BT ŵcm
i = BTwcm ,

BTwcm +BTAni = BTwcm ,

BTAni = 0.

(12)

To ensure the satisfaction of Eq. 12, we formulate an or-
thogonal constraint between A and B with:

Lorth = ∥BTA∥2F , (13)

where ∥.∥2F denotes the Frobenius Norm.
The overall loss function is

L = Lrec + λ1Lorth + λ2Lsparse. (14)
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Figure 4. One-shot image generation from AGE on Animal Faces, Flowers and VGGFaces.

Table 1. FID(↓) and LPIPS(↑) of images generated by different methods for unseen categories. VGGFaces is marked with * because most
methods report different number of unseen categories on this dataset (e.g. 552 in LoFGAN, 96 in DeltaGAN and 497 in L2GAN).

Method Settings Flowers Animal Faces VGG Faces∗

FID(↓) LPIPS(↑) FID(↓) LPIPS(↑) FID(↓) LPIPS(↑)
FIGR [7] 3-shot 190.12 0.0634 211.54 0.0756 139.83 0.0834
GMN [4] 3-shot 200.11 0.0743 220.45 0.0868 136.21 0.0902
DAWSON [23] 3-shot 188.96 0.0583 208.68 0.0642 137.82 0.0769
DAGAN [3] 1-shot 179.59 0.0496 185.54 0.0687 134.28 0.0608
MatchingGAN [14] 3-shot 143.35 0.1627 148.52 0.1514 118.62 0.1695
F2GAN [15] 3-shot 120.48 0.2172 117.74 0.1831 109.16 0.2125
LoFGAN [11] 3-shot 79.33 0.3862 112.81 0.4964 20.31 0.2869
DeltaGAN [13] 1-shot 109.78 0.3912 89.81 0.4418 80.12 0.3146
AGE 1-shot 45.96 0.4305 28.04 0.5575 34.86 0.3294

In the inference phase, in order to find out the most com-
mon category-irrelevant editing directions, we first back-
project ∆wir onto the representation n̂:

n̂i = A−1∆wir
i , (15)

where A−1 is the pseudo-inverse matrix of A. Afterward,
we count the mean of the absolute value of |n̂i| across all
M seen categories:

|n̂| = 1

M

M∑
m=1

1

Nm

Nm∑
i=1

|n̂cm
i |, (16)

where |n̂| can be interpreted as the commonality of the di-
rections across the whole dataset. For each layer of the W+

space, we select t directions from A that correspond to top-
t values in |n̂|. The final dictionary for category-irrelevant
editing is Af ∈ R18×512×t.

To automatically generate diverse images, we assume
that the sparse representation n obeys a Gaussian distribu-
tion N (µ,Σ), which is obtained by counting the n̂i of all
seen categories in the training set. We sample an arbitrary
ñj from N (µ,Σ) and apply editing to unseen category im-
ages. The manipulation intensity α is introduced to control

the diversity of generated images. Given a single image xcn
i ,

a set of images can be generated with

xck
j = G(wck

i + αAf ñj), (17)

where wck
i = pSp(xck

i ).

4. Experiment
4.1. Implementation Details

In the training stage, we first train a StyleGAN2 [21]
with seen categories. Given a trained GAN, the sparse rep-
resentation encoder is a 5-layer multi-layer perceptron with
Leaky-ReLU activation function. The length l of dictionary
A is set to 100. For more stable and interpretable editing,
we group the 18-layers W+ space of StyleGAN2 into bot-
tom layers, middle layers, and top layers, corresponding to
0-2, 3-6, and 7-17 layers respectively. Layers in each group
share the same sparse representation n.

4.2. Datasets

We evaluate our method on Animal Faces [24], Flow-
ers [26], and VGGFaces [6] following the settings in [13].
Animal Faces. We select 119 categories as seen categories
for training and 30 as unseen categories for testing.

11198



Input MatchingGAN AGELoFGAN

Figure 5. Comparison between images generated by MatchingGAN, LoFGAN, and AGE on Flowers, Animal Faces, and VGGFaces.

