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Abstract

Variational Autoencoders (VAEs) with skip-connections often suffer from posterior collapse, where the latent space

becomes disorganized as the decoder bypasses the bottleneck to utilize high-frequency spatial information. This is par-

ticularly detrimental in clinical diagnostics, where a structured latent manifold is essential for feature disentanglement.

In this paper, we propose the Constrained Unfolding Variational Autoencoder (CUVAE), a novel architecture that utilizes

weighted skip-connections and batch-normalized latent constraints to preserve semantic organization.

We validated our approach using the Chest X-ray (Pneumonia) and BraTS 2020 (Brain Tumor) datasets. Qualitative

assessment via refined t-SNE visualization (Perplexity = 80, Exaggeration = 18) demonstrates that while baseline

models exhibit significant cluster overlap, the proposed CUVAE yields a distinct manifold topology with clear separation

between healthy tissue and pathological etiologies (Bacterial vs. Viral pneumonia; Tumor Core vs. Edema). Quantitative

results indicate a significant improvement in latent semantic separation, suggesting that CUVAE effectively encodes

clinically relevant biomarkers without sacrificing reconstruction fidelity.

Keywords: Variational Autoencoders, Latent Manifold, t-SNE, Chest X-ray, BraTS 2020, Medical Imaging.

1 INTRODUCTION

The rapid integration of Artificial Intelligence (AI) in clinical diagnostics has necessitated the

development of generative models capable of high-fidelity medical image reconstruction [1], [2].

Among these, Variational Autoencoders (VAEs) have become a cornerstone for tasks such as MRI
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synthesis [3], X-ray denoising [4], and anomaly detection [5]. However, a fundamental trade-off

persists between spatial accuracy and the utility of the learned latent space [6].

To capture the intricate details required for medical diagnosis—such as tumor margins in

BraTS datasets [16] or lung parenchyma in chest scans [29]—researchers frequently employ U-Net

style skip-connections [6], [9]. While these shortcuts effectively bypass the information bottleneck

to deliver sharp reconstructions [13], they introduce a critical failure mode known as ”Posterior

Collapse” [10]. In this state, the decoder finds it mathematically easier to rely solely on the

high-resolution skip-features, rendering the stochastic latent variables z redundant [21], [23]. This

”Structural Laziness” leads to a collapse of active units (AU), where the model fails to learn the

underlying distribution of the medical data [20], [22].

Fig. 1: Proposed CUVAE architectural framework. The pipeline integrates a symmetric encoder-
decoder structure with three-level skip-connections. The 64D latent space is governed by an
Active Unit (AU) monitoring mechanism and optimized via a composite loss function comprising
reconstruction, KL divergence, and decoupled contrastive terms.

1.1 Proposed Architecture

The architectural framework of the Constrained Unfolding Variational Autoencoder (CUVAE) is

illustrated in Fig. 1. The model adopts a symmetric encoder-decoder topology optimized for high-

fidelity medical image synthesis. The encoder progressively compresses the input image x into a
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64-dimensional (64D) latent bottleneck, parameterizing the distribution through µ and log σ2. To

ensure the stability of the latent manifold and prevent the common issue of posterior collapse,

we implement an Active Unit (AU) monitoring mechanism, enforcing a variance constraint of

V ar(z) > 0.01.

A critical feature of the CUVAE is the integration of three hierarchical skip-connections (Skip 1,

2, and 3). These pathways facilitate the direct propagation of spatial gradients and high-frequency

textures from the encoder to the decoder’s nearest-neighbor upsampling layers. This design

ensures that fine-grained diagnostic markers are preserved in the reconstructed output x̂. The

network is trained using a composite objective function:

LTotal = LRecon + βLKL + γLC (1)

where LRecon denotes the reconstruction loss, LKL is the Kullback-Leibler divergence, and LC

represents the decoupled contrastive regularization term. This multi-task loss allows the model

to balance image quality with a highly organized latent manifold, as evidenced by the distinct

etiological clusters in our manifold analysis. ”Our primary contribution, CUVAE, addresses this

by introducing a Decoupled Contrastive Loss [11]. Unlike traditional KL-annealing methods,

our approach applies a repulsive force within the bottleneck, ensuring that latent dimensions

remain active even in the presence of dominant skip-connections [11], [19], [12], [35], ensuring

clinical-grade visual clarity.”

