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Abstract
Diffusion models achieve impressive image synthesis, yet unsupervised methods for

latent space exploration remain limited in fine-grained class translation. Existing ap-
proaches struggle with fine-grained class translation, often producing low-diversity out-
puts within parent classes or inconsistent child-class mappings across images. We pro-
pose UDT (Unsupervised Discovery of Transformations), a framework that incorporates
hierarchical structure into unsupervised direction discovery. UDT leverages parent-class
prompts to decompose predicted noise into class-general and class-specific components,
ensuring translations remain within the parent domain while enabling disentangled child-
class transformations. A hierarchy-aware contrastive loss further enforces consistency,
with each direction corresponding to a distinct child class. Experiments on dogs, cats,
birds, and flowers show that UDT outperforms state-of-the-art methods both qualitatively
and quantitatively. Moreover, UDT supports controllable interpolation, allowing for the
smooth generation of intermediate classes (e.g., mixed breeds). These results demon-
strate UDT as a general and effective solution for fine-grained image translation. Our
project website is available at: https://ssu-reality-lab.github.io/UDT.

1 Introduction
Diffusion models [9, 24] have become central to modern generative modeling, offering high-
fidelity image synthesis in a wide range of applications. Among them, text-to-image gener-
ation [5, 18, 22, 28, 29] has been particularly impactful, allowing the translation of natural
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Figure 1: Comparison of unsupervised translation methods. Input images are translated
along four directions that have been discovered. NoiseCLR [4] often produces limited breed
diversity in the first row of Direction #1∼#3 or inconsistent changes across input images in
each direction. In contrast, UDT achieves diverse and coherent fine-grained class transfor-
mations, consistently altering breed-defining traits while preserving pose and parent-class
attributes. The parent class is dog, and the child classes are breeds in this example.

language prompts into compelling visual content. Although the limited availability of la-
beled data restricts supervised approaches, unsupervised methods have gained increasing
attention for their potential to unlock greater diversity and generalization in generation tasks.

Recent unsupervised approaches for diffusion models can be categorized into two major
groups: exploring intermediate features of the U-Net [6, 14, 21] and operating in the pre-
dicted noise space [4, 15]. Both approaches attempt to discover semantic directions (i.e.,
condition vectors that replace textual guidance) to modify attributes of generated images.
These methods have shown success in altering high-level semantic regions (e.g., facial ex-
pressions, color, texture), validating the potential of unsupervised latent space exploration.

However, despite these advances, unsupervised methods face notable shortcomings when
applied to fine-grained class translation. As illustrated in Figure 1, existing approaches strug-
gle with two fundamental issues. First, the diversity of generated outputs is insufficient:
discovered directions often tend to generate only low-diversity variations within a parent
class (e.g., different types of dog) or drift into unrelated classes (e.g., cat, food). Second,
discovered directions lack consistency across images: the same direction may correspond
to different child classes depending on the input, requiring users to search for a desirable
transformation manually. These limitations limit their applicability in scenarios that require
reliable, fine-grained control, such as breed-to-breed transformations.

To overcome these challenges, we propose a novel method called UDT (Unsupervised
Discovery of Transformations), that introduces a hierarchical structure into the fine-grained
class translation process. Specifically, UDT employs parent-class information to decompose
predicted noise divergences into two components: a parent-class vector that encodes general
attributes (e.g., ‘dog’) and a child-class vector that captures fine-grained variations (e.g.,
‘Poodle’). By applying hierarchy-aware contrastive learning, we ensure that each discovered
direction consistently maps to a distinct child class while preventing drift outside the parent
domain.
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Our contributions are summarized as follows:
• Hierarchical latent structuring: We introduce a decomposition of predicted noise

guided by parent-class information, enabling fine-grained class translations.

• Hierarchy-aware contrastive learning: We design a loss function that enforces each
direction to a distinct child class, improving interpretability and diversity.

• Extensive validation: Experiments across multiple fine-grained domains demonstrate
that UDT significantly outperforms prior methods in qualitative and quantitative com-
parisons, producing coherent, diverse, and controllable transformations.

By explicitly incorporating hierarchical knowledge into unsupervised latent exploration,
UDT establishes a new paradigm for fine-grained class translation in diffusion models, bridg-
ing the gap between semantic attribute editing and consistent class-level transformations.

