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Abstract

Few-shot image generation aims to generate diverse and
high-quality images for an unseen class given only a few
examples in that class. A key challenge in this task is balanc-
ing category consistency and image diversity, which often
compete with each other. Moreover, existing methods offer
limited control over the attributes of newly generated images.
In this work, we propose Hyperbolic Diffusion Autoencoders
(HypDAE), a novel approach that operates in hyperbolic
space to capture hierarchical relationships among images
from seen categories. By leveraging pre-trained foundation
models, HypDAE generates diverse new images for unseen
categories with exceptional quality by varying stochastic
subcodes or semantic codes. Most importantly, the hyper-
bolic representation introduces an additional degree of con-
trol over semantic diversity through the adjustment of radii
within the hyperbolic disk. Extensive experiments and vi-
sualizations demonstrate that HypDAE significantly outper-
forms prior methods by achieving a better balance between
preserving category-relevant features and promoting image
diversity with limited data. Furthermore, HypDAE offers
a highly controllable and interpretable generation process.
Code is available at https://github.com/lingxiao-li/HypDAE.

1. Introduction
Generative models [23, 46, 47, 51] have succeeded in gener-
ating high-fidelity and realistic images, partially thanks to a
large volume of high-quality data for model training. How-
ever, with the widespread presence of long-tail distributions
and data imbalances across image categories [26], there are
many scenarios in the real world where it is impossible to
collect sufficient samples of certain categories for model
training. It is difficult for generative models trained on well-
sampled categories to generate realistic and diverse images
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Figure 1. Illustration of hierarchical text-image representation
in hyperbolic space. Hyperbolic space provides a natural and com-
pact encoding for semantic hierarchies in large datasets. Adjusting
high-level, identity-relevant attributes ∆wr alters an image’s iden-
tity, while modifying low-level, identity-irrelevant attributes ∆wir

produces variations within the same identity.

for a novel category given only a few examples. This chal-
lenging task is known as few-shot image generation, which
aims to synthesize images that preserve the category-level
identity of the limited input samples [8, 13, 14, 24–28, 35].

Existing few-shot image generation methods are primar-
ily GAN-based and fall into three categories: transfer-based
approaches [8, 36], which use meta-learning or domain
adaptation for cross-category generalization but often face
limited transferability; fusion-based approaches [2, 19, 25,
26, 56, 60], which fuse features from multiple exemplars
but tend to produce outputs overly similar to the inputs;
and transformation-based approaches [1, 13, 14, 27, 28],
which apply intra-category perturbations without fine-tuning
but often lack diversity. Recent diffusion-based meth-
ods [5, 31, 48] for object-level personalization focus on
instance identity, require test-time fine-tuning, and depend
on prompt engineering, making them incompatible with our
category-level setting without textual inputs or model up-



dates. However, all these methods operate in Euclidean fea-
ture space, which limits their ability to capture hierarchical
semantic structure—a key requirement for generalizing from
few examples in category-level few-shot image generation.

In contrast to prior methods, recent work such as
HAE [35] highlights the importance of modeling hierar-
chical structures in few-shot image generation. Similar
to language [12, 39, 53], images also exhibit semantic hi-
erarchies [9, 30], where each image can be viewed as a
composition of attributes at different levels. As illustrated
in Fig. 1, high-level, identity-relevant attributes (e.g., gen-
der or age) define the semantic core of a category, while
low-level, identity-irrelevant attributes (e.g., expression or
hairstyle) introduce intra-class variation. Capturing this hier-
archical organization is essential for generating diverse yet
category-consistent images. Hyperbolic space provides a
natural embedding for such structures, as it can represent
tree-like relationships with low distortion [39]. This enables
infinite layers of semantics to be encoded compactly, al-
lowing identity-preserving edits along radial directions and
intra-category diversity through tangential shifts in the latent
space, which facilitates a structured and interpretable latent
space that supports controllable few-shot image generation.

