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Abstract

Disentangled representation learning (DRL) aims to
break down observed data into core intrinsic factors for
a profound understanding of the data. In real-world scenar-
ios, manually defining and labeling these factors are non-
trivial, making unsupervised methods attractive. Recently,
there have been limited explorations of utilizing diffusion
models (DMs), which are already mainstream in generative
modeling, for unsupervised DRL. They implement their own
inductive bias to ensure that each latent unit input to the
DM expresses only one distinct factor. In this context, we
design Dynamic Gaussian Anchoring to enforce attribute-
separated latent units for more interpretable DRL. This un-
conventional inductive bias explicitly delineates the decision
boundaries between attributes while also promoting the inde-
pendence among latent units. Additionally, we also propose
Skip Dropout technique, which easily modifies the denoising
U-Net to be more DRL-friendly, addressing its uncooperative
nature with the disentangling feature extractor. Our methods,
which carefully consider the latent unit semantics and the
distinct DM structure, enhance the practicality of DM-based
disentangled representations, demonstrating state-of-the-art
disentanglement performance on both synthetic and real
data, as well as advantages in downstream tasks.

1. Introduction
Disentangled representation learning (DRL) aims to un-

cover the fundamental factors within the observed data
[2, 19, 20, 45]. A disentangled representation is a set of
latent units where each unit is dependent on only one fac-
tor and invariant to the remaining factors [2, 32, 33, 41, 59].
Attaining such representation is essential for understanding
data and generalizing models, making it a fundamental goal
in the machine learning field [2, 40].

To achieve DRL, supervised methods that require annota-
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Figure 1. Visualization of latent units in EncDiff and Ours. The
top figures visualize the latent unit representing object color
using the dimensionality reduction method PaCMAP [24] for multi-
ple data points. The bottom figures show the results of conditional
generation of data by sampling the latent unit from the blue and
red regions, respectively. (a) In EncDiff [62], the boundary be-
tween color regions is ambiguous, so a latent unit representing red
can be sampled even in the blue region, and vice versa. (b) Using
our proposed method, we achieve an interpretable latent unit by
clearly defining the boundaries between attributes, ensuring that
only one color appears in each color region.

tions of manually-defined factors have been attempted [3,53].
However, in the real world, factors are complex and exist on
a non-discrete spectrum (e.g., image brightness), making an-
notation challenging. Thus, unsupervised learning methods
are extensively being explored [14, 45, 61]. They commonly
utilize the latent space of generative models, which capture
the semantic information of images. Meanwhile, it is known
that achieving disentanglement in an unsupervised manner
is impossible without explicit inductive biases [36], such as
regularization for statistical independence and architectural
modeling [23, 45, 64]. Thus, the essence of unsupervised
DRL lies in how effectively a suitable inductive bias is im-
plemented into the target generative model.

Recently, diffusion models (DMs) [21, 26, 48] have
emerged as a cornerstone of generative models, known for
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their superior generation quality and stability. In particular,
DMs not only effectively encode rich information about the
input image, but also ensure that the manipulated features
in the latent space are directly reflected in the generated
image [31]. This suggests that DMs are attractive target gen-
erative models for unsupervised DRL [61, 62, 64]. Naturally,
existing DM-based DRL methods focus on providing ap-
propriate inductive biases to DMs to achieve independence
among latent units [61, 64]. Meanwhile, the significance of
each latent unit accurately reflecting its corresponding fac-
tor has not yet been considered. Therefore, to enhance the
practical usefulness and interpretability of representations,
we not only focus on the independence of the factors (e.g.,
object color) represented by the latent units, but also
on how faithfully each latent unit reflects the attributes (e.g.,
red, blue) of those factors.

To understand this, let us consider a scenario highlighting
the necessity of attribute-separated latent units. Fig. 1 visual-
izes a single latent unit (responsible for object color)
across multiple data points using both the DM-based state-of-
the-art (SOTA) DRL method EncDiff [62] and our proposed
method. In Fig. 1a, the data points for EncDiff are not clearly
separated into distinct attributes (e.g., red, blue). This en-
tanglement might actually result in selecting a blue image
when sampling from the red region. Such representation
with semantically ambiguous latent units cannot guarantee
the intended downstream uses (e.g., manipulating object
color factor of intended color). In contrast, as shown in
Fig. 1b, ours exhibits clear decision boundaries between
attributes, ensuring that images sampled from each color
region faithfully reflect the intended color. This enhances
interpretability by indicating which intrinsic factor a latent
unit represents in real-world data where labels are absent,
suggesting a more practical representation. Moreover, latent
units with a high association (i.e., mutual information) with
a specific factor naturally become less dependent on other
factors, thereby promoting disentanglement.

