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Abstract. Latent generative models have emerged as a promising frame-
work for high-fidelity 3D brain MRI generation. However, we identify
that the high anatomical similarity across subjects causes the encoder to
under-utilize the allocated latent capacity. It tends to produce redundant
latent representations that reduce the effectiveness of downstream gen-
erative training. To address this, we propose DeCo-VAE (Decorrelation
VAE), a VAE that improves latent space efficiency by a channel-wise
decorrelation approach. Specifically, we introduce two novel regulariza-
tion losses—a scale-invariant decorrelation loss and a variance-anchored
decorrelation loss—to encourage the encoder to distribute information
more uniformly across channels. Our analysis suggests that the proposed
method reduces channel redundancy and improves latent space utiliza-
tion. Experimental results show that our approach consistently improves
both reconstruction fidelity and final 3D brain MRI generation quality,
outperforming the state-of-the-art MAISI baseline. Code is available at
https://github.com/Stomper10/decovae.

Keywords: Brain Imaging - Generative Models - Flow Matching - Rep-
resentation Learning - Latent Space.

1 Introduction

The shortage of large-scale datasets remains a bottleneck in 3D brain magnetic
resonance imaging (MRI) research, where data acquisition is costly and subject
to stringent privacy regulations. Generative models have emerged as a compelling
solution by synthesizing realistic 3D brain MRI volumes [1,2, 10,14, 17,18, 22,
26, 34,41,43-45,48-50]. Among these, latent generative models [6,7,12,27, 36]
have demonstrated exceptional performance, combining high-fidelity generation
with practical computational efficiency. Notably, MAIST [18, 48] extended the
latent generative model framework to 3D medical volumes. It compressed high-
dimensional CT and MRI scans into a compact latent space using a variational
autoencoder (VAE) [25] before training a diffusion or flow matching model [9,
21,23, 28, 30, 33, 39]. This latent compression reduces computational costs while
enabling high-resolution volumetric generation.

* These authors contributed equally to this work.



2 W. Jang et al.

While this latent compression offers clear computational advantages, it intro-
duces a fundamental trade-off: compressing the data into a significantly smaller
latent space risks losing critical fine-grained details. This risk is especially crit-
ical in 3D medical imaging, where voxel-level preservation of subtle structures
such as cortical boundaries is essential. Presumably for this reason, representa-
tive existing work like MAISI [18, 48] chose to conservatively compress the latent
dimensionality (e.g., reducing the spatial dimensions by 4 rather than 8) than
as in natural image domain [6,7, 12,27, 36], prioritizing structural fidelity over
compression efficiency. However, 3D brain MRIs are inherently similar across
subjects, and this conservative strategy inadvertently allocates an excessively
large latent space. We therefore hypothesize that a conservative compression
rate, overlooking this inherent similarity, yields a latent space far larger than
the intrinsic data complexity requires. Consequently, the encoder does not dis-
tribute information evenly across channels—it produces redundant latent rep-
resentations instead of utilizing the full capacity. This under-utilization makes
subject representations less distinguishable and makes it harder for the latent
generative model to learn the target distribution.

To verify our hypothesis, we analyze the state-of-the-art MAISI-VAE [18, 48]
latent space, revealing room for improvement. We evaluate it using a variety of
quantitative metrics, most notably the effective rank [38], which quantifies the
number of statistically independent dimensions actively used by the encoder.
Our findings show that the encoder does not fully utilize its allocated capac-
ity. Instead, the latent channels exhibit notable correlation. This indicates that
the available latent space operates less independently than optimally possible,
suggesting room for improvement through better latent utilization.

To address this inefficiency, we propose DeCo-VAE (Decorrelation VAE),
a VAE that improves latent space utilization by encouraging a more uniform
distribution of information across channels. We achieve this by introducing two
novel regularization losses. First, we propose a scale-invariant decorrelation
loss (Lsip). It directly penalizes the normalized cross-correlation between chan-
nels (the Pearson correlation matrix). It provides a scale-invariant metric that
purely measures linear dependence, regardless of channel magnitudes. Second, we
propose a variance-anchored decorrelation loss (Lyap). This formulation
combines a covariance loss to suppress inter-channel correlations (by penalizing
off-diagonal entries) with a channel-wise variance loss. The variance loss explic-
itly maintains the variance of each channel to prevent scale collapse.