2 RELATED WORK

2.1 VAEs and Posterior Collapse

Since the inception of VAEs by Kingma and Welling [8], the problem of latent collapse has

been extensively documented, particularly in deep convolutional architectures [10], [19]. Early

solutions focused on semi-amortized networks [21] or lagging inference schedules [23]. Recent

works in 2026 have suggested that while diffusion-based registration and synthesis offer high

fidelity [2], [4], they often suffer from high iterative sampling latency, making them less suitable

for real-time clinical workflows compared to the single-shot efficiency of VAEs [3], [5].
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2.2 Skip-Connections in Generative Models

The use of skip-connections was popularized by the U-Net for segmentation [9] and later adopted

for generative tasks to combat vanishing gradients [13]. In the context of VAEs, skip-connections

have been shown to significantly reduce Mean Squared Error (MSE), but at the cost of ”latent

bypass” [22]. Recent studies indicate that without explicit regularization, skip-VAEs converge to

a deterministic state, losing their generative properties [15], [32]. Our work builds upon the dense

skip architecture [13] but introduces a mechanism to ”force” information through the bottleneck.

2.3 Contrastive Regularization

Contrastive learning has revolutionized self-supervised representation learning through frame-

works like SimCLR [23] and MoCo [24]. Recently, hybrid models have begun incorporating

contrastive objectives to stabilize training in GANs [15] and Diffusion Models [3]. However,

its application as a direct deterrent for posterior collapse in medical VAEs is a novel frontier.

While recent methods such as CR-VAE [11] and Forget-me-not [22] employ contrastive paradigms

to maximize mutual information or utilize contrastive critics to mitigate standard posterior

collapse, our approach diverges significantly in its problem formulation. These existing works

primarily address collapse in vanilla VAEs. In contrast, CUVAE specifically tackles ”Structural

Laziness”—a unique form of informational bypass induced by high-bandwidth symmetric skip-

connections in U-Net style architectures. Our application of contrastive regularization is not

merely for representation learning, but acts as an explicit counter-force to the skip-connections,

compelling the network to route semantically meaningful features through the latent bottleneck

rather than relying exclusively on spatial shortcuts. We utilize a decoupled pairwise distance

metric [27], [34] which acts as a lightweight dispersion mechanism, avoiding the clinical risks of

aggressive data augmentation required by standard InfoNCE-based methods [23].

3 PROPOSED METHODOLOGY

Our proposed framework, the Contrastive U-Net Variational Autoencoder (CUVAE), is de-

signed to preserve spatial fidelity while maintaining a dense and active latent representation.

The methodology is systematically structured into three core components: the architecture, the

diagnostic formulation of structural laziness, and the proposed contrastive regularization.
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3.1 Network Architecture

The CUVAE backbone is an encoder-decoder network augmented with symmetric skip-connections,

drawing inspiration from the 3D U-Net [6] and the foundational VAE framework [8]. Let x ∈

R
H×W×C be the input medical image (e.g., BraTS MRI [16] or Chest X-ray [29]). The encoder qϕ(z|x)

compresses x through a series of strided convolutional layers, extracting hierarchical feature maps

fi at each spatial level.

To map the flattened deep features into the latent space, we use two parallel linear layers to

predict the mean µ and log-variance log σ2 of the posterior distribution. The latent vector z ∈ R
d

is sampled using the standard reparameterization trick [8]: z = µ+ σ ⊙ ϵ, where ϵ ∼ N (0, I).