Thus, we first propose Dynamic Gaussian Anchoring
(DyGA), an inductive bias that clarifies the decision bound-
aries between attributes of a latent unit in DM-based DRL.
DyGA dynamically selects anchors for attribute clusters in
the latent space and shifts ambiguous points at the cluster
boundaries toward these anchors. This well-organized at-
tribute latent unit is used as a condition for the DM, learning
to simultaneously perform disentanglement of the feature
extractor and image generation of the DM.

However, since DM can also be trained unconditionally,
it may ignore unstable latent units during early training and
rely less on the feature extractor. This is due to the pecu-
liarity of DM structures which receive the latent unit only
as an auxiliary condition via U-Net’s cross-attention; a new
aspect that does not need to be considered in variational
autoencoder-based DRL methods [20, 28] where the latent

unit is the sole input condition. Ideally, for the diffusion
denoising U-Net and feature extractor to learn complemen-
tarily, the training should be guided so that, rather than the
noisy image input, the latent unit input determines the core
image elements.

Therefore, we also propose Skip Dropout (SD), an effec-
tive technique that make DM networks more DRL-friendly
with a simple adjustment. SD drops U-Net’s skip connection
features from the noisy image input, ensuring that the DM
training focuses on the latent unit features and the feature ex-
tractor, which are the key to disentanglement. In conclusion,
through comprehensive modeling for both the latent unit
semantics and DM structure, our proposed methods present
the potential of DM for more interpretable disentanglement.

Contributions. Our main contributions are as follows:
• We design Dynamic Gaussian Anchoring, a novel induc-

tive bias for interpretable disentanglement that guides
attribute-separated latent units through anchoring-based
manipulation in the latent space.

• We propose Skip Dropout, a modification of the U-Net ar-
chitecture to enhance the disentangling functionality of the
feature extractor within the DM-based DRL framework.

• Our techniques have been applied to existing DM-based
methods, achieving SOTA unsupervised DRL perfor-
mance, and the obtained representations demonstrate
strengths in downstream tasks as well.

2. Related Work
Disentangled Representation Learning. Disentangled rep-
resentation learning (DRL) aims to identify underlying fac-
tors from observable data, with variational autoencoders
(VAEs) initially favored as generative models because their
decoders generate exclusively using the information-rich la-
tent space. β-VAE [20] and AnnealVAE [6], for instance,
use regularization and information bottleneck principles for
this purpose. InfoVAE [68] and FactorVAE [28] focus on
mutual information and total correlation, respectively. How-
ever, such regularizations alone are insufficient for unsu-
pervised DRL, as explicit inductive bias has been proven
to be mandatory for both models and data sets [36]. In re-
sponse, QLAE [22] introduces learnable latent quantization
to promote an organized latent space, providing an induc-
tive bias for meaningful and consistent representations. Tri-
pod [23] suggests a quantization method with finite scalar
codebooks after identifying the limitations of latent quanti-
zation learning [39]. Despite these efforts, VAE-based mod-
els face a trade-off between image quality and disentangle-
ment [8, 20, 28]. Consequently, InfoGAN [9] demonstrated
that generative adversarial networks (GANs) [16] have in-
formative latent spaces and can achieve disentanglement
via the lower bounds of mutual information. Pre-trained
GAN-based methods such as LD [58], CF [51], GS [17],
and DS [27] have also been explored. However, GANs’
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Figure 2. Training framework with proposed methods. (a) During the diffusion model training, the features generated by the feature extractor
are shifted towards the mean direction of the Gaussian for each feature unit based on the selected anchor, becoming the condition for the
diffusion model. To ensure the diffusion U-Net effectively utilizes the conditions created by the feature extractor, a skip dropout strategy is
employed. (b) The process of anchoring Gaussian distributions involves: i) initializing the Gaussian mixture, ii) performing HDDC using the
EM algorithm, iii) adjusting the number of Gaussians by splitting them according to criteria, and iv) filtering out unnecessary Gaussians.

instability and mode collapse issues limit their use, lead-
ing to recent studies on unsupervised disentanglement with
diffusion models [61, 62, 64].