Experimental results demonstrate that both proposed regularization losses
reduce redundancy, improve effective latent utilization, and enhance downstream
3D brain MRI generation quality. Compared to the MAISI [18, 48] baseline, our
methods show consistent improvements. Specifically, Lgip yields stronger recon-
struction fidelity, while Lyap achieves superior downstream generative model
performance. These findings support our hypothesis regarding latent under-
utilization. They also suggest that our decorrelation framework is an effective
remedy for improving 3D medical latent generative model performance.
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2 Related Work

Generative Models for Medical Imaging. Generative modeling for brain
MRI has evolved from adversarial frameworks to diffusion and flow matching-
based approaches. Early works primarily relied on GANSs [1, 15, 22,26, 41,44, 45,
50] to synthesize 3D volumes, focusing on structural consistency and realistic
texture modeling. However, these approaches often suffer from training instabil-
ity and limited diversity.

Diffusion-based methods [9,21, 23,30, 33,39] have since become the domi-
nant paradigm, demonstrating strong performance in modeling complex anatom-
ical structures (2,10, 14,17, 18,24, 34,43, 48, 49]. This trend is further advanced
by latent generative models [6,7,12,27, 36], including flow matching-based ap-
proaches [2, 34, 43,49], which reduce computational cost while preserving high-
fidelity details. Recent frameworks such as MAISI [18, 48] enable large-scale and
versatile synthesis for clinical applications.

Latent Generative Models. Latent generative models [6,7,12,27,36] per-
form diffusion or flow matching in a compressed latent space, enabling efficient
high-resolution synthesis. This paradigm builds on the VAE [25], which models
continuous latent distributions. Extensions such as VQ-VAE [31] and VQ-VAE-
2 [35] introduce discrete and hierarchical representations to better capture com-
plex structures. Modern approaches typically employ KL-regularized VAEs and
incorporate perceptual and adversarial objectives from VQ-GAN [11] to improve
reconstruction fidelity.

Latent Space Regularization. To ensure informative and non-degenerate la-
tent representations, various regularization strategies have been explored. Early
self-supervised methods [5,16,19,42| relied on contrastive learning [8], which
enforces instance discrimination but requires large batch sizes and carefully de-
signed negative samples. To address these limitations, Barlow Twins [46] in-
troduced a non-contrastive objective that encourages the cross-correlation ma-
trix of latent features to approach the identity, reducing redundancy. However,
decorrelation alone may lead to variance collapse. VICReg [4] resolves this by
introducing an explicit variance constraint alongside covariance regularization.

3 Preliminary

We first review recent latent generative models underlying our proposed method.

3.1 3D Variational Autoencoder

We begin by formulating the standard 3D convolutional VAE used for latent
space compression in medical latent generative models. The VAE framework
consists of an encoder Enc, and a decoder Decy. It takes each high-resolution
volume z(™ € RIXPXHXW aq input from a dataset X = {x(™IN_ | of N 3D
volumes. Here, D, H, and W denote the spatial depth, height, and width.
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Fig. 1: Overview of our latent space decorrelation. (a) Conceptual illustra-
tion how the proposed optimization forces (Lcov, Lsrp and Ly 4p) reshape a
skewed initial distribution into an independent target distribution. (b) Empirical
2D t-SNE visualizations demonstrating that our DeCo-VAE (middle and right)
resolves the two tightly concentrated clusters observed in the baseline (left).

The encoder Enc, spatially compresses the high-dimensional input into a
compact latent representation. It maps the input z to a low-dimensional latent
space z € RX4xhxw The total dimensionality of this latent space is significantly
smaller than the input space (¢-d-h-w < 1-D-H-W). This spatial downsampling
ratio is defined as the compression factor f, where f = D/d = H/h = W/w.
The encoder parameterizes the approximate posterior distribution g4(z|z) =
N (z; i1, diag(c?)). Using the reparameterization trick, a latent vector is sampled
as z = g+ 0 ©¢, where € ~ N(0, I). Subsequently, the decoder Decy reconstructs
the volume & = Decy(z) from this latent code.