Despite the advantages of hierarchical representation for
few-shot image generations [35], existing methods are dom-
inated by GAN-based approaches and face three primary
challenges: 1) Suboptimal image quality due to the gen-
erative constraints of GANs, particularly with insufficient
training data; 2) Reduced diversity from the 1-to-1 map-
ping between hyperbolic and image spaces, which leads to
the loss of high-frequency details when latent codes are in-
sufficiently trained; and 3) The necessity of labeled data
for learning hierarchical latent representations. In parallel,
recent advances in diffusion models [5, 31, 44, 48, 57] en-
able high-quality image generation with rich, diverse details.
Moreover, pre-trained foundation models (e.g., Stable Diffu-
sion [47], CLIP [45]) further support adaptation with limited
data and strong generalization.

To address the challenges, we propose Hyperbolic
Diffusion AutoEncoders (HypDAE), a novel method for
leveraging the natural suitability of hyperbolic space for hier-
archical latent code manipulation and the generative ability
of diffusion models for few-shot image generation. In partic-
ular, we separate the representation of given images into two
subcodes [44]. Our method begins by training an image en-
coder to capture high-level semantic subcode, while utilizing
a pre-trained Stable Diffusion (SD) [47] model for decoding
and modeling stochastic subcode by reversing the generative
process. A hyperbolic feature encoder and decoder are then
trained to map latent vectors from Euclidean space Rn to
hyperbolic space Dn , with classification loss ensuring hierar-
chical image embeddings. Finally, to reduce the data labeling
cost for training a hyperbolic encoder, pseudo-labeling is

enabled by zero-shot classification with pre-trained vision
models. By capturing the attribute hierarchy among images,
HypDAE generates new images through two methods: 1)
varying stochastic subcode of the Diffusion Autoencoders,
and 2) randomly shifting semantic subcode in an identity-
irrelevant direction to modify category-irrelevant features.
Hyperbolic space enables control over the semantic diver-
sity of generated images by adjusting the radii in hyperbolic
space. This facilitates hierarchical attribute editing for flexi-
ble, high-quality, and diverse few-shot image generation.

Our contributions are summarized as follows:
• We introduce HypDAE, an innovative method for few-

shot image generation, which learns the hierarchical rep-
resentation of images in hyperbolic space. To the best
of our knowledge, HypDAE is the first to enable diffu-
sion models to model semantic hierarchical information in
hyperbolic space for few-shot image generation.

• We demonstrate that in our hyperbolic latent space, seman-
tic hierarchical relationships among images are reflected
by their distances to the center of the Poincaré disk. This
allows for easy interpretation of the latent space.

• By leveraging pre-trained foundation models, HypDAE
generates high-quality images with rich, diverse, category-
irrelevant features from a single image. Extensive ex-
periments show that HypDAE significantly outperforms
existing few-shot image generation methods without re-
quiring human-annotated class labels, offering state-of-the-
art quality, diversity, and flexibility. This demonstrates the
robustness of HypDAE under settings with automatically
generated labels, making it a strong solution for label-free
few-shot image generation.

2. Related Work

Few-shot Image Generation. Given a few samples from
one novel category, few-shot image generation aims to
produce more new images with high quality and vari-
ous diversity. Recent advances in few-shot image gener-
ation encompass various approaches. Transfer-based meth-
ods [8, 36, 59], utilizing meta-learning or domain adaptation
on GANs, often struggle with generating realistic images.
Fusion-based methods, aligning random vectors with con-
ditional images [25] or framing generation as a conditional
task [19, 26, 56], generally produce outputs with limited
diversity. Transformation-based approaches [27, 28, 35],
which transform single conditional images, can lack con-
sistency. Ding et al. [13, 14] explored intra-category trans-
formations as identity-irrelevant edits using a single sam-
ple. More recently, Diffusion-based subject-driven genera-
tion [10, 15, 20, 55] adapts models to incorporate new con-
cepts with limited data, exemplified by DreamBooth [48],
which assigns unique identifiers to subjects using 3-5 images.
This has inspired methods like Custom Diffusion [31] and



Figure 2. Illustration of the property of hyperbolic space on
the Poincaré disk. Given two latent codes of Maltese dog c!

h and
c!!

h on the edge of Poincaré disk, the geodesic between these two
points is the red curve rather than a straight line in Euclidean space.
Therefore, their average latent code is calculated as øch, which is
closer to the center. Thus, øch can be viewed as the “parent" of ch,
c!