Diffusion Model-based DRL. Due to their generative per-
formance and rich latent space [31], diffusion models have
recently gained attention for disentangling their latent space.
DisDiff [64] attempted to obtain independent latent vectors
using CLUB [10] of mutual information, while FDAE [61]
aimed to explicitly improve interpretability by forcing the
latent space into separate content and mask codes. Subse-
quently, EncDiff [62] tried to disentangle the latent space
by emphasizing that cross-attention can provide inductive
bias through an information bottleneck using only diffusion
loss. The general framework, detailed next, establishes a
separate feature extractor to derive disentangled represen-
tations alongside diffusion model training. However, little
has been done to analyze these representations to determine
if they truly capture the underlying attributes of each factor.
This work delves deeper, introducing a simple yet effective
inductive bias for this purpose.

3. Methods
In this section, we begin with a brief explanation of dif-

fusion models. Next, we introduce the overall framework
(Sec. 3.1), propose our methodological contributions: (1)
Dynamic Gaussian Anchoring as a new inductive bias for
diffusion models (Sec. 3.2), and (2) skip dropout to enhance
the training of the feature extractor (Sec. 3.3).
Diffusion Models. Diffusion models [21, 25, 48] are a type
of latent variable model that reconstruct x0 ∼ pdata(x0) from

xT ∼ N (0, I) with the following formulation pθ(x0) :=∫
pθ(x0:T ) dx1:T . Diffusion models use a Markov process

known as the forward process, which gradually adds noise
to the image through a variance schedule β1, . . . , βT until it
becomes xT ∼ N (0, I):

q(xt | xt−1) = N (xt;
√

1− βtxt−1, βtI). (1)

Then, with ᾱt =
∏t

s=1 αs and αt = 1− βt, the latent vari-
able xt at timestep t can be obtained through the following
interpolation xt =

√
ᾱtx0 +

√
1− ᾱtϵ, where ϵ ∼ N (0, I).

This diffusion model optimizes the network according to the
following objective:

Lη = Ex0,ϵ,t[ηt||ϵθ(xt, t, c)− ϵ)||], (2)

where ηt is the coefficient according to the noise schedule,
ϵθ(xt, t, c) is the predicted noise, and c is some condition.

3.1. Diffusion Model Framework for DRL

We now introduce our full framework as shown in Fig. 2.
Let us first describe the DRL framework involving diffusion
models (DM) which is commonly used in recent DM-based
DRL methods [61, 62]. Hence, our technical contributions
in Sec. 3.2 and Sec. 3.3 can be readily applied to methods
based on this framework.

Latent Diffusion Model. Latent diffusion models (LDM)
[48] are a type of diffusion model that significantly reduces
computational cost by training the diffusion model on images
compressed in the latent space rather than the pixel space.
LDMs have gained widespread recognition for their utility
[42, 50, 66]. We adopt the widely-used LDM framework
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with VQ-GAN in order to train conditional generation by
conditioning the latent units through cross-attention.
Feature Extractor. The feature extractor extracts a com-
pressed feature from the image, consisting of N latent units.
Each latent unit is trained to represent one of the intrin-
sic factors constituting the image. Similar to previous re-
search [62], the structure of the feature extractor includes
a simple CNN that extracts semantic information from the
image and an MLP layer applied to each latent unit. Each
latent unit is composed of a D-dimensional vector, set to
D = 32 following prior studies [45, 64]. The entire feature
c = [c1, . . . , cN ], composed of latent units, serves as the
condition for the LDM. See the supplement for details.

3.2. Dynamic Gaussian Anchoring

In this subsection, we introduce Dynamic Gaussian An-
choring (DyGA) to ensure that each latent unit of the feature
c faithfully reflects each factor. DyGA is divided into two
processes. First, anchor selection involves determining the
anchors based on the features, with the number of anchors
being decided dynamically. Second, feature alignment delin-
eates the boundaries between attributes represented by latent
units by adjusting the features towards the direction of the
selected anchor.