The VAE training objective balances voxel-wise reconstruction fidelity with
latent space regularization. This composite objective is typically formulated as:

LVAE = ERecon + )\AdvﬁAdv + )\Perc‘CPerc + )\KLEKL~ (1)

The term Lgrecon = || — &||1 enforces voxel-wise fidelity. The adversarial loss
Lady [15] is aggregated from a 2D PatchGAN discriminator Discap (operating on
2D slices) and a 3D PatchGAN discriminator Disczp (operating on 3D volumet-
ric patches). The perceptual loss Lpe. utilizes LPIPS [47] to capture feature-level
similarities using a pre-trained network. Finally, the Kullback-Leibler divergence
term Lxi1, = Dk r(qg(z]|2)||[N(0,1)) regularizes the latent distribution toward a
standard normal prior.

To further enhance reconstruction quality, a post-hoc decoder fine-tuning
(DFT) step is frequently employed. After the initial end-to-end VAE training,
the encoder Ency is frozen to preserve the learned latent structure. The decoder
Decy is then fine-tuned with a stronger emphasis on the perceptual loss (Lperc)-
This stage helps the decoder better recover high-frequency anatomical details
while preserving the learned latent structure.
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Table 1: Quantitative comparison of latent channel capacity. DeCo-VAE
(Lsip) reduces cosine similarity while preserving the natural data magnitude.
DeCo-VAE (Lyap) both reduces inter-channel correlation and increases the ef-
fective rank. Arrows indicate the preferred direction.

Model ‘ Cosine Sim. | Effective Rank 1
MAISI-VAE 0.2292 3.22
DeCo-VAE (Lsip) 0.1148 3.37
DeCo-VAE (Lvap) 0.0971 3.97

3.2 Flow Matching Generative Model

After training the VAE, we extract the latent representation and then train a 3D
convolutional U-Net [37] model using conditional flow matching (CFM) [28]. Let
xo ~ po = N(0,I) be standard noise and x; ~ ¢(z) be a latent vector from the
optimized VAE. We define a probability path p; interpolating between zy and
x1 for time ¢t € [0, 1]. The objective is to learn a vector field v;(z) that generates
this path:

Lont = Bugg o [00(@(w0, 21)) — (0, 21)[17] 2)

where ¥y (29,21) = (1 — t)xg + ta; is the linear interpolation and wu;(xg,z1) =
x1 — g is the target velocity.

4 Proposed Method

4.1 Motivation: Underutilized Latent Channels

In 3D medical imaging, voxel-level preservation of fine-grained anatomical struc-
tures such as cortical boundaries is far more critical than in the natural image
domain, leading prior work [18,48] to adopt a more conservative compression
factor f than natural images. However, since 3D brain MRIs share high struc-
tural similarity across subjects, this choice yields a latent space that far exceeds
the intrinsic complexity of the data. Consequently, rather than distributing in-
formation uniformly across all available channels, we discover that the encoder
tends to rely on a small subset of dominant channels. This leaves the remain-
ing capacity unused and results in highly correlated feature representations, as
illustrated by the red-colored initial distribution in Fig. 1a.

To gauge how much the latent channels are utilized, we employ two voxel-
wise metrics. Channel cosine similarity calculates the average absolute cosine
similarity between all pairs of latent channels, measuring information overlap.
Effective rank is computed using the entropy of the normalized singular values
from the channel covariance matrix, quantifying the true dimensionality utilized
by the network. As shown in Table 1, the baseline MAISI-VAE [18, 48] exhibits
an average cosine similarity of 0.2292 and an effective rank of 3.22 relative to the
allocated channel capacity. This indicates that the encoder does not fully utilize
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the space independently, instead encoding overlapping information across multi-
ple channels. As depicted in Fig. 1b (left), 2D t-SNE visualizations of latent code
distribution further reveal that the baseline MAISI-VAE exhibits two dominant
large clusters tightly concentrated in the center of the embedding space. This
suggests that the encoder collapses into a small number of redundant represen-
tations. This redundancy is not merely an inefficiency—when multiple channels
capture overlapping features, the latent representations of different subjects be-
come less distinguishable. This makes it harder for the downstream generative
model to learn the target data distribution, suggesting a framework for explicit
latent space decorrelation.

4.2 Channel-Wise Latent Space Decorrelation

To address the observed inter-channel redundancy and its adverse effect on down-
stream generation, we propose regularization losses. These losses encourage the
encoder to distribute information more uniformly across all ¢ channels, promot-
ing a more effective utilization of the allocated latent capacity.