h, and c!!
h. One can generate diverse images without changing the

category by moving the latent code from one child to another of
the same parent in the hyperbolic space.

further improvements [7, 21, 49]. However, these works
focus on instance-level identity preservation, require test-
time fine-tuning, and rely heavily on prompt engineering.
Therefore, their objectives, problem settings, and evaluation
protocols differ fundamentally from our task.
Hyperbolic Representation Learning. Recent advance-
ments have introduced hyperbolic space into deep learn-
ing [30, 39, 40, 52, 53], initially in NLP for hierarchical
language modeling [39, 40, 53]. Riemannian optimization
techniques have enabled model training within hyperbolic
spaces [3, 4]. Building on this, Ganea et al. [16] developed
hyperbolic adaptations of core neural network tools such as
multinomial logistic regression, feed-forward, and recurrent
networks. Applications of hyperbolic geometry have since
expanded to image [30, 35], video [52], graph data [6, 42],
and 3D shape generation [34]. Desai et al. [11] introduced
a hyperbolic contrastive model for hierarchical text-image
pairing, while HAE [35] demonstrated hyperbolic space’s ad-
vantages in few-shot image generation, although GAN-based
results remained limited in quality. To our knowledge, this
work is the first to integrate hyperbolic representation with
diffusion models for high-quality few-shot image generation.

3. Method

To generate diverse new images from a few reference images
while preserving their identity, it is essential for our model to
capture both identity-relevant features (to maintain identity)
and identity-irrelevant features (to enhance diversity). To
achieve this, we design a diffusion autoencoder that extracts
elementary identity-relevant features via a semantic encoder
and identity-irrelevant features via a stochastic encoder. Fur-
thermore, a hyperbolic encoder-decoder is introduced to
further disentangle high-order semantic features. Unlike
HAE, which applies hyperbolic representations in GANs,
our method integrates hyperbolic semantics into diffusion

models. We introduce a stable training pipeline, and encode
hyperbolic embeddings as diffusion conditions, enabling
scalable and interpretable few-shot generation.

We give details of our method in the following sections.
Specifically, Sec. 3.1 details the modeling of hierarchical
representations, Sec. 3.2 elaborates on the framework and
loss functions of HypDAE, and Sec. 3.3 and Sec. 3.4 discuss
the pseudo-labeling process and hyperbolic latent editing
algorithms, respectively.

3.1. Preliminary
Hierarchical Learning in Hyperbolic Space. A key
challenge in multi-level semantic editing is deriving a hi-
erarchical representation from real images, as illustrated
in Fig. 2. To address this, we utilize hyperbolic space as
the latent space, given its suitability for hierarchical struc-
tures. Unlike Euclidean spaces (zero curvature) or spherical
spaces (positive curvature), hyperbolic spaces exhibit nega-
tive curvature, making them ideal for modeling hierarchical
data [39, 40]. As a continuous analog of trees [39], hyper-
bolic space enables hierarchical representation through its
exponential radius growth, facilitating structured modeling
across text, images, and videos [18].

The n-dimensional hyperbolic space, Hn , is a homoge-
neous, simply connected Riemannian manifold with con-
stant negative sectional curvature1. We use the Poincaré
disk model following [30],

!
Dn , gD

"
, a preferred choice in

gradient-based learning [16, 30, 39, 40, 52, 53], defined by
Dn = { x ! Rn : " x" < 1} with the Riemannian metric:

gD
x = ! 2

x ágE , (1)

where ! x = 2
1!" x " 2 , and gE is the Euclidean metric tensor

gE = I n . The induced distance between two points x, y !
Dn can be defined by:

dD(x, y ) = arccosh
#

1 + 2
" x # y" 2

(1 # " x" 2) (1 # " y" 2)

$
.

(2)
A geodesic is defined as a locally minimized-length curve

between two points, as illustrated in Fig. 2. The midpoint of
this geodesic, closer to the origin, represents the mean of two
latent codes in hyperbolic space. This property ensures that
the mean of two leaf embeddings is not another leaf but their
hierarchical parent, as illustrated in Fig. 2 on a 2-D Poincaré
disk [52]. Embeddings near the disk’s edge correspond
to fine-grained images, whereas those closer to the center
represent more abstract features, such as an average face.