3.2.1 Anchor Selection

As shown in Fig. 2b, anchor selection involves 1) initializing
multivariate Gaussian distributions, 2) fitting the Gaussian
mixture via high-dimensional data clustering (HDDC) [4], 3)
splitting this Gaussians to dynamically increase the number
of Gaussians, and 4) filtering out unnecessary Gaussians. At
this point, the anchors become the means of the Gaussians,
and the spliting and filtering processes serve to dynami-
cally adapt the number of anchors. Meanwhile, HDDC uses
the Expectation-Maximization algorithm to maximize the
likelihood function, which is generally non-convex and has
many stationary points [37]. This means that HDDC can
get trapped in a sub-optimal stationary point. Adjusting the
number of anchors provides an opportunity to escape from
these stationary points, as it slightly alters the optimization
problem. Moreover, it is suitable for unsupervised learning
where prior knowledge of the data is unavailable , making it
appropriate for cases where the number of attributes within
the factors is unknown.
High-dimensional Data Clustering. Finite mixture mod-
els [38] predict data distribution as a Gaussian mixture by
maximizing the likelihood function through the Expectation-
Maximization (EM) algorithm. However, due to the curse of
dimensionality [1], this method is difficult to apply to high-
dimensional data. To address this, high-dimensional data
clustering (HDDC) [4] reduces the high-dimensional prob-
lem to a lower-dimensional subspace where the EM update
is performed. For Gaussian N (µi,Σi), for i = 1, . . . ,K,

µi ∈ Rd, and Σi ∈ Rd×d, the class conditional covariance
matrix ∆i is defined as follows:

∆i = QT
iΣiQi, (3)

where Qi is the orthogonal matrix of eigenvectors of Σi.
Consequently, ∆i becomes a diagonal matrix with the eigen-
values of Σi as its diagonal entries. Among these, we let
di diagonal entries remain unchanged while the remaining
d − di entries are tied as a single parameter. We can then
define the subspace Fi spanned by di eigenvectors and its or-
thogonal complement F⊥

i ∈ Rd−di such that Fi ⊕F⊥
i = Rd.

Now, we are able to handle high-dimensional data through
a Gaussian mixture model in the subspace Fi. However,
HDDC requires the number of Gaussians to be specified in
advance and this number remains fixed. We propose two
methods to adjust this dynamically.
Dynamic Adjustment of the Number of Anchors. Gaus-
sians fitted to the features via HDDC represent a stationary
point of the likelihood function maximized by the EM algo-
rithm. To address the fact that the optimality of this station-
ary point cannot be guaranteed [37], there have been attempts
to complement this with split/merge strategies in Gaussian
mixture models [7, 11, 34]. However, such attempts have
not been explored for high-dimensional data. Additionally, a
naı̈ve merging strategy may not be suitable for feature align-
ment, especially when dealing with real-world data where
the label may be a continuous value. Therefore, a strategy
that dynamically adjusts the number of Gaussians to handle
continuous variables is needed.
Gaussian Splitting and Filtering. First, Gaussian splitting
is based on the density of the Gaussians according to the
responsibility, and the responsibility γij of the j-th Gaussian
for feature xi is given by the following equation:

γij =
πjN (xi|µj ,Σj)∑K

k=1 πkN (xi|µk,Σk)
(4)

where πj is the weight of component j, N (xi|µj ,Σj) is the
probability density function (PDF) of the multivariate Gaus-
sian distribution with mean µj and covariance Σj , and these
are calculated through EM algorithm. For each Gaussian,
the density of the features with a responsibility γ greater
than ϕ = 0.5 (i.e., cluster) is measured. If the density of
the fitted Gaussian is higher than ψ = 0.5, it is determined
that the Gaussian does not adequately reflect the boundaries
that need to be disentangled; thus, a split is performed. The
density is defined as follows:

Densityi =
1

Ni

Ni∑
j=1

∥xij −
1

Ni

Ni∑
k=1

xik∥2 (5)

where for cluster i, xij is the j-th data point and Ni is the
number of data points. In addition, to escape sub-optimal
points while covering a large number of attributes, the split is
also performed arbitrarily. During every split process, once
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a Gaussian is divided into two, it is re-optimized through
the EM algorithm using the data belonging to each clus-
ter. After the split process, Gaussian filtering occurs to
remove Gaussians that have too few data points in the cluster.
This prevents small Gaussians from causing distortions in
some features during feature alignment for new data. Re-
optimization also occurs after filtering, but since the split and
filtering minimally alter the Gaussians, stability remains.