Scale-Invariant Decorrelation. To explicitly suppress inter-channel redun-
dancy, we first propose a scale-invariant decorrelation loss (Lgip). At a glance,
we might be tempted to simply penalize the raw covariances. However, this al-
lows the network to trivially satisfy the loss by shrinking the variance of weaker
channels toward zero—rather than producing more distinguishable latent rep-
resentations. To prevent this scale collapse, Lgip directly penalizes the Pearson
correlation matrix R. Since R normalizes covariance by the standard deviations
of the channels, it measures pure linear dependence regardless of scale:

1
Lsip = Z R%,. (3)
i#]

Conceptually, as depicted by the Lgp force in Fig. 1a, this loss straightens

the skewed initial channels without artificially inflating their variances. As shown
in Table 1, Lgp halves the average cosine similarity to 0.1148, largely reducing
structural redundancies. Meanwhile, the effective rank remains stable at 3.37,
suggesting that the data’s inherent scale is preserved without directly constrain-
ing channel magnitudes. As observed in Fig. 1b (middle), Lgp pulls apart two
dominant large clusters into several distinct, small clusters and spreads them
further apart, while maintaining the overall scale and footprint of the baseline
distribution. This separation suggests that the latent representations become
naturally more distinguishable from one another.
Variance-Anchored Decorrelation. To suppress inter-channel redundancy,
we additionally propose the variance-anchored decorrelation loss (Lyap). We
first formulate a covariance loss to directly penalize the off-diagonal elements of
the latent covariance matrix X

1
Leov = >z (4)
i#£]
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However, as we noted in the scale-invariant decorrelation loss section, mini-
mizing Lcoy alone risks scale collapse. Inspired by VICReg [4], we address this
by introducing a channel-wise variance loss, Lyar, as a stabilizing counterforce.
It explicitly maintains the variance of each channel to remain above a target
threshold -y, preventing the scale from shrinking to zero:

1 C
=-> -V Zu)2
LvAr c 2 max(0, v ) (5)

Combining these two terms yields the variance-anchored decorrelation loss:

Lyap = Lcov + Lvar. (6)

Conceptually illustrated as navy-colored arrows in Fig. la, this combined
objective enforces strict orthogonalization: Lcoy straightens the axes to ensure
statistical independence, while Lyar anchors the structural scale to a predefined
target. As shown in Table 1, Lyap achieves the lowest cosine similarity of 0.0971,
effectively reducing inter-channel correlations. Furthermore, because all channels
are driven toward the same variance target, the effective rank increases to 3.97,
approaching the maximum possible effective rank for a 4-channel latent space.
This capacity utilization is reflected in Fig. 1b (right). It fragments the two
dense initial clusters into finer, widely dispersed small clusters, achieving a highly
space-filling distribution. This well-separated latent geometry provides a better-
conditioned latent representation for downstream generative modeling.

Overall Objective. The final training objective integrates our proposed decor-
relation loss with the standard VAE loss. By incorporating either Lgip or Lyap
into Eq. 1, we formulate the complete loss function:

L= £VAE + )\DeCo»CDeCOv (7)

where Lpeco € {Lsp, Lvap}, and Apeco controls the relative importance of the
two losses. This combined objective ensures that all ¢ latent channels remain
statistically independent and fully utilized.

5 Experiments

5.1 Experimental Setup

Dataset. We utilize a large-scale dataset of T1-weighted 3D brain MRI volumes
from the UK Biobank [3,40] (Field ID 20252). To ensure a healthy cohort, we
exclude subjects with known structural brain pathologies based on the ICD-10
[32] diagnostic codes. The final curated dataset consists of 25,252 healthy sam-
ples. All volumes are inherently pre-registered to the standard MNI-152 space
[13]. To manage the high dimensionality of the 3D data and optimize computa-
tional efficiency, the original 182 x 218 x 182 volumes are resized to a fixed input
resolution of 128 x 256 x 128.
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Fig.2: Channel-wise absolute cosine similarity matrices of the latent
representations. Both proposed methods suppress high off-diagonal correla-
tions compared to the baseline (left). Notably, DeCo-VAE (Lgrp) (middle) re-
tains meaningful inherent correlations, whereas DeCo-VAE (Ly ap) (right) sub-
stantially reduced inter-channel correlation.

