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Abstract

Existing disentanglement methods predominantly operate
on a flat latent space and enforce a single global indepen-
dence criterion across all dimensions, implicitly assuming
that the underlying factors of variation are exchangeable
and statistically independent. This assumption ignores the
multi-scale structure of natural visual data, in which coarse
factors such as object identity constrain but do not deter-
mine finer factors such as color and texture, leading flat
methods to either over-penalize meaningful cross-scale de-
pendencies or under-disentangle within a semantic level.
We propose a scale-aware disentanglement framework built
on a hierarchical VAE with two complementary regulariz-
ers: an intra-level total-correlation penalty that encourages
factorized latent units within each level, and an inter-level
dependence penalty that discourages redundancy across
levels. We demonstrate the effectiveness of our frame-
work through both quantitative and qualitative evidence.
These results suggest that disentanglement could benefit
from scale-aware hierarchical representations, rather than
relying solely on a single global independence criterion.

1. Introduction
Learning structured representations of visual data is a cen-
tral goal of unsupervised visual representation learning. A
representation is said to be disentangled [8, 24] if each latent
dimension independently captures a single, interpretable
factor of variation in the data, such as object shape, color, or
rotation, while remaining invariant to all other factors. The
dominant framework for learning disentangled representa-
tions without supervision is the Variational Autoencoder
(VAE), which encodes observations into a structured latent
space through a probabilistic bottleneck. A family of meth-
ods, including β-VAE [15], FactorVAE [17], β-TCVAE [3],
DAVA [11], and α-TCVAE [27], augment the standard VAE
Evidence Lower Bound (ELBO) with penalties that encour-
age the aggregate posterior to factorize across latent dimen-
sions, thereby promoting statistical independence among
the learned factors.

Despite their empirical success on controlled bench-
marks such as dSprites [26] and 3DShapes [1], these meth-
ods rest on a shared simplifying assumption: that the true
generative factors underlying natural visual data are sta-
tistically independent, and that a well-disentangled model
should therefore assign each factor to a single, globally in-
dependent latent dimension. This assumption becomes re-
strictive for natural visual data. First, real-world factors are
often correlated: coarse attributes such as shape and identity
may co-vary with finer attributes such as texture, color, and
lighting, and such correlations can reflect meaningful struc-
ture rather than noise [31]. Second, visual variation is natu-
rally hierarchical: global structure constrains local appear-
ance, while local attributes still retain their own degrees of
freedom [7, 20, 34]. As a result, a flat independence objec-
tive may penalize meaningful dependencies between coarse
and fine factors, or fail to distinguish them from undesirable
redundancy within the same semantic level. Although flat
disentanglement methods can produce interpretable latent
traversals, they provide limited mechanisms for organizing
factors by scale, which is important for controlled recom-
bination of global and local attributes. The core research
challenge is therefore to develop a disentanglement frame-
work that respects the multi-scale structure of visual data:
encouraging independence within each semantic level while
preserving structured dependencies across levels.

We propose a scale-aware disentanglement framework
built on the hierarchical variational autoencoder (HVAE) [6,
25, 32], which organizes the latent space into a sequence
of levels z1, z2, . . . , zL that increase semantic abstraction.
Our central empirical observation is that disentanglement
can be treated as a scale-dependent property: higher-level
latent variables co-vary with multiple generative factors si-
multaneously, governing global structure such as identity
and pose. In contrast, lower-level latent variables govern
finer, more localized attributes such as color and illumina-
tion. However, hierarchy alone does not guarantee this sep-
aration. Standard hierarchical VAEs can still encode redun-
dant information across latent levels, since different layers
may explain overlapping aspects of the same image. We
therefore introduce a two-part training objective. First, an



intra-level total correlation [3] penalty encourages the co-
ordinates within each level to be statistically independent,
disentangling factors at the same semantic scale without im-
posing independence across scales. Second, an inter-level
dependence penalty discourages redundancy across levels,
encouraging each level to capture complementary rather
than duplicated information. Together, these objectives pro-
vide an explicit scale-aware alternative to flat disentangle-
ment: they separate factors within each semantic level while
preserving structured dependencies across levels.