Input DeltaGAN AGE

Figure 6. Many failure cases in DeltaGAN can be stably generated
by AGE.

Flowers. We split it into 85 seen categories for training and
17 unseen categories for testing.
VGGFaces. For VGGFaces [6], we randomly select 1802
categories for training and 572 for evaluation.

4.3. Ablation Study on Downstream Task

We test data augmentation for image classification on
Animal Faces [24]. We randomly select 15, 35, 100 images
for each category as train, val, and test, respectively. Fol-
lowing [11], a ResNet-18 backbone is first initialized from
the seen categories, then the model is fine-tuned on the un-
seen categories. 75 images are generated for each unseen
category as data augmentation.

“Sample Train” is an ablation that randomly samples
∆w of seen categories from the train set and directly used
to edit the unseen categories. As shown in Table 3, the di-
rectly sampled ∆w is unstable for image editing, resulting
in crashed images and much higher FID, which proves the

Table 2. Ablations of different manipulation intensity α.

α Accuracy FID (↓) LPIPS (↑)

Baseline 67.3 – –

Sample Train 70.8 54.66 0.6103

0.3 69.8 31.79 0.5429
0.5 70.6 31.81 0.5482
0.7 70.9 33.43 0.5532
1.0 71.4 38.18 0.5609
1.5 69.9 49.70 0.5719
2.0 66.1 63.99 0.5809

necessity of the attribute factorization with SDL.
The diversity and quality of generated images are largely

controlled by the manipulation intensity α. With the growth
of α, AGE generates images of higher diversity but lower
quality. According to the accuracy, α = 1 achieves the best
performance on the classification. This result indicates that
generating images that follow the same distribution with the
original training set is the best choice for data augmenta-
tion. Although lower α can achieve more satisfactory FID
and LPIPS, we still decide the best α according to the per-
formance on downstream tasks.

4.4. Quantitative Comparison with State-of-the-art

We evaluate the quality of the generated images based
on commonly used FID and LPIPS. Following the former
works [11, 13, 14], we generate 128 images based on sam-
pled real images of each unseen category and calculate FID
and LPIPS based on the generated images. Following one-
shot settings in [3, 13], one real image is used each time to
generate adequate images for unseen categories.
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Figure 7. Hierarchical interpretable manipulations discovered in Af .

Input

Trans1

Trans2

Figure 8. Manipulate images from different categories with the
same sparse representation n.

The results of different methods are reported in Table 1,
our method achieves significant improvements on both FID
and LPIPS. Since we do not need to re-train a GAN, AGE
is much more stable, achieving impressive FID gain. Com-
pared with fusion-based and transformation-based methods,
our generated images are also more diverse. Besides, we
can achieve one-shot image generation.

4.5. Qualitative Evaluation

One-shot image generation from AGE on Animal Faces,
Flowers and VGGFaces is shown in Figure 4. We qualita-
tively compare our method with the fusion-based methods
MatchingGAN [14] and LoFGAN [11], and transformation-
based method DeltaGAN [13]. All images are reported
in [11] and [13]. As shown in Figure 5, different from LoF-
GAN [11] that can only fuse features from conditional im-
ages, AGE can produce images that have new attributes. For
example, we can generate images with two flowers and gen-
erate dogs of diverse positions and expressions.

Compared with the transformation-based method Delta-
GAN that learns intra-category transformations from differ-
ent image pairs, AGE obtains the latent category-irrelevant

𝐰!

Posture

𝐰"
Zoom In & Out

𝐰#$%

Color

𝐰&

Hair

Figure 9. Manipulate images along disentangled attribute editing
directions in different layers in U .

semantics based on more robust class embeddings. Many
failure cases in DeltaGAN can be stably generated with
AGE as shown in Figure 6. Moreover, since AGE does
not retrain a GAN, the generated images from AGE are of
much higher quality compared with existing fusion-based
and transformation-based methods.