2 Related Work
Latent Space Exploration of Diffusion Models. Diffusion models encode rich semantics
in their latent spaces, enabling controllable image manipulation by identifying edit direc-
tions [3, 17]. One major line of work for discovering these directions has focused on ana-
lyzing the intermediate features within the U-Net bottleneck. This category includes both
guided approaches, which rely on supervision from vision-language models like CLIP [13]
or pre-trained classifiers [6], and unsupervised approaches that analyze the features’ internal
structure through methods like PCA [6], Jacobian analysis [21], or self-supervised learn-
ing [14]. However, a limitation of these methods is their difficulty with class transforma-
tions, as they often only capture attribute-level translations. In contrast, another line of work
explores the predicted noise space. This includes methods such as Concept Discovery [15],
which discovers compositional concepts, and NoiseCLR [4], which uses contrastive learning
to identify interpretable directions. While these approaches [4, 15] have advanced the discov-
ery of semantic concepts, they remain insufficient for fine-grained class translation, where
consistent and diverse transformations are required. In contrast, our hierarchical framework
decomposes predicted noise, allowing for the structured exploration of transformations.

Contrastive Learning in Generative Models. The principle of contrastive learning, in-
troduced by Hadsell et al. [7] to learn invariant features by pulling similar samples closer
and pushing dissimilar ones apart, has been widely adopted in areas like data augmenta-
tion [2, 20], and diverse scene generation [26]. This principle has been adapted to find
meaningful semantic directions in generative models, such as GANs [30] and diffusion mod-
els [4]. We reformulate contrastive learning for fine-grained class translation, enforcing dif-
fusion models to produce clearly distinguishable images across fine-grained classes.

3 Preliminary

3.1 Denoising Probabilistic Diffusion Models

Diffusion models [9, 25] generate data through an iterative denoising process, often referred
to as the reverse process. The denoising network εθ is trained to predict the noise ε from a
noised latent code xt . Here, xt is obtained by corrupting the original latent x0 with Gaussian
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noise ε ∼ N (0,1) at timestep t, following a predefined noise schedule βt . We define αt =
1−βt , and the cumulative product as ᾱt = ∏ i = 1t

αi. The training objective becomes:

LDM = Ex0,ε∼N (0,1),t
[
∥ε − εθ (xt , t)∥2

2
]
. (1)

In the deterministic DDIM[25] reverse process, the model εθ (xt , t,c) first predicts the noise
from the current latent xt . This allows us to estimate the clean latent x̂0. The less noisy latent
xt−1 is computed by combining the estimated clean latent and the predicted noise:

xt−1 =
√

ᾱt−1x̂0 +
√

1− ᾱt−1 · εθ (xt , t,c). (2)

This iterative step ensures a consistent generation process guided by the text condition c.

3.2 Classifier-free Guidance
Classifier-free guidance [8] allows conditioned sampling by modifying the noise prediction
εθ (xt) to incorporate conditioning c. The guided noise estimate is computed as:

ε̃θ (xt ,c) = εθ (xt ,φ)+λg(εθ (xt ,c)− εθ (xt ,φ)), (3)

where φ is the null condition and λg is the guidance scale. Leveraging the adaptability of
this framework, our image translation pipeline substitutes the text condition c with a learned
semantic direction ck to translate the image.

4 Proposed Method
In this section, we describe how our method discovers interpretable directions for breed
translation in an unsupervised setting using a dataset X = {x1, . . . ,xN}, where N represents
the number of images. The number of discovered directions is controlled by a hyperparam-
eter K, and the set of directions is denoted as C = {c1, . . . ,cK}. We assume that the dataset
X possesses a hierarchical structure, consisting of a parent class (e.g. dog, cat, and bird) and
an unknown number of child classes.