In summary, our contributions include: (i) We highlight
scale-dependence as an important but underexplored prop-
erty of disentangled representations: factors of variation op-
erate at different semantic granularities. (ii) We propose
a two-penalty training objective: intra-level total correla-
tion for within-level disentanglement and an inter-level de-
pendence penalty for cross-level complementarity, which
formalizes scale-aware disentanglement within a principled
variational framework. (iii) We demonstrate through quan-
titative and qualitative evaluation that our framework im-
proves overall disentanglement while producing represen-
tations that are more factorized within levels and more se-
mantically organized across levels.

2. Method
2.1. Hierarchical VAE
We consider a hierarchical variational autoencoder in which
a high-dimensional observed sample x is represented by
a collection of latent variables z1:L = fz1, z2, . . . , zLg,
where L denotes the number of latent levels, and differ-
ent latent groups are intended to capture factors at differ-
ent semantic scales. In general, hierarchical VAEs can be
instantiated in two forms. The first is a probabilistic hier-
archy [6, 25, 32], where latent variables are conditionally
dependent across levels:

pθ(z1:L) = p0(zL)

L�1Y
ℓ=1

pθ‘(zℓ j zℓ+1), (1)

where p0(zL) � N (0, I). The transition prior is defined
as pθ‘(zℓ j zℓ+1) � N (µθ‘

(zℓ+1), diag(σ2
θ‘

(zℓ+1))). This
formulation explicitly models top-down stochastic depen-
dence between latent levels. While expressive, this prob-
abilistic hierarchy can obscure the interpretation of layer-
wise decomposition, since the information encoded at one
level may be partially determined by variables at others.
In this work, we use another form of architectural hierar-
chy [7, 20, 34]. Instead of imposing conditional dependence
among latent variables, we assume a factorized Gaussian
prior across levels:

p(z1:L) =

LY
ℓ=1

p(zℓ),where p(zℓ) � N (0, I), (2)

so that the prior factorizes across levels, p(z1:L) =Q
ℓ p(zℓ), and the variational posterior is conditionally fac-

torized given x, qϕ(z1:L j x) =
Q

ℓ qϕ(zℓ j x). Note that
the corresponding aggregate posterior qϕ(z1:L) generally
does not factorize across levels. We follow a VLAE hier-
archical autoencoding backbone [34], in which latent vari-
ables are inferred from different encoder depths and injected
into the corresponding stages of a top-down decoder.

Generative Model. The decoder adopts a VLAE [34]
top-down construction. The conditional distribution p(x j
z1:L) is defined implicitly through a top-down generator
ffL, fL�1, . . . , f1, f0g:

~zL = fL(zL), (3)
~zℓ = fℓ(~zℓ+1, zℓ), ℓ = L� 1, . . . , 1, (4)

x � N
�
f0(~z1), σ2ID

�
, (5)

where ~zℓ is an auxiliary hidden representation that accumu-
lates top-down context, and each fℓ is instantiated as:

~zℓ = uℓ([~zℓ+1; vℓ(zℓ)]) , (6)

where [� ; �] denotes vector concatenation and vℓ, uℓ are shal-
low neural networks. The top-level variable zL is decoded
through the deepest pathway and is therefore encouraged to
capture the coarsest, most global factors of variation; each
successive level zℓ refines the representation by integrat-
ing its latent code with the top-down context ~zℓ+1 inherited
from above.

Inference Model. The approximate posterior q(z1:L j x)
is a bottom-up ladder encoder [34], matching the multi-level
latent structure used by the decoder:

hℓ = gℓ(hℓ�1), (7)

zℓ � N
�
µℓ(hℓ), diag(σ2

ℓ(hℓ))
�
, (8)

where ℓ = 1, . . . , L, h0 � x, and gℓ, µℓ, σℓ are neural
networks. Each zℓ is obtained from the feature map at the
corresponding encoder depth, so that shallower latents cap-
ture low-level features and deeper latents capture high-level
semantic structure.