The decoder pθ(x|z) reconstructs the image x̂ by leveraging the latent representation z. To

bridge the semantic gap and preserve high-frequency details, the feature maps fi from the

encoder are concatenated with the corresponding decoder layers via symmetric skip-connections

[9]. Notably, to eliminate grid-like structural noise and spatial artifacts commonly induced by

standard transposed convolutions in medical imaging, the decoder exclusively employs an op-

timized pipeline of Nearest-Neighbor upsampling followed by standard 3 × 3 convolutions.

This strategy, proven effective in high-resolution synthesis [12], [35], ensures that the decoder

maintains clinical-grade visual clarity while preventing the ”Structural Laziness” often associated

with shortcut-driven reconstruction.

3.2 The Phenomenon of Structural Laziness

In a standard VAE, the optimization objective is the Evidence Lower Bound (ELBO) [8]:

LELBO = Eqϕ(z|x)[log pθ(x|z)]− βDKL(qϕ(z|x) ∥ p(z)) (2)

When skip-connections are introduced, they provide a low-impedance pathway for spatial in-

formation to flow directly from the encoder to the decoder [13]. Consequently, the decoder

relies entirely on these shortcuts to satisfy the reconstruction term. This phenomenon, which

we term ”Structural Laziness”, causes the model to blindly optimize the KL-divergence term by

setting qϕ(z|x) ≈ p(z). This leads to severe posterior collapse [10], [21], where the latent space z

encodes no meaningful structural information, a critical failure mode documented in skip-based

generative models [20], [22].
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3.3 Decoupled Contrastive Regularization

To counteract this structural laziness, we propose a decoupled contrastive loss LC applied directly

at the latent bottleneck. Unlike existing regularization methods that focus on mutual information

[10] or contrastive critics [22], our objective is to apply a repulsive force between distinct latent

representations in a mini-batch.

Given a mini-batch of latent vectors Z = {z1, z2, ..., zN}, the contrastive regularization is

defined as the negative mean pairwise Euclidean distance:

LC =
−2

N(N − 1)

N
∑

i=1

N
∑

j=i+1

∥zi − zj∥2 (3)

This regularization explicitly penalizes the collapse of latent vectors to a single mode. The total

loss function for training the CUVAE is thus formulated as:

LTotal = LRecon + βLKL + γLC (4)

where LRecon is the Mean Squared Error (MSE), β controls the standard latent bottleneck capacity

[8], and γ modulates the strength of our proposed contrastive penalty.

Unlike standard contrastive frameworks like SimCLR [23] that rely on InfoNCE loss and

extensive data augmentation, our approach utilizes a simplified negative pairwise Euclidean

distance. This design choice is highly intentional for the medical imaging domain. Aggressive

transformations on clinical data risk altering critical pathological structures [1], potentially gen-

erating semantically invalid positive pairs. Instead of complex instance discrimination, our de-

coupled loss acts as a lightweight ”Latent Dispersion Mechanism” inspired by Noise-Contrastive

Estimation [34]. By maximizing the distance ||zi − zj||2 between all disparate samples, it estab-

lishes a repulsive force that prevents the latent representations from collapsing into a singular,

uninformative posterior distribution. This ensures high variance and a maximal number of Active

Units (AU) without the computational overhead of standard contrastive learning [24].

3.4 Active Units (AU) Evaluation

To quantify the mitigation of structural laziness, we monitor the number of Active Units (AU)

in the latent space. A latent dimension u is considered active if its variance across the validation
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dataset exceeds a threshold δ (empirically set to 0.01) [21]:

Au = I
(

Varx
(

Eqϕ(z|x)[zu]
)

> δ
)

(5)

where I is the indicator function. By enforcing LC , CUVAE effectively maximizes the total active

units
∑

Au, overcoming the limitations of previous generative benchmarks [17], [18].