4.1 Hierarchy-Aware Feature Divergence
The k-th interpretable direction ck is a learned weight vector that replaces the condition
feature c in Eq. (3). To learn these directions, NoiseCLR [4] employs a divergence in the
predicted noise, conditioned by a null-text prompt φ :

∆ε
n
k = εθ (xn

t ,ck)− εθ (xn
t ,φ). (4)

This feature divergence, ∆εn
k , struggles with breed transformations because its discovery

scope is too broad, often leading to the trivial translations or nonsensical failures shown
for NoiseCLR in Figure 1. Since it measures the total deviation from the null condition
φ , its scope often extends beyond the parent-class distribution of εθ (xn

t , p). To address this
limitation, we decompose this divergence based on a parent class prompt p as follows:

∆ε
n
k = εθ (xn

t ,ck)− εθ (xn
t , p)︸ ︷︷ ︸

∆T n
k

+εθ (xn
t , p)− εθ (xn

t ,φ)︸ ︷︷ ︸
∆Pn

k

. (5)
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Figure 2: Overview of the UDT framework. (a) UDT decomposes predicted noise diver-
gence ∆εn

k into a parent-class component ∆Pn
k (general attributes) and a child-class compo-

nent ∆T n
k (fine-grained traits). (b) Contrastive learning is then applied only to the child-class

vectors, ensuring each discovered direction corresponds to a consistent child class. This hi-
erarchical formulation enables UDT to discover interpretable directions for fine-grained class
translation, later used in the image translation pipeline (c).

where p is a non-trainable text condition of the parent class (e.g., dog). This decomposi-
tion allows our method to isolate the signal required for fine-grained control, as illustrated
in Figure 2 (a). The first component, ∆T n

k , is the hierarchy-aware feature divergence, which
represents the child class vector that distinguishes a specific child class from its parent. In
contrast, the second component, ∆Pn

k , is a parent-class vector that isolates the broad at-
tributes of the parent class itself.

4.2 Loss Function with Hierarchical Information

Hierarchy-aware Contrastive Loss. Contrastive learning aims to discover interpretable
directions by defining positive and negative divergences using ∆T in Eq. (5). For a given
target divergence ∆T a

j , which corresponds to the a-th image and the j-th direction, positive
divergences are those that share the same direction c j but come from different images. In
contrast, negative divergences share the same image xa but correspond to different directions.
Contrastive loss encourages similarity in positive divergences while pushing negative diver-
gences to be dissimilar, a process visually summarized in Figure 2 (b). The loss function is
defined as:

LT =− log
∑
|X ′|
a=1 ∑

|X ′|
b=1 1[a ̸= b]exp

(
sim(∆T a

j ,∆T b
j )
)

∑
|X ′|
a=1 ∑

|C′|
i=1 1[i ̸= j]exp

(
sim(∆T a

j ,∆T a
i )

) , (6)
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where X ′⊂X is a subset of the image dataset and C′⊂C−{c j} is a subset of the interpretable
directions, excluding c j. The similarity function sim(·, ·) is the cosine similarity, given by:

sim(∆T1,∆T2) =
∆T1 ·∆T2

∥∆T1∥∥∆T2∥
. (7)

Regularization Loss. The contrastive loss in Eq. (6) fluctuates significantly during train-
ing, as the hierarchy-aware feature divergence ∆T alters the overall appearance of images.
To enhance training stability, we introduce a regularization loss using ∆ε from Eq. (4), en-
couraging positive divergences to be closer as follows:

LReg =− log
|X ′|

∑
a=1

|X ′|

∑
b=1

1[a ̸= b]exp
(

sim(∆ε
a
j ,∆ε

b
j)
)
. (8)

Total Loss Function. The overall loss function to learn interpretable directions C becomes:

L= LT +λRegLReg, (9)

where LT is the contrastive loss in Eq. (6), LReg is the regularization loss in Eq. (8), and λReg
is a hyperparameter that balances two terms.

4.3 Image Translation Pipeline
To modify an image I, the initial latent xT is obtained through DDIM inversion [18], which
anchors the subsequent denoising trajectory to the input content. At each timestep t, the
diffusion process is then guided along a learned direction ck by the following estimate:

ε̃θ (xt ,ck) = εθ (xt ,φ)+λe(εθ (xt ,ck)− εθ (xt ,φ)) , (10)

where λe controls the editing strength. The guided estimate ε̃θ is applied to the denoising
process to transform the image to the target child class, leading to the results shown in Figure
2 (c).

5 Experiment

5.1 Experimental Setup
Datasets. We used standard fine-grained benchmarks: Flowers102 [19] (102 species),
Stanford Dogs [12] (120 breeds, 20,580 images), CUB-200-2011 [27] (200 bird species,
11,788 images), and FFHQ [11] (70,000 faces). Additionally, we utilized a custom cat
dataset comprising 100 breeds, each represented by a single internet-sourced image.