DyGA during the training process. Anchor selection is
only possible when there is learned feature data. Therefore,
after completing each epoch of training, we use the feature
data to select anchors that will be used for future feature
alignment. See the supplement for algorithmic details of
the entire training process, including anchor selection and
feature alignment.

3.2.2 Feature Alignment

Feature alignment refers to the process of shifting a feature
c = [c1, . . . , cN ] towards the mean µk of the Gaussian with
the highest responsibility, as described in Eq. (4). Through
feature alignment, the boundaries between clusters becomes
definite. For i ∈ [1, . . . , N ] and aligned feature c̃i ∈ RD,
the feature alignment process is as follows:

c̃i = ci + δ(µk − ci), (6)

where δ = λ exp
(
− 1

D

∑D
j=1

∣∣∣cj
i−µj

k

cj
i

∣∣∣), λ is a scale factor,
and the superscript j denotes the j-th element. Since a
feature located at the boundary between two Gaussians is
sensitive, adjusting this feature is critical to the stability of
the diffusion model training. Therefore, fully aligning it
to the mean of either Gaussian or using too large λ (e.g.,
λ ≥ 1) can negatively affect the overall training framework.
This could cause the diffusion model to behave as if it were
learning unconditional generation. Therefore, as described
in Eq. (6), the feature unit c̃i is an interpolation between the
feature and the mean µk of the Gaussian. In this process, δ is
determined by the distance between the feature and the mean.
To prevent excessive variation due to the vector magnitude,
δ is bounded by λ, considering the ratio of the difference
to the feature. This ensures that the conditional diffusion
model can stably utilize the output of the feature extractor,
even when the distance from the Gaussian with the highest
responsibility is too large. In this paper, λ = 0.1 was used
as the default.

3.3. Skip Dropout
Unlike VAE [6, 20, 29, 68], disentanglement diffusion

models [43, 61, 62, 64, 67] are structured with the junction
of a feature extractor and the denoising network of a condi-
tional diffusion model. In VAE, the decoder, which is the
image generator, depends solely on the latent units. In con-
trast, the denoising network of the diffusion model relies on

both the flow of the network according to the previous step’s
image xt and the feature c. Therefore, during the integrated
training process of the diffusion denoising U-Net [49] and
the feature extractor, it was necessary to prioritize the train-
ing of the feature extractor to achieve DRL-friendly training.
Considering this concern, we propose a skip dropout method
inspired by DyLoRA [57] as follows:

s̃r = sr ⊙m, (7)

where mi ∼ Bernoulli(p), sr is the skip connection feature,
and s̃r is the dropout-applied skip connection feature.

DyLoRA, inspired by nested dropout [47], uses higher
dropout ratios for higher ranks so that the model relies more
on lower-rank weights. This implies that dropout [55] can
concentrate information on specific weights. We aim to use
this property to enhance the feature generation capability
of the feature extractor without interfering with the training
process of the denoising U-Net. The output of the feature
extractor serves as the condition for the diffusion model,
which is delivered as keys and values to specific blocks
through cross attention. According to FreeU [52] notation,
this can be seen as part of the process of forming backbone
features. Therefore, we adopt a method to drop out skip
connection features at resolutions where conditions are not
injected through cross attention, thereby emphasizing the
learning of weights that create backbone features (Fig. 2a).
Remark. SD stochastically blinds some of the skip con-
nection feature channels to prevent them from accumulating
factor-specific information. As a result, the denoising U-Net
yields the learning of the core image information to the fea-
ture extractor, which is not connected by skip connections.
This allows the feature extractor to be sufficiently trained for
disentangled representation.

4. Experiments
Our experiments aimed to verify how effective the pro-

posed DyGA and SD are as inductive biases in the disen-
tanglement of diffusion models. First, we introduce the
setup including the dataset and metrics (Sec. 4.1), and then
validate the performance by comparing with state-of-the-
art models (Sec. 4.2). Additionally, we examine the ef-
fectiveness of DyGA and SD in other diffusion-based dis-
entanglement models (Sec. 4.3). We also explore qualita-
tive results through visualization (Sec. 4.4), and validate
the performance of each methodology through an ablation
study (Sec. 4.5). Subsequently, to evaluate the superiority of
our representation, we assess it through a downstream task
(Sec. 4.6). For more experiments and analyses, please refer
to the supplementary material.