3.2. Hyperbolic Diffusion AutoEncoders (HypDAE)
The overall pipeline of HypDAE, illustrated in Fig. 3, con-
sists of two stages: 1) In Stage I, a semantic encoder maps

1We set the curvature c = −1 in this paper.



Figure 3. The overview of HypDAE. The hyperbolic autoencoder consists of a “semantic” encoder that maps the reference image to
the semantic code (x ! c), and a stable diffusion model that acts both as a “stochastic” encoder (x ! zT ) and a diffusion decoder
((c! , zT ) ! x! ). Here, c captures the high-level semantics while zT captures low-level stochastic variations; they can be decoded back with
high fidelity. The “Hyp Encoder” is used to project the latent code from Euclidean space Rn to hyperbolic space Dn [6]. The semantic code
can be edited as Fig. 2 shows and be used as the condition for the diffusion decoder to generate diverse new images with the same category.
The VAE module of SD is omitted for better illustration.

input images to meaningful latent codes, serving as condi-
tions for the pre-trained Stable Diffusion (SD). To enhance
diversity and prevent direct replication, a content bottleneck
and strong augmentation techniques are applied. 2) In Stage
II, a hyperbolic encoder-decoder projects visual features
from Stage I into hyperbolic space using supervised classi-
fication loss and then reconstructs them in Euclidean space.
This process captures hierarchical relationships within the
image corpus, facilitating the generation of diverse images
by manipulating latent codes within the same category.

We design a two-stage model for two reasons: 1) jointly
and end-to-end optimizing the whole pipeline is challenging
for satisfactory results as multiple loss functions must be
optimized for various image generation functionalities; 2)
end-to-end training requires extensive labeled data, which is
difficult to obtain. By staging the pipeline, we can leverage
existing datasets collected for general vision tasks and avoid
the need for new task-specific paired data.
Diffusion Autoencoders. In this stage, we aim to generate
new images x# of the reference image x with rich stochastic
details (e.g., hair, fur, color, etc.) while maintaining the
identity and category of the image unchanged.

To address the limitations of GAN-based methods, we
adopt the approach of DiffAE [44], leveraging a pre-trained
SD model. The SD decoder, "! (z t , t, c), predicts noise
based on timestep t and a high-level semantic condition
c, which is learned by a semantic encoder mapping input
image x to a meaningful latent code c. SD also functions as
a stochastic encoder that captures a low-level “stochastic”
subcode zT , as illustrated in Fig. 3.

For the original SD models, the condition c is the given
text and is usually processed by a pre-trained CLIP [45]
text encoder, outputting 77 tokens. Hence, a naive solution
is to directly replace it with CLIP image embeddings to
capture high-level semantics. However, this naive solution

makes the model easy to remember instead of understanding
the context information and copying the content, arriving
at a trivial solution. We apply two tricks to avoid this: 1)
Strong data augmentations A (e.g., flip, rotation, blur,
and elastic transform) on the reference image x to break
down the connection with the source image and encourage
identity-invariant feature learning; 2) Content Bottleneck.
To promote diversity, we use only the CLIP image encoder’s
class token. It compresses the reference image from spatial
size 224$ 224$ 3 to a vector of dimension 1 $ 1024for a
compact representation, aligning it with the original CLIP
text feature space of SD via additional fully connected layers
(MLP) that inject features into the diffusion process through
cross-attention. This mechanism forces the semantic encoder
to focus on the main object while ignoring backgrounds and
identity-irrelevant features. Thus, given reference image x,
the condition is defined as: c = MLP (CLIP ( A (x))) .

In this setup, noise is progressively added to z0 (x en-
coded by VAE) to produce a noisy latent zt , where t denotes
the number of noise additions. To utilize the strong image
prior learned by SD and CLIP, only the MLP is trainable
during the training process. The UNet "! learns to predict
the added noise with the condition c:

L align = Ez 0 ,t, c," $N (0 ,1) [" " # "! (z t , t, c)) " 2
2

%
. (3)

Besides decoding, the SD model can also be used to
encode an input image latent z0 to the stochastic subcode
zT by running DDIM sampling process backward [50]:

zt +1 =
&

#t +1

#t
z t +

' (
1

#t +1
# 1 #

&
1
#t

# 1

)

á"! (z t , t, c) .