Implementation Details. We used Stable Diffusion v1.5 as the backbone for all experi-
ments. The model is trained with hyperparameters K = 100, N = 100, and λReg = 1. Fol-
lowing NoiseCLR [4], AdamW [16] is used with a learning rate of 10−3 and a batch size of
6. Training each category takes 10–13 minutes on a single NVIDIA A6000 GPU (48GB),
while inference generates transformed images in under 10 seconds across domains.
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Figure 3: Visualizing discovered transformations by UDT. UDT discovers a diverse set
of interpretable transformations within a single category, and generalizes this ability across
various domains such as dogs, flowers, faces, cats, and birds.

5.2 Experimental Results

Qualitative Results with UDT. Figure 3 demonstrates that UDT discovers semantically
distinct transformation directions across diverse domains—from animals to flowers and hu-
man faces. Each discovered direction captures unique and interpretable attributes, making
it clearly distinguishable from other directions within the same domain. For instance, in
the dog domain, UDT successfully discovers numerous distinct breed transformations. “Di-
rection #4” produces Bulldog features with characteristic wrinkled faces and robust builds,
while “Direction #9” generates Golden Retriever traits, including flowing golden coats. Sim-
ilar capabilities are observed in other animal categories; in cats, UDT accurately alters breed-
defining traits such as fur color (“Direction #1”) and ear length (“Direction #2”). Beyond
animals, UDT captures diverse semantic variations across different domains. For human
faces, “Direction #4” produces Asian facial features, whereas “Direction #1” yields a more
Western appearance. These results demonstrate that UDT discovers semantically meaning-
ful features without any explicit labels during training, highlighting its capability to identify
distinctive visual variations within each domain.

Qualitative Comparison with SotA Methods. Figure 4 presents qualitative comparisons
between UDT and state-of-the-art methods on unsupervised learning (NoiseCLR [4] and
Concept Discovery [15]), self-supervised learning (Interpret Diffusion [14]), and image
editing (LEDITS++ [1] and Null-Text [18]). To evaluate the performance of unsupervised
methods [4, 15], a CLIP classifier [23] was used to verify whether the translated images
were correctly predicted as the intended target classes. NoiseCLR and Concept Discovery
struggle to find the transformation directions that match the target classes of Silky Terrier
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Figure 4: Qualitative comparisons. UDT successfully finds target breed transformations
where other unsupervised methods often fail. Additionally, UDT outperforms editing meth-
ods by more accurately representing fine details, such as the Toy Poodle’s curly texture, and
preserving the original pose. ♣ indicates that the model failed to discover a direction for the
target breed; in these cases, the images are visualized with the highest CLIP scores, regard-
less of class labels.

(NoiseCLR) and Otterhound and Toy Poodle (Concept Discovery). Additionally, the self-
supervised method, Interpret Diffusion, does not provide adequate directions for dog trans-
formations. In comparison, our method not only successfully transforms images to the target
breed but also outperforms existing editing methods in specific aspects; UDT better repre-
sents the curly texture of the Toy Poodle than LEDITS++, and unlike Null-Text, it excels at
maintaining the original pose during edits.

Classification Accuracy on Class Translation. To quantitatively evaluate the effective-
ness of UDT in capturing breed-specific characteristics, we applied 100 learned translation
directions to 100 Pug images. We then measured the shifts in classification probability for
these translated images using a CLIP classifier [23]. Since UDT discovers 100 transfor-
mation directions without labels, we had to select a representative direction for evaluating
transformations towards specific target breeds (e.g., Boxer, Beagle). For each target breed,
we designated its representative direction as the one that generated images yielding the high-
est CLIP classification score [23]. Table 1 summarizes the resulting probability changes
for these transformations, with target breeds showing the highest increases highlighted in
bold. The diagonal entries in Table 1 indeed confirm UDT’s effectiveness, showing substan-
tial CLIP confidence boosts for intended target breeds (e.g., +43.24 for ‘Golden Retriever’),
which aligns with the ideal expectation that targeted semantic confidence should significantly
increase while other semantics experience minimal alteration.
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Shifts in
classification prob. Boxer Beagle Golden

Retriever
Siberian
Husky

Miniature
Poodle

Boxer 15.08 8.72 -4.34 8.04 -3.86
Beagle 2.55 20.75 2.26 0.50 4.08
Golden Retriever -5.13 5.32 43.24 12.42 8.17
Siberian Husky -9.15 -7.63 1.85 54.77 -0.71
Miniature Poodle -3.33 -6.22 21.57 7.56 50.38

Table 1: Impact of breed-to-breed transla-
tion. Shifts in classification probability mea-
sured on 100 Pug images after transformation
with 100 directions. The diagonal entries, high-
lighted in bold, show substantial confidence
boosts for the intended target breeds.