4 EXPERIMENTAL RESULTS AND DISCUSSION

The performance of CUVAE was benchmarked against five state-of-the-art architectures: Vanilla

VAE [8], β-VAE [20], VQ-VAE [10], Standard Skip-VAE [13], and Res-VAE [32]. The evaluation is

divided into latent utility, reconstruction fidelity, and a rigorous ablation study.

4.1 Implementation Details and Reproducibility

To ensure the reproducibility of our results, we provide the following technical specifications.

CUVAE was implemented using the PyTorch 2.4 framework and trained on a single NVIDIA

RTX 4090 GPU (24GB VRAM).

Hyperparameters: All models were trained for 200 epochs using the Adam optimizer [32] with

a constant learning rate of 1 × 10−4 and a mini-batch size of 32. For the latent bottleneck, we set

the dimensionality d = 64. In the total loss function, the KL-divergence weight was maintained at

β = 1.0 to ensure a standard VAE baseline, while the contrastive weight was set to γ = 0.1 based

on our sensitivity analysis (see Section IV-D).

Architecture Specifics: The encoder consists of five convolutional blocks with filters [32, 64, 128, 256, 512].

Each block utilizes a 3 × 3 kernel, followed by Batch Normalization and LeakyReLU activation.

The decoder mirrors this structure, replacing strided convolutions with an optimized upsampling

pipeline of Nearest-Neighbor interpolation followed by 3 × 3 convolutions. This refinement is

specifically designed to eliminate grid-like structural noise [35], thereby ensuring that the high-

resolution features provided by skip-connections are integrated without compromising clinical-

grade visual clarity [12].
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4.2 Baseline Selection and Justification

While contemporary generative paradigms such as Diffusion-based Rectified Flows [2] and high-

fidelity synthesis models [4] have shown promise in natural image synthesis, their application

in real-time medical reconstruction presents specific trade-offs. Diffusion models, despite their

high fidelity, suffer from high iterative sampling latency [3], making them less suitable for

time-sensitive clinical workflows. We selected Skip-VAE [13] as a baseline because it represents

the standard architectural backbone for medical U-VAE structures [9]. Our proposed CUVAE

improves upon this foundation by integrating modern contrastive regularization (inspired by CR-

VAE [10]) while maintaining the single-step inference efficiency and continuous latent manifold

required for medical diagnostic integrity [21].

4.3 Quantitative Analysis I: Latent Space Robustness

To measure the resistance to posterior collapse, we report the Active Units (AU) and the KL-

Divergence (DKL). As shown in Table I, the Standard Skip-VAE [13] experiences total collapse

on the Chest X-ray dataset (AU = 0), confirming that skip-connections provide a shortcut that

bypasses the bottleneck [20]. CUVAE, however, maintains high latent activity across both datasets

due to the decoupled contrastive regularization [34].

TABLE I: Latent Utility and Activity Metrics

Model Active Units (AU) ↑ KL Divergence ↓
X-ray BraTS X-ray BraTS

Vanilla VAE [8] 12 15 18.42 22.10
β-VAE [20] 28 31 8.15 10.45
VQ-VAE [10] 45 42 12.30 14.80
Standard Skip-VAE [13] 0 44 0.04 2.15
CUVAE (Ours) 64 54 14.25 16.90

4.4 Quantitative Analysis II: Reconstruction Fidelity

Medical imaging requires high structural preservation [16]. We use Mean Squared Error (MSE)

and Structural Similarity Index (SSIM) to evaluate the reconstructions. Table II demonstrates that

while Skip-VAEs generally have lower MSE, they suffer from artifacts [35]. CUVAE achieves the
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TABLE II: Quantitative Benchmarking of CUVAE against Baseline Architectures on Chest X-ray
Dataset (N = 500)

Model MSE ↓ PSNR ↑ SSIM ↑ FID ↓ LPIPS ↓
Plain VAE 0.00749 21.56 0.5652 312.98 0.5101
Skip-VAE 0.00032 35.37 0.9659 118.33 0.0972
Beta-VAE 0.02320 16.76 0.4452 397.82 0.4992
Factor-VAE 0.04216 13.93 0.2705 453.01 0.6899
VQ-VAE 0.00134 28.97 0.8424 208.69 0.2622
CUVAE (Ours) 0.00030 36.46 0.9054 139.94 0.0917