2.2. Scale-Aware Disentanglement

Intra-Level Total Correlation. Although the factorized
prior encourages each zℓ to be marginally close to N (0, I),
it does not enforce independence among the individual la-
tent units within a level in the aggregate posterior. Follow-
ing the TC decomposition of [3], we decompose the per-
level KL in expectation over the data as:



Ep(x)[KL(qϕ(zℓ j x) k p(zℓ))]

= Iq(x; zℓ)| {z }
index-code MI

+ TC(qϕ(zℓ))| {z }
total correlation

+
X
j

KL
�
qϕ(z

(j)
ℓ ) k p(z

(j)
ℓ )
�

| {z }
dim-wise KL

, (9)

where TC(qϕ(zℓ)) = KL(qϕ(zℓ) k
Q

j qϕ(z
(j)
ℓ )) mea-

sures the statistical dependency among latent units within
level ℓ, and the aggregate posterior is defined as qϕ(zℓ) =
Ep(x)[qϕ(zℓ j x)]. We penalize the total-correlation term
with a level-specific weight βℓ > 1 to encourage within-
level disentanglement:

Lintra =

LX
ℓ=1

βℓ TC(qϕ(zℓ)). (10)

Inter-Level Dependence Penalty. The hierarchical VAE
architecture organizes latent variables into L distinct
groups, where each group zℓ is associated with a dedicated
decoding pathway of different depth and capacity. This de-
sign imposes a natural group structure on the latent space:
higher-level groups are decoded through deeper pathways
and are intended to capture global semantic factors, while
lower-level groups are decoded through shallower path-
ways and capture finer-grained variation. Critically, this
group structure directly generalizes and aligns with the as-
sumptions underlying the partial disentanglement frame-
work [10, 14, 19], which relaxes the requirement of global
factor independence in favor of independence between se-
mantically meaningful groups of latent variables.

This alignment motivates a direct integration of group-
level total correlation as an inter-level regularizer. Specif-
ically, the partial disentanglement objective identifies
between-group TC as the principled measure of cross-group
statistical dependence in the aggregate posterior. Applied to
our ladder hierarchy, this yields:

Linter = KL

 
qϕ(z1:L)




 LY
ℓ=1

qϕ(zℓ)

!

= Eq�(z1:L)

"
log qϕ(z1:L)�

LX
ℓ=1

log qϕ(zℓ)

#
,

(11)

which measures how much the joint aggregate posterior
across all levels deviates from a product of independent per-
level marginals. WhenLinter = 0, the levels are statistically
independent in the aggregate posterior, so that each level
contributes complementary information.

Crucially, Linter is distinct from the intra-level TC
Lintra: the former penalizes dependence between levels
while the latter penalizes entanglement within each level.
Together, they target complementary failure modes: within-
level entanglement and cross-level redundancy. It is worth
noting that the inter-level penalty alone is insufficient to
produce meaningful hierarchical disentanglement. If the
model architecture does not provide a strong hierarchical
inductive bias, different latent groups may still collapse or
learn arbitrary partitions of information. In other words, the
structural hierarchy determines the semantic roles of dif-
ferent latent groups, and the proposed penalties refine this
decomposition by encouraging independence within each
level and non-redundancy across levels.