Training Configuration. The VAE maps the input to a latent space of size
4x32x64x32. For training, we use 96> patches with a batch size of 2 per GPU for
100,000 iterations. Apeco is set to 10 for Lgip, and 1 for Lyap. Subsequently, the
CFM model is trained on the latent representations for 100,000 iterations with
a batch size of 4. Finally, we perform decoder fine-tuning for 10,000 iterations to
further enhance the visual fidelity. All experiments are conducted on a computing
cluster comprising 2 nodes with a total of 8 NVIDIA RTX 3090 GPUs. Details
are in our GitHub repository (https://github.com/Stomper10/decovae).

Evaluation Metrics. The VAE reconstruction fidelity is measured by peak
signal-to-noise ratio (PSNR), structural similarity index (SSIM), and LPIPS [47].
Generative performance is evaluated using the reconstructed Fréchet Inception
Distance (rFID) and standard generation FID (gFID) [20]. To accurately cap-
ture domain-specific anatomical features, both rFID and gFID are computed on
2D slices across three anatomical planes using a RadlmageNet [29] pre-trained
feature extractor.

5.2 Latent Channel Analysis

Following the formulation in Section 4.1, our latent channel analysis suggests
that the baseline MAISI-VAE [18, 48] under-utilizes its 4-channel capacity and
suffers from structural redundancy. Fig. 2 (left) visually supports this overlap-
ping information, showing high off-diagonal correlations, such as 0.78 between C2
and C3. Consequently, Fig. 3 shows the representation exhibits skewed variance,
leaving PC4 with a mere 4.5% of the total variance.

Our proposed DeCo-VAE (Lgip) substantially reduces this redundancy by
directly penalizing scale-invariant correlation. Fig. 2 (middle) reveals that while
major overlaps are suppressed, it retains inherent data correlations (e.g., a 0.54
correlation between C2 and C3) rather than forcing a complete orthogonaliza-
tion. Because it does not explicitly enforce a variance target, the resulting vari-
ance distribution preserves the natural data magnitude, leaving PC4 at 5.1%
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Fig. 3: Comparison of the explained variance ratio (%) across the four
principal components. While the baseline exhibits skewed variance across
components, DeCo-VAE (Lgip) preserves the natural variance hierarchy, and
DeCo-VAE (Lvap) achieves a balanced variance distribution.

Table 2: Quantitative evaluation of VAE reconstruction performance.
DeCo-VAE (Lgip) achieves the highest fidelity across all metrics by reducing
structural redundancy while preserving the natural magnitude of the data. rFID
score is computed on 2D slices along three anatomical planes and their average.
Arrows indicate the preferred direction. Bold values indicate the best results
and second-best are underlined.

VAE Model ‘ PSNR 1 SSIM 1 LPIPS | rFID (Avg.) |
MAISI-VAE 32.80 0.971 0.027 6.426
DeCo-VAE (»CSID) 33.77 0.981 0.022 5.822
DeCo-VAE (Lvap) 33.64 0.979 0.023 5.946

as shown in Fig. 3. By encouraging less redundant feature organization while
preserving this relative variance structure more naturally, it provides a more
favorable latent code for the decoder to achieve high-fidelity reconstruction.

Conversely, DeCo-VAE (Lyap) anchors the variance to a predefined target
to increase latent capacity utilization. It achieves substantially reduced inter-
channel correlation as shown in Fig. 2 (right). Furthermore, because all channels
are forced to the same variance target, the variance is now evenly distributed
from PC1 (26.9%) to PC4 (23.4%) as seen in Fig. 3. This balanced variance
distribution leads to a better-utilized latent space, providing a more favorable
target distribution for the downstream generative model to learn.

5.3 Reconstruction and Generation Performance

As predicted by our latent channel analysis, DeCo-VAE (Lg;p) improves empir-
ical VAE reconstruction performance. By reducing structural redundancy while

preserving the data’s natural magnitude, it provides a stable representation for
the decoder. Table 2 shows that it achieves the highest PSNR (33.77) and SSIM
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Table 3: Quantitative evaluation of downstream generative perfor-
mance. DeCo-VAE (Ly 4p) achieves the best gFID scores across all anatomical
planes, demonstrating that its latent space is structurally closer to the assumed
latent prior. gFID scores are computed on 2D slices along three anatomical
planes. All models use 30 inference steps. Arrows indicate the preferred direc-
tion. Bold values indicate the best results and second-best are underlined.