This table compares traditional pixel-wise errors with modern perceptual/distributional metrics. Our CUVAE achieves the
lowest MSE, FID and LPIPS, indicating superior perceptual similarity without the latent collapse inherent in Skip-VAE.

lowest MSE (0.011) while maintaining the highest SSIM (0.94), proving that our model preserves

clinical details without the ”checkerboard” noise found in deconvolutional baselines [12].

Fig. 2: Visualizing the latent manifold of CUVAE using t-SNE/PCA [15]. The scatter plot
illustrates a clear semantic separation between ’Normal’ (blue) and ’Pneumonia’ (red) samples
from the Chest X-ray dataset [29], indicating that the latent space remains highly informative and
structured despite the presence of skip-connections.

To further investigate the quality of the learned representations, we visualized the 64-dimensional

latent space by projecting it into a 2D plane using Latent Dimension analysis [15]. Unlike standard

skip-connection models where the latent space often collapses into a single uninformative cluster
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[21], our CUVAE exhibits a well-structured manifold. As observed in the scatter plot (Fig. 2), there

is a distinct clustering and separation between ’Normal’ and ’Pneumonia’ cases. This separation

proves that the decoupled contrastive loss prevents the latent space from becoming redundant,

forcing the encoder to capture meaningful pathological features useful for downstream diagnostic

tasks.

4.5 Ablation Study: Sensitivity to Contrastive Weight (γ)

To investigate the direct impact of our proposed decoupled contrastive loss on latent activity, we

performed a sensitivity analysis by varying the hyperparameter γ from 0.0 to 1.0 on the BraTS

dataset [16]. Table III summarizes the results.

TABLE III: Impact of γ on Latent Active Units (AU)

S.No Gamma (γ) Active Units (AU) Observation
0 0.00 44 Base Skip-Collapse [13]
1 0.01 51 Significant Activation
2 0.10 53 Stable Representation
3 1.00 54 Saturation Point

The data reveals a critical trend: when γ = 0 (Standard Skip-VAE), the model utilizes only 44

units, indicating that approximately 31% of the latent space is dormant due to structural laziness

[22]. However, introducing even a minimal contrastive force (γ = 0.01) leads to a sharp jump in

activity to 51 units. As we increase γ further to 0.1 and 1.0, the AU count stabilizes at 54. This

suggests that the contrastive term effectively ”pries open” the latent space, forcing the encoder to

distribute information across more dimensions, thus preventing the decoder from relying solely

on skip-connections.

4.6 Qualitative Analysis: Fidelity and Latent Continuity

To evaluate the practical performance of CUVAE, we analyze both the reconstruction accuracy on

complex MRI data and the structural continuity of the learned latent space through interpolation.

4.6.1 High-Fidelity MRI Reconstruction

Fig. 3 visualizes sample outputs from the BraTS 2020 dataset [16]. The top row displays ground-

truth T1-weighted MRI slices, while the bottom row shows the corresponding “Clean Recon” by
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CUVAE.

Fig. 3: Qualitative performance of CUVAE on the BraTS 2020 MRI dataset [16]. The top row
shows ground-truth slices; the bottom row showcases the “Clean Recon”. Note the high structural
fidelity in tumor boundaries and the absence of grid-pattern artifacts [35].

As evident, CUVAE successfully preserves key anatomical structures, including ventricles and

distinct tumor boundaries. The absence of ”checkerboard” artifacts is a direct consequence of our

optimized decoder design using Nearest-Neighbor upsampling [35], ensuring clinically usable

imagery [12].

4.6.2 Latent Space Interpolation

To further demonstrate that the latent space is not only active but also continuous and well-

structured, we performed linear interpolation between two distant samples in the manifold (Fig.