# Predicted Breeds

Breed NoiseCLR Ours

Appenzeller 17 44
Chihuahua 11 46
Eng. Foxhound 20 58
Fox Terrier 30 59
Golden Ret. 7 42
Labrador Ret. 6 38
Yorkshire Ter. 18 66

Avg. 15.57 50.43

Table 2: Breed diversity compari-
son. The number of distinct predicted
breeds after applying 100 translation di-
rections. High numbers for UDT high-
light its superior capability in discov-
ering a rich and diverse set of breed-
specific transformation directions.

Class Diversity on Class Translation. To compare the diversity of breed transformations
produced by UDT and NoiseCLR [4], images were generated using 100 distinct translation
directions. Each resulting image was then classified by a CLIP classifier [23] to predict
its breed. The predicted breed for each image was determined by selecting the class with
the highest confidence score from the classifier’s output. As summarized in Table 2, UDT
achieved an average of 50.43 distinct predicted breeds, substantially outperforming Noise-
CLR’s average of 15.57. These results highlight UDT’s superior capability in discovering a
richer and more diverse set of breed-specific transformation directions.

5.3 Ablation Studies

Impact of Loss Function. We evaluate the impact of each component of our loss function
in Eq. (9). Figure 5 shows that different loss configurations significantly affect transforma-
tion quality when applied to the same discovered directions. The regularization loss (LReg)
preserves breed-specific characteristics; removing it causes the generated images to lose the
distinguishing characteristics of the target breed. Similarly, without contrastive loss (LT ),
the translated images exhibit only minor changes and fail to produce convincing fine-grained
class transformations. In contrast, our full model, UDT, accurately achieves the desired trans-
formations, significantly enhancing visual fidelity and overall image quality.

Controlling Transformation Intensity. Our method enables users to control the intensity
of breed transformations by adjusting a scale parameter. Figure 6 shows that the translated
images demonstrate a smooth progression to a breed, as indicated by an arrow. This progres-
sion enables a more precise analysis of breed-specific visual characteristics. For example,
interpolating along Dog “Direction #3” gradually introduces wrinkles to the skin, whereas
for Cat “Direction #3”, the cat appears younger and its ears become larger. This ensures that
interpolation along these directions remains disentangled, naturally capturing differences be-
tween breeds.
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Figure 5: Ablation study of loss function. We compare our full model (Ours) with variants
that exclude the regularization loss (w/o LReg) and the contrastive loss (w/o LT ).
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Figure 6: Transformation results on scale parameter. Adjusting the transformation scale
enables smooth interpolation along semantic directions, offering fine-grained control over
the modification intensity as shown for dog wrinkles and cat ear size.

6 Limitation
While UDT successfully performs meaningful transformations across various domains, it has
a few limitations. First, UDT does not explicitly enforce the preservation of specific semantic
details beyond class-level modifications, which can sometimes lead to slight changes in the
background. Second, UDT’s discovered transformation directions are unlabeled, requiring
a post-hoc labeling process to map them to meaningful classes. Finally, the method also
inherits limitations from the pre-trained diffusion model, and its performance can decline for
underrepresented categories.

7 Conclusion
We introduce UDT (Unsupervised Discovery of Transformations), a novel framework for
unsupervised discovery of fine-grained, class-level transformation directions within diffu-
sion models. Additionally, our findings highlight that incorporating hierarchy information
into contrastive learning improves the interpretability and control of fine-grained transforma-
tions. Unlike previous works, UDT discovers transformation directions that facilitate clear
transitions between fine-grained categories—such as breeds and species—while preserving
pose and object placement. Extensive qualitative and quantitative experiments demonstrate
that UDT significantly outperforms existing methods, producing more distinct and visually
meaningful transformations.
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