(4)
For the definition of #t and additional details, please refer to
Sec. B of the supplementary material (SM).



Figure 4. One-shot image generation from HypDAE on Animal Faces, Flowers, VGGFaces, and NABirds.

This process functions as a stochastic encoder, where
zT retains details not captured by the limited-capacity se-
mantic representation c. By integrating both semantic and
stochastic encoders, the diffusion autoencoder preserves full
image details while providing a high-level representation
c for downstream tasks. Notably, the stochastic encoder is
omitted during training (Eq. (3)) and applied post-training
to compute zT , enabling control over image diversity.
Hyperbolic Image Encoder. Despite the category-invariant
feature extraction in Stage I, the generated image variations
remain limited. Thus, Stage II aims to capture hierarchical
relationships within the image, enabling latent code editing
to enhance diversity while preserving object identity.

To manipulate latent code in hyperbolic space, we need
to define a bijective map from Rn to Dn

c to map Euclidean
vectors to the hyperbolic space and vice versa. A manifold is
a differentiable topological space that locally resembles the
Euclidean space Rn [32, 33]. For x ! Dn , one can define
the tangent space Tx Dn

c of Dn
c at x as the first-order linear

approximation of Dn
c around x. Therefore, this bijective

map can be performed by exponential and logarithmic maps.
Specifically, the exponential map expc

x : Tx Dn
c

%= Rn &
Dn

c , maps from the tangent spaces into the manifold. While
the logarithmic map logc

x : Dn
c & Tx Dn

c
%= Rn is the reverse

map of the exponential map.
We train a hyperbolic image encoder to map latent codes

from Euclidean to hyperbolic space using exponential and
logarithmic maps at the origin 0. Given a latent vector c !
R1%1024 from Stage I in CLIP-space, a 5-layer single-head
Transformer encoder E reduces its dimensionality to R1%512

before mapping it to hyperbolic space via the exponential
map. A hyperbolic feed-forward layer [16] then produces
the hierarchical representation ch , formulated as: ch =
f & c (expc

0 (E(c))) , where f & c denotes the Möbius linear
layer mapping Euclidean to hyperbolic space. To project
ch back to the CLIP image space and reconstruct the latent
code c#, we apply a logarithmic map followed by a 30-layer
single-head Transformer decoder D: c# = D(log c

0 (ch )) ,
which is then fed into the cross-attention layer of the SD
model to reconstruct the image x#.
Loss functions. To learn a semantic hierarchy in hyperbolic
space, we minimize the distance between latent codes of

similar images while increasing the distance between dis-
similar ones. For multi-class classification on the Poincaré
disk (Sec. 3.1), we extend multinomial logistic regression
(MLR) [16] to hyperbolic space by incorporating a linear
layer and computing the Hyperbolic Loss via the negative
log-likelihood (NLL):

L hyper = #
1
N

N*

n =1

log(pn ), (5)

where N is the batch size and pn represents the predicted
probability of the correct class.

As discussed in Sec. 3.1, distances in the Poincaré disk
grow exponentially with radius. To minimize Eq. (5), fine-
grained image embeddings are pushed toward the disk’s
boundary to maximize inter-category distances, while ab-
stract image embeddings—representing shared features
across categories—remain near the center.

To ensure that the network projects back to the CLIP
image space, we use L-2 distance reconstruction loss and
cosine similarity loss to reconstruct c# as the same as the
original c in CLIP image space:

L rec(c, c#) = " c # c#" 2 + 1 # cos (c, c#) . (6)

The overall loss function is:

L = L hyper + ! á Lrec, (7)

where ! is a trade-off adaptive parameter. This curated set
of loss functions ensures the model learns the hierarchical
representation and reconstructs images. More details can be
found in Sec. A of the supplementary material.