Aggregate posterior estimator. Both Lintra and Linter

require evaluating log-densities of the aggregate poste-
rior qϕ(�), which is intractable because it marginalizes
over the empirical data distribution. We adopt the mini-
batch importance-sampling estimators introduced in β-
TCVAE [3], applied at two distinct granularities: across
coordinates within a level for Lintra, and across levels for
Linter. Given a minibatch of size B, fxbgBb=1, drawn from
the entire dataset of size M and the corresponding latent
samples zℓ,b � qϕ(zℓ j xb), the log-density of the aggre-
gate posterior at level ℓ is approximated by

log qϕ(zℓ) � log

 
1

BM

BX
b0=1

qϕ(zℓ j xb0)

!
, (12)

following the importance-weighting argument of [3]. The
estimator is biased in log qϕ, and the bias grows as the batch
size shrinks [3]. More expressive estimators are a natural di-
rection for future work, including adversarial density-ratio
estimation as used in FactorVAE [17] and DAVA [11], and
the α-divergence formulation of α-TCVAE [27], which in-
terpolates between TC and other dependence measures and
may better balance disentanglement against sample diver-
sity in the hierarchical setting.

Training Objective. The full training objective com-
prises a reconstruction term, index-code mutual informa-
tion, dimension-wise KL, intra-level total correlation, and
inter-level dependence:

L = Lrec +

LX
ℓ=1

"
Iq(x; zℓ) +

X
j

KL
�
qϕ(z

(j)
ℓ ) k p(z

(j)
ℓ )
�#

+Lintra + γLinter.

(13)

where Lrec = Eq� [� log pθ(x j z1:L)] is the reconstruction
loss. The coefficient βℓ in Eq. 10 controls the final weight of



intra-level TC at level `, encouraging factorization among
latent dimensions within the same level. The coef�cient 

controls the �nal weight of inter-level dependence, used as
a soft redundancy penalty across latent levels. Thus, the
objective preserves the variational regularization of the base
VLAE while explicitly reweighting the dependence terms
most relevant to scale-aware disentanglement.

3. Experiment

In this section, we conduct empirical experiments to eval-
uate the proposed framework and understand its behav-
ior under different conditions by exploring the following
questions: (Q1) Does our hierarchical framework achieve
stronger global disentanglement than �at and hierarchical
baselines? (Q2) Do the intra-level and inter-level regular-
ization terms each contribute meaningfully to the overall
disentanglement quality, and what is the effect of removing
either component? (Q3) Does the learned hierarchy sup-
port more selective latent traversals that better preserve un-
related attributes?

3.1. Experiment Setup

Dataset. We conduct quantitative evaluation on three fac-
torized benchmarks and qualitative traversal analysis on
CelebA [22]. 3DShapes [1] contains 480,000 images with
six ground-truth factors: object shape, object color, �oor
color, wall color, object scale, and azimuth. MPI3D-
Real [13] contains 103,680 images of objects mounted
on a robot arm, with seven factors: object color, size,
shape, camera height, background color, azimuth, and robot
arm altitude; it is considered one of the most challenging
factorized benchmarks due to its photorealistic rendering.
Cars3D [28] contains 16,185 images spanning three fac-
tors: car type, elevation, and azimuth. CelebA [22] contains
over 200,000 face images with 40 binary attribute annota-
tions across a broad range of poses, expressions, and light-
ing conditions; as a real-world dataset with correlated and
partially observed factors, it represents a realistic and chal-
lenging setting. All datasets use resolution 64 � 64 RGB
images.

Disentanglement Metrics. We evaluate disentanglement
using three complementary metrics: DCI-D, DCI-C [9],
and MIG [3]. Following [9], we train a predictor for each
factor using the learned representations and collect the re-
sulting feature-importance weights into a factor-dimension
importance matrix R 2 Rd�K , where d is the latent dimen-
sionality and K is the number of ground-truth factors.

DCI-D measures whether each latent dimension is spe-
cialized to at most one factor. For each latent dimension
j, we normalize the j-th row of R into a probability dis-
tribution R̂jk = R jk =

P
k 0 Rjk 0 and compute its entropy

H( R̂j� ) in base K, so that H(̂Rj� ) 2 [0; 1]. The overall
score is:

DCI-D = 1 �
dX

j=1

P
k RjkP

j;k Rjk
H

�
R̂j�

�
; (14)

where lower entropy indicates that a latent dimension is as-
sociated with fewer factors.