4.1. Experimental Setup

Datasets. We used the datasets Cars3D [44], Shapes3D [5],
and MPI3D-toy [15], which are commonly used in disen-
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Table 1. Comparison with baselines on the FactorVAE score and DCI disentanglement metrics (mean ± std). Bold indicates the best, and
underline indicates the second-best.

Method Cars3D Shapes3D Mpi3D-toy

FactorVAE score↑ DCI↑ FactorVAE score↑ DCI↑ FactorVAE score↑ DCI↑

VAE
FactorVAE [28] 0.906± 0.052 0.161± 0.019 0.840± 0.066 0.611± 0.082 0.152± 0.025 0.240± 0.051
β-TCVAE [8] 0.855± 0.082 0.140± 0.019 0.873± 0.074 0.613± 0.114 0.179± 0.017 0.237± 0.056

DAVA [14] 0.940± 0.010 0.230± 0.040 0.820± 0.030 0.780± 0.030 0.480± 0.050 0.270± 0.030

GAN
ClosedForm [51] 0.873± 0.036 0.243± 0.048 0.951± 0.021 0.525± 0.078 0.523± 0.056 0.318± 0.014
GANSpace [17] 0.932± 0.018 0.209± 0.031 0.788± 0.091 0.284± 0.034 0.465± 0.036 0.229± 0.042

DisCo-GAN [45] 0.855± 0.074 0.271± 0.037 0.877± 0.031 0.708± 0.048 0.371± 0.030 0.292± 0.024

DM

DisDiff-VQ [64] 0.976± 0.018 0.232± 0.019 0.902± 0.043 0.723± 0.013 0.617± 0.070 0.337± 0.057
FDAE [61] 0.918± 0.027 0.232± 0.418 0.987± 0.023 0.917± 0.038 - -

EncDiff [62] 0.773± 0.060 0.279± 0.022 0.999± 0.000 0.969± 0.030 0.872± 0.049 0.685± 0.044
Ours 0.941± 0.002 0.414± 0.013 1.000± 0.000 0.938± 0.001 0.930± 0.004 0.627± 0.002

tangled representation learning [20, 28, 45, 62–64]. On the
other hand, since these datasets do not include real-world
data, we supplemented them with the CelebA dataset [35],
which contains images of celebrity faces. To be consistent
with previous research [8, 28, 62, 64], we resized the images
from the CelebA dataset to a resolution of 64×64.

Implementation Details. We employed LDM [48] as our
diffusion model in order to reduce the computational cost
while keeping in mind the application to high-resolution data.
By using the commonly-utilized VQ-GAN, we mapped the
pixel space image to a latent space. For image sampling,
we used a 100-step DDIM sampler [54]. To effectively
extract features with a low computational burden, we used a
simple CNN-based encoder similar to the one used in [62].
All experiments were conducted on a single NVIDIA RTX
A6000. See supplement for more details.

Baselines. We compare our method with VAE-based meth-
ods—FactorVAE [28], β-TCVAE [8], and DAVA [14]—as
well as GAN-based methods—ClosedForm [51], GANSpace
[17], and DisCo [45]. Furthermore, we include comparisons
with diffusion models-based methods such as DisDiff [64],
FDAE [61], and EncDiff [62]. For the CelebA dataset, we
also compare against diffusion-based models that have at-
tempted representation learning [43, 60] as baselines.

Evaluation Metrics. To evaluate disentanglement perfor-
mance, we employed the FactorVAE score [28] and DCI [13]
as disentanglement metrics. This aims to understand overall
performance by selecting metrics with relatively low covari-
ance, based on a study analyzing the covariance between
metrics [36]. For results for additional metrics—MIG [8],
Modularity [46], SAP score [30], InfoMEC [22], please refer
to the supplementary material. For the CelebA dataset, we
measured disentanglement perfomance and image quality
using TAD [65] and Fréchet Inception Distance (FID) [18].
Except for FID, all metrics are measured by reducing the
dimensionality of vector-shaped latent units using PCA [12],

Table 2. Comparison of disentanglement and generation quality
using the TAD and FID metrics (mean ± std) on CelebA dataset

Model TAD ↑ FID ↓

β-VAE [20] 0.088± 0.043 99.8± 2.4
Diff-AE [43] 0.155± 0.010 22.7± 2.1
InfoDiffusion [60] 0.299± 0.006 23.6± 1.3
DisDiff [64] 0.305± 0.010 18.2± 2.1
EncDiff [62] 0.638± 0.008 14.8± 2.3

Ours 0.954± 0.024 12.0± 1.2

as in previous studies [45, 61, 62, 64].