3.3. Pseudo-Labeling
As discussed in Sec. 1, a key limitation of previous few-shot
image generation methods is the reliance on labeled data,
which is also evident in our earlier approach (i.e., Eq. (5)). To
mitigate this, we leverage a pre-trained CLIP model to pre-
dict the pseudo-label. Given an image and a predefined set
of class names (e.g., Golden Retriever, Spaniel), we utilize
CLIP to compute semantic similarities between the image
embedding and class embeddings. The pseudo-label is deter-
mined by selecting the class with the highest similarity score,



Figure 5. Images with hierarchical semantic similarity gener-
ated by HypDAE by sampling “child” images of their “parent” im-
ages, where r D represents the hyperbolic distance from the “parent”
images to the center of the Poincaré disk. As the reference image
x moves from the edge to the center (from fine-grained/certain to
abstract/ambiguous), the “children” of the reference image become
more diverse and less similar to the reference image.

Figure 6. Interpolations in hyperbolic space along the edge of
the Poincaré disk (with r D = 6 .2126) on four datasets. Zoom in
to see the details.

which represents the closest semantic match to the image.
This process enables label-free classification by leveraging
CLIP’s cross-modal understanding capabilities. See the Sec.
A in supplementary material for further details.

3.4. Hyperbolic Latent Editing
To generate diverse images with varying identity-irrelevant
features, we edit hyperbolic latent codes via interpolation
between two images or by applying random perturbations.
In hyperbolic space, the shortest path between two points is
defined by the geodesic under the induced distance (Eq. (2)).
The geodesic between two embeddings, chi and chj , is de-
noted as $chi ' chj (t). For perturbation-based generation,
we first rescale the embedding ch of a given image xi to a
fixed radius r D, then sample a random vector chj from seen
category embeddings, also constrained to r D. The geodesic
between them defines the perturbation direction, enabling
diverse image generation. More details and formulas are
provided in Sec. C of the appendix.

4. Experiment
4.1. Implementation Details
We choose Stable Diffusion V2.1 [47] as the base generator
for the base generative model. During training, we set the
image resolution to 512$ 512. The dimension of the latent
code in hyperbolic space is chosen to be 512. More details
can be found in the Sec. A of the supplementary material.

Figure 7. Comparison of the latent space interpolations between
DiffAE [44] (Euclidean Space) and HypDAE (Hyperbolic Space).

Figure 8. Feature fusion from the edge to the center of the
Poincaré disk between two images on four datasets. Zoom in to
see the details.
4.2. Datasets
We evaluate our method on Animal Faces [37], Flowers [41],
VGGFaces [43], FFHQ [29], and NABirds [54] following
the settings described in [14, 35]. Due to the low resolution
(64 $ 64) of the VGGfFces dataset, we use FFHQ [29]
to fine-tune the model pre-trained on VGGFaces without
supervision and visualize images of human faces with FFHQ.

4.3. Analysis of Hierarchical Feature Editing
We examine the properties of the hierarchical representa-
tions, focusing on how attribute levels correspond to latent
code locations in hyperbolic space. As noted in Sec. 3.1,
there is a continuum from fine-grained to abstract attributes,
corresponding to points from the periphery to the center of
the Poincaré disk. We define the hyperbolic radius r D

2 as the
distance of a latent code to the disk’s center. To investigate
the effect of rD, we conduct experiments with various radii.
Hierarchical Image Sampling and Interpolation. Fig. 10
shows 2-D embeddings of Animal Faces in the Poincaré disk,
visualized via UMAP [38]. By varying the radii of “parent”
images, HypDAE controls the semantic diversity of gener-
ated images (Fig. 5). Results indicate that identity-relevant
attributes change below r D ' 2.0, while identity-irrelevant
attributes vary above r D ' 5.0, demonstrating that r D corre-
lates with attribute levels. As rD decreases, identities become
more abstract, resulting in greater diversity among “children”
images, as seen in Fig. 12. Smooth interpolation between
attributes is achievable in hyperbolic space (Fig. 6) without
distortion, as shown in Fig. 7, confirming that HypDAE
enables geodesic, hierarchical editing.
Hierarchical Feature Fusion. HypDAE also supports infi-
nite semantic levels for attribute fusion. In Fig. 8, attributes
from two images are combined at varying levels along the
radius from the disk’s edge to the center, achieving smooth