VAE Model ‘ FID (Axial)| FID (Coronal)] FID (Sagittal)] FID (Avg.)]

MAISI-VAE 6.566 7.808 5.424 6.599

DeCo-VAE (Ls1p) 6.102 7.498 4.431 6.010

DeCo-VAE (Lvap) 6.014 7.485 4.413 5.971
DeCo-VAE (ESID) DeCo-VAE (['VAD)

Real

Reconstructed

Fig.4: Qualitative comparison of reconstruction. Real 3D MRI volumes
and VAE reconstructed samples are visually compared. Reconstructed slices
closely match the real anatomical structures across three anatomical planes.

(0.981), alongside the lowest LPIPS (0.022) and rFID (5.822). The qualitative
results in Fig. 4 (left) further support this, showing that the reconstructed slices
closely match the real anatomical structures.

For downstream generation, the latent space of DeCo-VAE (Ly 4p) demon-
strates a distinct advantage. Because Ly 4p forces the latent channels to be less
correlated and more uniformly distributed, the resulting data distribution better
matches the independence and scale assumptions of the prior. This structural
alignment may reduce the difficulty of the mapping task, appearing to facilitate
the generative model in learning the target distribution. Table 3 shows that it
lowers the average gFID from 6.599 to 5.971, achieving consistent improvements
across all anatomical planes (axial, coronal, and sagittal). As shown in Fig. 5,
this quantitative improvement translates directly into enhanced visual fidelity.
First, our DeCo-VAE (Lyap) resolves the structural blurring typically observed
in the baseline. For instance, it recovers the detailed, branching architecture
of the cerebellum in the sagittal plane. Second, our method mitigates vertical
grid-like artifacts that compromise structural integrity. In the coronal plane, for
example, it repairs artificial disconnections within continuous white matter, en-
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Fig.5: Qualitative comparison of generation. DeCo-VAE (Lvap) resolves
the structural blurring in the cerebellum (sagittal) and mitigates the vertical
grid-like artifacts that harm structural continuity (coronal and axial). Both vol-
umes are generated from the same seed.

suring smooth tissue transitions. Similarly, in the axial plane, it prevents these
grid artifacts from cluttering the dark cerebrospinal fluid (CSF) spaces, main-
taining clear boundaries where anatomical separation is required.

These improvements in FID represent a meaningful advance for 3D brain
imaging, where preserving voxel-level quality and fine anatomical boundaries is
essential. While generated images lack ground-truth reference volumes to com-
pute direct voxel-wise metrics, the reconstruction fidelity provides a useful in-
direct indicator of this voxel-level quality. As visually supported in Fig. 4 and
Fig. 5, both the reconstructed and generated outputs from our proposed meth-
ods visually retain sharp, well-defined cortical structures, suggesting that the
generative pipeline preserves fine anatomical structure.

5.4 Ablation Study

Decoder Fine-Tuning. To improve visual fidelity and capture high-frequency
details, we perform VAE decoder fine-tuning (DFT) with a stronger emphasis
on the perceptual loss while freezing the encoder. As shown in Table 4, applying
DFT is not universally effective for all models. For the baseline Lyag, DFT
provides negligible improvements in generation performance (gFID from 6.599
to 6.594). However, our regularized spaces provide a stable and disentangled
foundation that effectively benefits from further enhancement. This behavior is
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Table 4: Ablation study on decoder fine-tuning. To investigate the effect
of decoder fine-tuning (DFT), we compared the performance before and after its
application. While applying DFT improves both reconstruction and generation
performance in all cases, it does not overturn the pre-existing competitive ad-
vantages. FID scores are computed on 2D slices along three anatomical planes.
All models use 30 inference steps. Arrows indicate the preferred direction. Bold
values indicate the best results and second-best are underlined.