4.2. Comparison with the State-of-the-art Methods

Here, we compare our proposed method with existing
DRL works using quantitative measures.

Results: Cars3D, Shapes3D, and MPI3D-toy. As shown
in Table 1, 1) our method achieved a satisfactory FactorVAE
score and the best DCI disentanglement performance on
Cars3D. On Shapes3D and MPI3D-toy, it achieved either the
best or second best results, and recorded a FactorVAE score
of 0.930 on the MPI3D dataset, for which most baselines
perform poorly. 2) EncDiff, which employs a simple CNN
encoder within the LDM framework, can be considered our
base model. Compared to EncDiff, we observed significant
performance improvements on the Cars3D dataset, achieving
comparable performance across all other datasets.

Results: CelebA. As shown in Table 2, our method demon-
strated a significant performance advantage over all other
baselines in terms of TAD metric. This suggests that our
modeling is not only effective on synthetic datasets designed
for disentanglement (Cars3D, Shapes3D, and MPI3D), but
also applicable to real-world datasets. Moreover, our method
outperformed existing DM-based models in both TAD and
FID with a TAD of 0.954, suggesting that it overcomes the
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Figure 3. Latent interchange results. This figure shows the results of conditional generation using latent units as the condition, where a single
latent unit of the source image is replaced with a latent unit from the target image. The first and second rows represent the source image and
target image, respectively. The third to sixth rows show the source image with its attribute (e.g., Floor hue, Camera angle) changed
to that of the target. (left) represents the Shapes3D dataset, while (right) represents the MPI3D dataset.

trade-off between image quality and disentanglement, which
is a known limitation of VAE-based DRL.

4.3. Application to Other Diffusion Models

Our methods can be plugged into other diffusion model-
based DRL architectures where the diffusion models are
conditioned on the outputs of any feature extractor. Through
an example of combining with DisDiff [64] shown in Table 3,
we present that the proposed techniques are effective even
when applied to other models.

Since EncDiff uses a LDM and a CNN-based encoder, it
allows for an indirect comparison with our method, which
is discussed in Sec. 4.2. To verify the effectiveness of our
method on another diffusion model, we applied it to DisDiff,
which has open source code available. We used the default
hyperparameters and set the number of latent units N = 10.
DyGA was applied to the features passing through the Dis-
Diff encoder, while SD was applied to the skip connection
features used by the decoder. As a result, as shown in Table 3,
our method proved effective in other DM for DRL contexts
as well. This demonstrates that our proposed DyGA and SD
not only possess versatility across various models but also
serve as effective inductive biases for disentanglement.

4.4. Visualization Results

Latent Interchange Results. A straightforward way to
prove whether the trained feature extractor outputs well-
disentangled representations is by directly manipulating
them. If the visualized results accurately reflect the intended
changes in the representation, it means the latent units effec-
tively capture the factors. Here, we refer to changing one of
the latent units of a source image to that of a target image as

Table 3. Validation of our method’s effectiveness in DisDiff [64]