2The radius of the Poincaré disk in our experiment is about 6.2126



Method Settings Flowers Animal Faces VGG Faces* NA Birds
FID(( ) LPIPS() ) FID(( ) LPIPS() ) FID(( ) LPIPS() ) FID(( ) LPIPS() )

DAWSON [36] 3-shot 188.96 0.0583 208.68 0.0642 137.82 0.0769 181.97 0.1105
F2GAN [26] 3-shot 120.48 0.2172 117.74 0.1831 109.16 0.2125 126.15 0.2015

WaveGAN [56] 3-shot 42.17 0.3868 30.35 0.5076 4.96 0.3255 - -
F2DGAN [60] 3-shot 38.26 0.4325 25.24 0.5463 4.25 0.3521 - -

DeltaGAN [27] 1-shot 109.78 0.3912 89.81 0.4418 80.12 0.3146 96.79 0.5069
SAGE [14] 1-shot 43.52 0.4392 27.43 0.5448 34.97 0.3232 19.45 0.5880
HAE [35] 1-shot 50.10 0.4739 26.33 0.5636 35.93 0.5636 21.85 0.6034
LSO [59] 1-shot 35.87 0.4338 27.20 0.5382 4.15 0.3834 - -

HypDAE (Euc) 1-shot 25.06 0.7420 20.72 0.7288 6.52 0.5429 8.40 0.7904
HypDAE (Real) 1-shot 23.96 0.7595 14.31 0.7415 6.25 0.5685 7.64 0.7959

HypDAE (Pseudo) 1-shot 24.43 0.7630 13.14 0.7431 5.96 0.5560 7.57 0.7966

Table 1. FID(" ) and LPIPS(#) of images generated by different methods for unseen categories on four datasets. Bold indicates the best
results and underline indicates the second best results. VGGFaces is marked with * because different methods report different numbers of
unseen categories on this dataset (e.g. 552 in LoFGAN, 96 in DeltaGAN, 497 in L2GAN, and 572 in HypDAE, HAE, and SAGE). We do
not compare with diffusion-based models for editing or customization purposes as none of them focus on our task in the same settings.

Figure 9. Comparison between images generated by WaveGAN, HAE, and HypDAE on Flowers, Animal Faces, VGGFaces and
NABirds. Note: WaveGAN uses a 2-shot setting; HAE and HypDAE are both in a 1-shot setting. Zoom in to see the details.

Figure 10. UMAP visualization of Hyperbolic and Euclidean 2-D
embeddings of AnimalFaces dataset. Images with clear identities
are clustered and positioned near the boundary, while ambiguous
samples are located near the center in hyperbolic space.

fusion without the limitations of GAN-based generators,

which typically support only finite fusion levels (e.g., 18
levels in StyleGAN2’s W + -space).

4.4. Ablation Study
Three ablation studies assess the impact of the stochastic en-
coder and hyperbolic embedding radius on few-shot image
quality and diversity. As shown in Fig. 11, the stochastic
encoder regulates the similarity between generated and ref-
erence images, where stronger encoding enhances similarity
at the cost of diversity. Table 2 further demonstrates that
the hyperbolic embedding radius rD affects image quality
and diversity—smaller radii increase diversity but may alter
high-level attributes. The optimal trade-off is observed at
r D ' 5.5. Additionally, Tab. 3 reveals that identity shifts
toward perturbed images when r D < 4.5, as measured by
CLIP-S (CLIP similarity between generated images and ref-



Figure 11. Ablation study on the influence of the encoding strength
of the stochastic encoder on four datasets (strength equals 1 means
x0 is fully deconstructed, i.e., xT is a Gaussian noise).

Figure 12. The mean of 20 randomly sampled images by moving
the latent codes from the edge to the center of the Poincaré disk.