DCI-C measures whether each ground-truth factor is
captured compactly by a small number of latent dimensions.
For each factor k, we normalize the k-th column of R into a
probability distributionR̂jk = R jk =

P
j 0 Rj 0k and compute

its entropy H(R̂�k ) in base d, so that H(̂R�k ) 2 [0; 1]:

DCI-C = 1 �
1
K

KX

k=1

H
�

R̂�k

�
: (15)

A high DCI-D score indicates that each latent unit is factor-
speci�c, whereas a high DCI-C score indicates that each
factor is concentrated in only a few latent units.

Mutual Information Gap (MIG) [3] measures disen-
tanglement by comparing the top two latent dimensions in
terms of mutual information with each ground-truth factor.
For factor k, let I(z(j) ; vk ) denote the mutual information
between the j-th latent unit and factor vk , and let z(j 1 ) and
z(j 2 ) be the top two dimensions ranked by this quantity. The
MIG score is

MIG =
1
K

KX

k=1

1
H(v k )

�
h
I(z (j 1 ) ; vk ) � I(z (j 2 ) ; vk )

i
;

(16)

where H(vk ) normalizes by the entropy of the factor. A
high MIG score indicates that one latent dimension cap-
tures substantially more information about a factor than the
second-best dimension.

Together, DCI-D, DCI-C, and MIG provide comple-
mentary views of representation quality: DCI-D evaluates
whether each latent unit is factor-speci�c, DCI-C evalu-
ates whether each factor is compactly represented, and MIG
evaluates the gap between the most and second-most infor-
mative latent units for each factor.

Baseline Methods. We compare against a suite of rep-
resentative disentanglement methods: �-VAE [15], �-
TCVAE [3], FactorVAE [17], DAVA [11], Hausdorff Fac-
torized Support (HFS) [29], and �-TCVAE [27]. These
baselines operate on a single �at latent space and apply a
global independence criterion across all latent dimensions,
without any hierarchical organization of factors by semantic
scale. We additionally include methods that operate on hier-
archical latent spaces to isolate the contribution of our reg-
ularization from the bene�ts of the hierarchical architecture
or latent space alone, including NVAE [32] and VLAE [34].



Table 1. Disentanglement comparison on all latent units. We compare �at and hierarchical baselines using DCI-D, DCI-C, and MIG.
For hierarchical latents, we gather all level groups and evaluate all latent units. Higher values indicate better performance. We evaluate
with �ve random seeds and report the standard deviation. Best results for each metric are bold, second-best underlined.

Method
3DShapes MPI3D-Real Cars3D

DCI-D" DCI-C" MIG" DCI-D" DCI-C" MIG" DCI-D" DCI-C" MIG"

Flat Latent

�-VAE 0.58 � 0.11 0.50 � 0.06 0.28 � 0.06 0.26 � 0.02 0.28 � 0.04 0.16 � 0.01 0.16 � 0.01 0.08 � 0.01 0.03 � 0.02
�-VAE+HFS 0.71 � 0.03 0.62 � 0.02 0.36 � 0.02 0.22 � 0.02 0.33 � 0.04 0.18 � 0.05 0.19 � 0.02 0.17 � 0.02 0.04 � 0.02
�-TCVAE 0.69 � 0.02 0.59 � 0.03 0.35 � 0.03 0.10 � 0.01 0.18 � 0.01 0.06 � 0.01 0.19 � 0.02 0.17 � 0.01 0.07 � 0.02
FactorVAE 0.73 � 0.05 0.63 � 0.03 0.29 � 0.08 0.27 � 0.02 0.30 � 0.05 0.13 � 0.06 0.10 � 0.02 0.10 � 0.02 0.03 � 0.01
DAVA 0.77 � 0.02 0.74 � 0.03 0.53 � 0.03 0.12 � 0.02 0.16 � 0.02 0.18 � 0.02 0.33 � 0.02 0.28 � 0.02 0.13 � 0.05
�-TCVAE 0.72 � 0.09 0.62 � 0.03 0.37 � 0.03 0.38 � 0.03 0.37 � 0.02 0.24 � 0.03 0.25 � 0.03 0.20 � 0.03 0.08 � 0.03