Method
Shapes3D MPI3D-toy

FactorVAE score↑ DCI↑ FactorVAE score↑ DCI↑

DisDiff 0.902± 0.043 0.723± 0.013 0.617± 0.070 0.337± 0.057

+DyGA, SD 0.915± 0.027 0.745± 0.018 0.643± 0.057 0.368± 0.060

latent interchange. The image generated using the modified
representation as a condition reflects the single latent unit
information from the target image onto the source image.
As shown in Fig. 3, our method accurately conveys subtle
differences, such as camera angle, object color,
confirming its effectiveness in altering the image.
Attention Map Visualization. The conditional diffusion
model we used injects conditions through the cross-attention
layer, allowing for visualization via the corresponding at-
tention map. As shown in Fig. 4, this attention map shows
which regions of the image the diffusion U-Net focuses on
for noise prediction based on each latent unit. If a latent unit
indeed represents a specific factor, the heat map will reflect
the regions associated with that factor. We visualized the
average of all interpolated attention maps using the method
from DAAM [56] in Fig. 4 where it can be seen that the U-
Net focuses on the factors represented by each latent unit in
the Shapes3D dataset. Meanwhile, in the MPI3D-toy dataset,
due to the variety of object orientations, the attention maps
cover relatively broader areas, yet still capture the most defin-
ing features of the objects. For the camera height, the
attention map shows a focus on the gap between the object
and the floor as it changes with the camera angle, while also
detecting the changes in the position of the arc.
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Figure 4. Attention map visualizations on Shapes3D and MPI3D-
toy datasets. These results verify how well the image regions high-
lighted by the attention maps correspond to the factors represented
by the latent units. In both datasets, the denoising U-Net focuses
on the correct positions associated with the factors represented by
the latent units (e.g., object size, object shape).

4.5. Ablation Study

We further analyzed our proposed methods through an
ablation study and discussed the results in Table 4. First, we
used a LDM with a CNN-based feature extractor as our base
model and conducted experiments by applying DyGA and
SD separately. The experiments were conducted using the
MPI3D-toy dataset, which is sufficiently large and includes
both simple and complex attributes. The experimental re-
sults showed that both DyGA and SD individually improved
disentanglement metrics. When both methods were applied
together, the best performance was achieved. Notably, as
illustrated in Fig. 1, we observed better attribute alignment
within latent units when both methods were applied, and the
clearer boundaries between attributes within latent units had
a positive impact on performance, as we had anticipated.

4.6. Downstream Tasks

DRL is inherently focused on obtaining useful and mean-
ingful representations within the machine learning domain.
In this subsection, we evaluate how much the representation
improves learning efficiency by using the gradient boosted
trees (GBT). This involves a classification task using the rep-
resentations, where the two kinds of accuracy Acc1000 and
Acc100 obtained from training with 1000 and 100 represen-
tation samples, respectively, are compared to the accuracy
Acc obtained from training 10,000 samples. This serves as
a metric to assess how efficient learning is by using fewer

Table 4. Ablation results on the MPI3D-toy dataset
Method FactorVAE score↑ DCI↑

Baseline 0.856± 0.004 0.586± 0.002

+DyGA 0.880± 0.004 0.626± 0.001
+SD 0.863± 0.005 0.615± 0.002
+DyGA, SD 0.930± 0.004 0.627± 0.002

Table 5. Statistical efficiency for learning a GBT downstream task
on Shapes3D and MPI3D-toy datasets

Method
Shapes3D MPI3D-toy

Acc1000/Acc Acc100/Acc Acc1000/Acc Acc100/Acc

DisDiff 0.928± 0.001 0.732± 0.002 0.862± 0.001 0.700± 0.002

FDAE 0.979± 0.002 0.751± 0.019 - -
EncDiff 0.975± 0.000 0.772± 0.002 0.853± 0.005 0.701± 0.001

Ours 0.990± 0.000 0.863± 0.001 0.888± 0.002 0.757± 0.001

samples [36]. To the best of our knowledge, there has been
no prior attempts to perform this downstream task on the
datasets we used. Therefore, we reproduced the existing
models [61,62,64] to serve as baselines, using the default hy-
perparameters suggested in the respective papers. As shown
in Table 5, our method outperformed the existing baselines
in the downstream tasks for both datasets. The significant
improvement in the downstream tasks suggests that the in-
ductive bias that separates attributes within latent units helps
obtain better representations.

5. Conclusion
In this study, we propose DyGA and SD, two novel

approaches for disentangled representation learning by fo-
cusing directly on the latent unit itself. Through empirical
evaluation on various datasets, our proposed methods show-
case remarkable performance in both disentanglement and
downstream tasks. Our DyGA, for the first time, introduces
a disentanglement inductive bias which takes into account
the attributes of each latent unit. This ensures that each latent
unit is interpretable in real-world applications, enhancing
their practicality. In addition, our proposed SD transforms
the training framework of DMs for DRL into a DRL-friendly
approach through stochastic blinding. However, as the num-
ber of Gaussians in DyGA is not a continuous variable, the
approach has limitations in handling attributes with continu-
ous values. Nonetheless, DyGA can potentially be applied to
any dataset, since discrete variables can approximate contin-
uous attributes. In conclusion, our proposed methods emerge
as powerful inductive biases for disentangled representation
learning, ensuring the fidelity of latent units to reflect factors.
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