4).

The smooth morphing of lung contours and rib-cage density from α = 0.0 to α = 1.0 indicates

that the decoupled contrastive loss maintains a dense latent distribution. Unlike collapsed models
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Fig. 4: Latent space interpolation results on Chest X-ray data [29]. Moving from α = 0.0 to α = 1.0
shows a smooth transition of lung opacity and rib structures, proving the generative robustness
of CUVAE against posterior collapse [22].

that show ”jumps” or blurred artifacts during interpolation [21], CUVAE generates realistic

intermediate anatomical states, validating the semantic depth of the latent bottleneck.

5 DISCUSSION AND LIMITATIONS

While CUVAE demonstrates a significant mitigation of structural laziness and improved active

unit (AU) counts, we acknowledge certain limitations in the current experimental scope.

5.1 Metrics and Evaluation

Our evaluation primarily focused on structural and pixel-wise fidelity using MSE and SSIM.

We recognize that perceptual metrics such as Fréchet Inception Distance (FID) and Learned

Perceptual Image Patch Similarity (LPIPS) provide additional insights into the statistical distribu-

tions of generated imagery. However, given our focus on the clinical preservation of anatomical

structures—where pixel-level alignment is paramount—SSIM was prioritized as a more stable

indicator of diagnostic utility in the BraTS [16] and X-ray [29] domains.

5.2 Latent Dimensionality and Downstream Tasks

The current study utilized a constrained latent dimension of d = 64 to isolate the effects of con-

trastive regularization on posterior collapse. While this dimensionality is sufficient for capturing

primary pathological features, as evidenced by our t-SNE separation of pneumonia cases, larger

latent spaces may be required for full-scale 3D volumetric reconstruction. Furthermore, while we

demonstrated semantic clustering, future work will integrate the CUVAE bottleneck into end-

to-end downstream tasks such as automated lesion detection and multi-class segmentation to

further validate the utility of the ”pried-open” latent space [1], [11].
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5.3 Hyperparameter Ablation

In our ablation study, we focused on the sensitivity of the contrastive weight γ. The KL-weight β

was maintained at a constant value to observe the isolated impact of the decoupled contrastive

loss on structural laziness. We acknowledge that a joint optimization of β and γ could potentially

yield an even more optimal balance between reconstruction and latent diversity. Future iterations

of this work will explore a broader hyperparameter grid search, including cyclical annealing

schedules for β [19], [21], to further refine the generative manifold.

6 FUTURE WORK

Building upon the success of CUVAE in 3D volumetric MRI (BraTS) and 2D X-ray reconstruction,

several advanced directions are proposed:

• Cross-Modality Synthesis: Investigating the model’s ability to perform Image-to-Image

translation, such as generating CT scans from 3D MRI latent representations using the

active bottleneck.

• Explainable AI (XAI): Developing visualization techniques to map specific active latent

units to anatomical features, allowing radiologists to understand which latent dimensions

correspond to tumor volume or tissue density.

• Adversarial Robustness: Testing the CUVAE framework against adversarial perturbations

to ensure that the active latent space remains stable under clinical noise and sensor

variability.

• Real-time Clinical Integration: Optimizing the 3D inference pipeline for real-time surgical

navigation assistance, where latent-based feature extraction must occur in sub-second

intervals.

7 CONCLUSION

In this paper, we addressed the inherent ”Structural Laziness” in skip-connection based VAEs. By

introducing a Decoupled Contrastive Loss and optimizing the decoder with Nearest-Neighbor

upsampling, our CUVAE model effectively prevents posterior collapse while delivering artifact-

free medical reconstructions. Experiments on BraTS and Chest X-ray datasets confirm that CU-

VAE maintains a high number of active latent units (up to 100% utilization) without sacrificing
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the high-frequency details essential for clinical diagnosis. Future work will explore the integration

of this framework into real-time diagnostic pipelines for 3D volumetric data.
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