Figure 13. Ablation study of few shot image generation by Hyp-
DAE(Hyp) and HypDAE(Euc).

erence images) and CLIP-P (CLIP similarity between gener-
ated images and perturbed images).
Euclidean versus Hyperbolic. To evaluate performance
gains, we re-trained HypDAE (Euc) in Euclidean space
using Eq. (5). As in Tab. 1 and Fig. 13, the hyperbolic
space improves performance due to enhanced latent code
disentanglement [17]. This is further validated by UMAP
visualizations in Fig. 10. More details in Sec. E of the SM.
Pseudo versus Real Label. The accuracy of the pseudo
labels predicted in Sec. 3.3 for the four datasets are: Animal
Faces (48.9%), Flowers (78.6%), VGG Faces (41.5%), and
NABirds (39.1%). We re-trained HypDAE (Pseudo) using
the pseudo labels. Results in Tab. 1 indicate that HypDAE
(Pseudo) outperforms HypDAE (Real) across most bench-
marks, suggesting that noise in human-annotated labels may
degrade hierarchical representation learning. This finding
underscores that manually labeled data is not essential for
few-shot image generation.

4.5. Few-Shot Image Generation
As described in Sec. 3, our approach enables few-shot image
generation by varying the stochastic subcode zT or shift-
ing the latent code in a randomly chosen semantic direction
within the category cluster. We set r D = 5 .5 and an encoding
strength of 0.95 (i.e., encoding 5% of the information) to
achieve this, as illustrated in Fig. 4. We conduct three ex-
periments demonstrating that HypDAE achieves promising

Hyp Radius 6.2 6.0 5.5 5.0 4.5 4.0 3.0

FID(( ) 15.18 14.67 14.31 14.56 14.71 16.34 20.65
LPIPS() ) 0.7035 0.7278 0.7415 0.7643 0.7935 0.8378 0.8964

Table 2. Ablation study of different radii on Animal Faces.

Hyp Radius 6.2 6.0 5.5 5.0 4.5 4.0 3.0

CLIP-S 77.37 75.41 75.15 72.16 71.45 68.20 67.89
CLIP-P 69.62 69.89 72.35 72.86 74.25 76.34 77.00

Table 3. Ablation study of different radii on Animal Faces.

WaveGAN HAE SAGE HypDAE (Ours)

Quality () ) 1.34 2.67 2.54 3.45
Fidelity () ) 2.05 1.89 2.68 3.58

Diversity () ) 1.25 2.53 2.36 3.86

Table 4. User study on the comparison between our HypDAE
and existing alternatives. “Quality”, “Fidelity”, and “Diversity”
measure synthesis quality, object identity preservation, and object
diversity. Each metric is rated from 1 (worst) to 4 (best).

few-shot generation, with additional examples in the SM.
Quantitative Comparison with State-of-the-Art. To assess
fidelity and diversity, we compute FID [22] and LPIPS [58]
following the one-shot settings in [35]. Results in Tab. 1
show significant improvements in FID and LPIPS scores on
all four datasets except for the FID score on vggfaces due to
the low resolution, affirming the advantages of our diffusion-
based approach over previous GAN-based methods.
Qualitative Evaluation. We compare HypDAE qualita-
tively with WaveGAN [56] and HAE [35]. As shown in
Fig. 9, HypDAE generates highly diverse images with fine-
grained fidelity, such as detailed feather textures, which other
methods fail to preserve. A user study further evaluates syn-
thesis quality, identity preservation, and category-irrelevant
diversity across these methods. As reported in Tab. 4, Hyp-
DAE consistently outperforms all baselines, with notable
improvements in fidelity and diversity, attributed to its ef-
fective disentanglement of identity-relevant and irrelevant
features. Additional details are provided in Sec. I of the SM.

5. Conclusion
In this work, we present HypDAE, the first diffusion-based
method for editing hierarchical attributes in hyperbolic space.
By learning the semantic hierarchy of images, our diffusion
autoencoder enables continuous and flexible editing of hier-
archical features. Experimental results show that HypDAE
significantly outperforms existing GAN-based approaches
without human-annotated labels, excelling in both random
and customized few-shot generation. Furthermore, it facil-
itates hierarchical image generation with varying semantic
similarity, advancing the state of the art in few-shot image
generation. We hope this work inspires future research in
this direction.
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