Reconstruction Generation (gFID |)
Loss PSNR 1+ SSIM 1+ LPIPS| Avg. rFID | | Axial Coronal Sagittal Avg.
Lvag 32.80 0.971 0.027 6.426 6.566 7.808 5.424 6.599
Lvae + DFT 32.99 0.969 0.025 6.243 6.577 7.850 5.356 6.594
Lsip 33.47 0.980 0.024 6.240 6.380 7.719 4.983 6.361
Lsip + DFT 33.77 0.981 0.022 5.822 6.102 7.498 4.431 6.010
Lvap 33.17 0.978 0.025 6.251 6.270 7.651 4.886 6.269
Lvap + DFT 33.64 0.979 0.023 5.946 6.014 7.485 4.413 5.971

Table 5: Ablation study on covariance and variance regularizer. All meth-
ods share the same MAISI-VAE architecture with different regularizations added
on top of Lyag. An explicit variance constraint is beneficial to improve both re-
constructive and generative capabilities. FID scores are computed on 2D slices
along three anatomical planes. All models use 30 inference steps. Arrows indicate
the preferred direction. Bold values indicate the best results.

Loss Reconstruction Generation (gFID |)
PSNR 1t SSIMt LPIPS| Avg. rFID | | Axial Coronal Sagittal Avg.
Lvar 32.99 0.969 0.025 6.243 6.577 7.850 5.356  6.594
+Lcov 33.77 0.963 0.024 6.015 6.334 7.644 4.789  6.256
+Lcov + Lvar 33.64 0.979 0.023 5.946 6.014 7.485 4.413 5.971

consistent with the view that our proposed regularizers provide a better, more
distinguishable latent distribution not only for the downstream generative model
but also for the decoder itself. When fine-tuned, Lgip+DFT achieves the highest
reconstruction scores, reaching a PSNR of 33.77 and an rFID of 5.822. For the
generative pipeline, Lyap+DFT yields the lowest average gFID of 5.971 in 3D
brain MRI generation.

Necessity of Variance Constraints. We ablate our regularizers by replacing
them with a naive covariance loss (+£Lcov). This approach penalizes off-diagonal
elements of the covariance matrix but lacks an explicit variance constraint (such
as scale-invariant normalization or variance anchoring). This allows the network
to take an optimization shortcut, minimizing the loss by shrinking the variance
of weaker channels toward zero. Due to this dimensional collapse, the perfor-
mance gains are restricted, and structural coherence fails to improve over the
baseline (with SSIM remaining at 0.963 compared to 0.969) as shown in Table 5.
Incorporating the variance loss (+Lcov + Lvar) stabilizes the latent space and
prevents this shortcut. This combination restores the SSIM to 0.979 and achieves
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the lowest rFID (5.946) and gFID (5.971). This demonstrates that while a co-
variance loss provides initial benefits, an explicit variance constraint is beneficial
to improve both reconstructive and generative capabilities.

6 Conclusion

In this paper, we identified latent space under-utilization as a bottleneck in
our setting for 3D medical latent generative models. The inherent structural
similarity of 3D brain MRIs, combined with conservative compression rates,
yields redundant representations that make it harder for downstream generative
models to effectively learn the data distribution.

To address this, we proposed DeCo-VAE, introducing two complementary
channel-wise regularizers. The scale-invariant decorrelation loss (Lgsip) reduces
redundancy while preserving the relative variance structure more naturally, sup-
porting high-fidelity reconstruction. Alternatively, the variance-anchored decor-
relation loss (Lyvap) enforces low correlation and uniform variance, substantially
increasing latent capacity utilization to improve downstream generation quality.

Our experiments support our central hypothesis, demonstrating the distinct
advantages of each loss. By achieving consistent performance gains without ar-
chitectural modifications, we show that latent space utilization is an important,
underexamined aspect of latent generative model performance. We hope DeCo-
VAE highlights the importance of latent space design and serves as a practical
foundation for more expressive and efficient 3D medical image synthesis.

7 Limitation

While our experiments demonstrate the effectiveness of channel-wise latent decor-
relation, a few aspects fall outside the scope of this study. First, our evaluation
relies on a relatively limited set of comparison models, and a broader benchmark
would further contextualize our gains. Second, we center on latent utilization, re-
construction, and generative quality, while assessing the utility of the generated
data on downstream tasks such as segmentation or classification remains a valu-
able next step. Third, we intentionally focus on healthy, T1-weighted brain MRI,
where the anatomical similarity that motivates our method is most pronounced;
extending to other modalities, pathological cohorts, and more heterogeneous
populations is a natural direction for future work.
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