Hierarchical Latent

NVAE 0.10 � 0.04 0.07 � 0.04 0.02 � 0.02 0.10 � 0.02 0.03 � 0.01 0.02 � 0.01 0.11 � 0.03 0.06 � 0.02 0.02 � 0.01
VLAE 0.86 � 0.02 0.72 � 0.02 0.40 � 0.03 0.14 � 0.02 0.16 � 0.02 0.16 � 0.02 0.17 � 0.03 0.09 � 0.02 0.05 � 0.01
Ours 0.92 � 0.02 0.80 � 0.01 0.56 � 0.02 0.40 � 0.01 0.42 � 0.03 0.20 � 0.01 0.41 � 0.02 0.30 � 0.01 0.11 � 0.02

3.2. Quantitative Results

Latent Unit Disentanglement. We follow the evaluation
protocol [27] and measure global disentanglement over all
latent units. For a fair comparison, we follow the baseline
methods by using 10 latent units in total, allocated across
the hierarchy in a top-down con�guration of [4,2,2,2]. To
ensure that the performance gain is not simply due to in-
creased model capacity, we also control the total number
of parameters. The baseline models contain approximately
0:8M–1:2M parameters, while our model has 1:2M parame-
ters. As shown in Tab. 1, our method achieves the strongest
DCI-D and DCI-C performance across three datasets, while
remaining competitive on MIG.

A further observation is that not all hierarchical la-
tent models are equally suitable for disentanglement.
NVAE [32] performs poorly across all datasets, suggesting
that NVAE's probabilistic top-down conditional hierarchy is
a less suitable inductive bias for learning disentangled rep-
resentations. In models such as NVAE, lower-level latents
are conditionally generated from higher-level latents and are
optimized to improve likelihood and reconstruction. This
design encourages different latent levels to cooperate in ex-
plaining the image, but it does not require them to capture
independent semantic factors or distinct levels of abstrac-
tion. As a result, information can be redundantly distributed
across levels, and the hierarchy may represent conditional
residual details rather than an interpretable factor structure.

In contrast, structure-wise hierarchical models such as
VLAE [34] and our method can provide a useful inductive
bias for disentanglement by explicitly organizing the repre-
sentation into separate latent groups associated with differ-
ent levels of variation. However, the gap between VLAE
and our method indicates that architectural hierarchy alone

remains insuf�cient. This is consistent with the qualitative
observation in Fig. 1, where the unregularized hierarchy
already shows a coarse-to-�ne factor strati�cation but ex-
hibits both within-level entanglement and cross-level redun-
dancy that the architecture alone cannot resolve. Our intra-
level and inter-level constraints further encourage each level
to learn factorized information while reducing redundancy
across levels. Therefore, the results support our �rst ex-
perimental goal Q1: a structure-wise hierarchical represen-
tation, when combined with suitable disentanglement reg-
ularization, provides an effective framework that improves
over hierarchical baselines and achieves strong performance
relative to �at disentanglement methods.

3.3. Qualitative Analysis

To examine how the proposed regularizers shape the organi-
zation of the latent hierarchy, we visualize unit-wise latent
traversals under progressively adding training objectives on
the 3DShapes [1] dataset, which comprises six ground-truth
factors: object shape, object color, �oor color, wall color,
object scale, and azimuth. Fig. 1 visualizes per-dimension
traversals of every latent unit z`j in a three-level ` = 3 hi-
erarchy Z̀ , where each latent level contains j = 3 units.
We visualize four training regimes: the base ELBO without
either regularizer, with the intra-level penalty Lintra only,
with the inter-level penalty Linter alone, and with the full
objective combining Linter and Lintra from left to right.
Each row sweeps a single unit across seven values while
holding all others �xed. A well-organized hierarchical dis-
entangled representation should exhibit factor-speci�c vari-
ation within each row while avoiding redundant encoding
of the same factor across multiple levels.