4.6. Semantic Attribute Factorization

Apart from few-shot image generation, an additional ad-
vantage for AGE is controllable image editing about the
category-irrelevant attributes. In this section, we will exper-
imentally demonstrate the transferability and interpretabil-
ity of the learned dictionary Af .
Transferability. Since Af is category-irrelevant, it is trans-
ferable across all categories. We edit the images from 4 cat-
egories with the same editing direction, the output images
are shown in Figure 8. Trans1 is to open the mouth and
Trans2 is to turn the head to right. It demonstrates that
the dictionary Af is global and the same n controls similar
attributes for images of different categories.
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Figure 10. Image editing without Lsparse or Lotrh

Interpretability. Although AGE is performed in a com-
pletely self-supervised manner, the learned directions in Af

are still interpretable due to the sparse constraint and the
meaningful latent space of StyleGAN2.

First, different groups of layers control different
category-irrelevant attributes. In particular, we interpret a
target model at the levels of bottom layers, middle layers,
and top layers, respectively. Figure 7 shows the versatile
semantic directions found in Animal Faces. It demonstrates
that most directions in Af is category-irrelevant. Con-
cretely, the bottom layers mainly control the structure of
objects, such as the position, zoom in/out, and the shape
of the face. The middle layers mainly control the surface
features like color and the expressions. The top layers de-
cide the background and the overall hue of the image. We
can achieve controllable category-irrelevant editing by sam-
pling in corresponding groups.

To find the disentangled attribute editing directions in
different layers/groups, we further conduct Singular Value
Decomposition (SVD) on dictionary Af :

Af = UΣV ∗. (18)

Matrix U contains the commonly shared directions of each
layer of dictionary Af . Figure 9 is an illustration of image
editing by moving along the most salient directions of each
layer. Although the disentanglement is rough, moving along
a single direction in U can continuously edit one specific
category-irrelevant attribute.

4.7. Ablation Study of Loss Components

We conduct an ablation study on Lorth and Lsparse on An-
imal Faces [24]. Lorth is to encourage category-irrelevance
of the learned directions. The edited images are more likely
to encounter category change without Lorth in Figure 10. As
a result, the accuracy of few-shot image classification is ob-
viously lower than AGE without Lorth as shown in Table 3.
Lsparse is for sparsity of the representation n, which is re-
lated to the interpretability of the learned directions. Com-
pared with Figure 9, it shows that different semantics are
more entangled in the learned directions after SVD without
Lsparse. Editing image along one direction will cause the
change of several attributes.

4.8. Failure Cases and Limitations

There are two major limitations of AGE. The first one
comes from the sampling during inference. This sampling

Table 3. Ablation of Lorth on few-shot image classification.

Setting baseline w/o Lorth AGE
Accuracy 67.3 69.8 71.4

Inversion GeneratedInput Inversion GeneratedInput

Figure 11. Failure Cases. The failure cases majorly comes from
bad GAN inversion, irregular positions of input objects, and wrong
category-relevant editing.

is based on the statistics of the training set rather than adap-
tive to the input images. Although the diversity of images is
guaranteed, it will also lead to failure on images of special
status. As shown in Figure 11, if the objects are of an irreg-
ular posture (e.g. dogs in sideways), the generated images
are more likely to be crashed. Moreover, some attributes
are not category-irrelevant for all categories, but they will
be learned in Af . For example, the number of petals is
category-irrelevant for most flowers, but it may be identical
for some specific categories. Although the generated im-
ages are realistic, the category has been changed.

Moreover, the performance of AGE largely relies on
the pretrained styleGAN and the inversion method. If the
category-relevant attributes of input image can not be well
embedded, the editing will also fail. In future, we will try
to factorize both category-relevant and irrelevant attributes
with better disentanglement, and train the GAN inversion
and attribute factorization end to end.

5. Conclusion
In this work, we present a new editing-based perspec-

tive for few-shot image generation. In order to achieve
category-irrelevant editing on unseen classes, we propose
a new method, Attribute Group Editing (AGE), which can
identify category-relevant and irrelevant semantics learned
by GANs without explicit supervision. Extensive experi-
ments demonstrate the diversity and stability of our method
on both few-shot image generation and controllable image
manipulation on category-irrelevant attributes.
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