Without either penalty, the architectural hierarchy alone
induces a partial level-wise organization of factors: the up-



Figure 1. Latent traversals of each unit z̀j across all three hierarchical levels. Comparing the base ELBO, with Lintra only, with
L inter only, and with the full objective Linter + L intra . The traversals suggest progressively cleaner disentanglement both across levels and
within each level. Each row shows the effect of traversing a single latent unit over seven evenly spaced values from -3 to 3, while keeping
all other latent units �xed. We also report MIG and DCI-D results for comparison.

per level Z3, whose latent units are decoded through the
deepest top-down pathway, predominantly captures �ve se-
mantic factors. The middle level Z2 responds to factors
such as wall color, object color, and azimuth, while the low-
est level Z1 encodes some variations in wall and �oor color.
Despite this partial level-wise organization, the unregular-
ized model still exhibits two co-occurring failure modes.
First, there is substantial within-level entanglement: a sin-
gle unit can jointly control multiple factors, as z31 simulta-
neously modulates object color, shape, scale, and wall color
rather than isolating fewer factors. Second, the same factor
can be redundantly represented across levels: wall color is
modulated by z31, z22, and z11, indicating that architectural
hierarchy alone does not prevent repeated use of the same
information throughout the latent space.

Adding Lintra appears to improve unit-level specializa-
tion primarily. Compared with the base model, the traver-
sals become more concentrated within each row, and the
highly mixed variations in the upper level are reduced.
For example, the broad multi-factor changes previously ex-
pressed by z31 and z32 become noticeably simpler after
applying the intra-level constraint, reducing the number of
correlated factors from four to two. Additionally, although
L intra is de�ned within each latent group, its effect is not re-
stricted to local row-wise cleanup. Comparing the base and
the Lintra -only model, we also observe a different allocation
of active factors across levels. For example, object color
variation expressed by z23 is no longer carried by the same
middle-level group. This suggests that because all groups
are optimized jointly, enforcing within-level independence
can indirectly reshape the distribution of information across

the hierarchy.
Conversely, Linter appears to reduce cross-level redun-

dancy. Relative to the unregularized model, factors such as
wall and �oor color become more concentrated at the higher
level Z3, rather than being expressed repeatedly across all
three levels. This suggests that the inter-level constraint en-
courages different latent groups to carry more complemen-
tary information. However, because it does not directly reg-
ularize the dimensions inside each group, active units can
remain entangled; for instance, the traversals of z32 and z33

continue to mix multiple semantic factors.
The full objective combines these complementary ef-

fects. Compared with either regularizer alone, it yields a
visually better-organized latent hierarchy, with more factor-
speci�c traversals overall, less factor mixing within individ-
ual units, and less redundant reuse of factors across levels.
Although some residual factor mixing remains, the com-
parison suggests that there is potential for combining struc-
tural hierarchy with targeted regularization to improve hi-
erarchical disentanglement. This qualitative evidence sup-
ports our second experimental question in Q2: under hi-
erarchical modeling, the two regularizers play distinct yet
complementary roles in improving disentanglement.

Layer-Wise Semantic Isolation Traversal. A practical
bene�t of the hierarchy is that it separates editable factors
across semantic scales. Higher levels capture coarser at-
tributes, while lower levels model increasingly �ne residual
variations after the higher-level semantics are �xed. Con-
sequently, traversing a unit at a �ner level should produce
a more selective edit with less disturbance to coarser at-



Figure 2. Scale-aware attribute editing on CelebA via traver-
sals. Each row sweeps a single latent unit across nine values with
all other units �xed. Rows A1, A2, and A3 show traversals from
�-TCVAE [27]; rows B1, B2, and B3 show traversals from our
method with the same source input images. (A1, B1) A unit reg-
ulates facial width. (A2, B2) A unit controls smiling. (A3, B3) A
unit controls illumination and ambient tone.

tributes. Fig. 2 illustrates this behavior on CelebA by com-
paring latent traversals of �-TCVAE [27] and our four-level
hierarchical model from the same source images.

The �rst comparison (A1 vs. B1) targets face width,
which is represented at the second top level of our hierarchy.
Although this traversal still shows some coupling between
face width and smiling, our model better preserves the sub-
ject identity, whereas the closest-matching �-TCVAE unit
introduces greater unintended changes, including a shift in
gender. The second comparison (A2 vs. B2) targets smil-
ing, represented at the third top level. At this �ner level,
our traversal becomes more attribute-speci�c: it changes the
smile while largely preserving facial identity and other sur-
rounding attributes, whereas �-TCVAE still entangles the
edit with broader facial changes. Taken together, these two
examples suggest a useful role for the hierarchy: although
smiling remains partially mixed with face width at a coarser
level, a separate unit at a �ner level captures expression
more selectively, changing the smile while preserving fa-
cial identity and face geometry. The �nal comparison (A3
vs. B3) targets illumination and ambient tone, which are as-
signed to the bottom level. This �nest-level traversal ap-
pears more selective in our model, modifying lighting and
color cast while leaving higher-level attributes such as iden-
tity, expression, gaze, and hairstyle intact.

Together, these traversals offer preliminary support for
Q3. Beyond encouraging statistical independence among
latent coordinates, allocating variations of different seman-

Table 2. Ablation on hierarchy depth and latent allocation on
3DShapes. All settings keep the total latent dimensionality �xed
at 10 and use the same model capacity.

Layers Allocation
MIG " DCI-D " DCI-C "

VLAE Ours VLAE Ours VLAE Ours

2
(4; 6) 0.24 0.20 0.43 0.56 0.42 0.57
(5; 5) 0.19 0.20 0.44 0.50 0.41 0.46
(6; 4) 0.10 0.36 0.40 0.80 0.34 0.70

3
(2; 4; 4) 0.20 0.41 0.65 0.84 0.57 0.74
(3; 3; 4) 0.30 0.50 0.78 0.86 0.64 0.72
(4; 4; 2) 0.24 0.36 0.50 0.78 0.45 0.66

4
(4; 3; 2; 1) 0.29 0.33 0.84 0.87 0.70 0.72
(4; 2; 2; 2) 0.38 0.56 0.86 0.92 0.72 0.80
(3; 3; 2; 2) 0.27 0.44 0.80 0.88 0.71 0.75

tic scales to different levels of the hierarchy may help iso-
late individual factors. This suggests a hierarchical structure
as one possible route toward more selective editing on real-
world images, where purely �at latent factorization may still
leave semantically distinct attributes entangled.

3.4. Ablation Study

Hierarchical Latent Allocation. We �rst examine how
a �xed latent budget might be distributed across hierarchy
levels. Keeping the total latent dimensionality and model
capacity �xed, we vary the per-level allocation, denoted
from the top to the bottom level, and report the mean over
�ve seeds for the plain VLAE [34] and our full model in
Tab. 2. In our experiments, allocation appears to matter
even at �xed depth and capacity: neither a uniform nor a
strictly tapering split is consistently optimal, suggesting that
hierarchical structure alone may not be suf�cient and that
the way capacity is partitioned across levels can in�uence
the learned factorization. The performance of both models
varies with this choice, and each tends to perform best under
particular allocations. For a given allocation, our method
generally matches or improves upon VLAE, with the larger
differences appearing where the baseline is weakest.

Effect of Hierarchy Depth. We next vary the number of
levels while keeping the latent budget and capacity con-
stant. When we compare the best allocation found at each
depth, disentanglement increases with depth for both mod-
els across all three metrics, indicating that additional levels
can support a more expressive factorization of the genera-
tive factors. However, when considering all con�gurations,
a deeper but poorly partitioned hierarchy can underperform
a shallower, well-allocated one. Overall, these ablations are
consistent with the view that depth and per-level allocation
jointly in�uence disentanglement, and that our objective re-
mains effective across the evaluated con�gurations.
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