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Abstract. We show that our Meta Quest 3/3S application provides an immersive
environment for the exploration of 3D manifolds generated from deep learning
embeddings. Built with Unreal Engine 5.5.4, our tool enables the evaluation and
sorting of biomedical specimens classifications by projecting high-dimensional
semantic features into a navigable 3D space. Within the virtual environment,
users can validate automated results by interactively categorizing images into
defined spatial clusters, with the ability to export refined datasets via CSV. This
systematic workflow improves quality control for large-scale imaging, offering
researchers an intuitive interface to rapidly sort complex biological datasets.

1. Introduction

Modern automated systems require Human-in-the-loop (HITL) integration to
enhance performance and transparency [Barboza et al. 2025, Wu et al. 2022,
van der Stappen and Funk 2021]. However, traditional 2D interfaces limit the in-
tegration of human intuition in complex computer vision tasks. ASCRIBE-VR
(Autonomous Solutions for Computational Research with Immersive Browsing &
Exploration in Virtual Reality) addresses this by providing a 3D immersive environment
built with Unreal Engine 5.5.4 for the Meta Quest 3/3S. Expanding from its original
mesh analysis tools (Fig. 1), this paper explains how the platform now enables the
evaluation of biomedical specimens classifications through deep learning embeddings.
By projecting high-dimensional semantic features into navigable 3D manifolds, users
can validate automated results by manually sorting images into spatial clusters. This
systematic workflow provides a high-throughput solution for quality control and CSV-
based data refinement, significantly accelerating the validation of large-scale biological
datasets [Ushizima et al. 2025].

2. Materials & Methods

The new HITL interface was developed using Unreal Engine’s Blueprints Visual Script-
ing and tested on Meta Quest 3/3S. We utilized the Real Time Import/Export Plugin to
engineer menu for runtime CSV and image loading, including other classes as it follows:
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Figure 1. Our application, ASCRIBE-VR, and its 3D visualization tools for speci-
men exploration: (a) ruler, (b) 3D slicer, (c) textures, (d) sample sections.

Image Actor: A specialized Blueprint class that displays images and metadata (Fig. 2).
It includes a grab component and a widget component that toggles metadata visibility
during interaction. Images use the Find Look at Rotation function to face the
user automatically. Image Manager: An invisible actor that parses CSV files (contain-
ing filenames, 3D positions, and classifications) and spawns actors accordingly. Cluster
Area: A 3D collision box that reclassifies any image actor entering its volume via On
Component Begin Overlap events. When an image exits, its classification reverts
to the original source value.

¢—Static Mesh

Grab
—— Component
Location

Widget
Component
Elements

Figure 2. Image actor Blueprint showing the static mesh and metadata widget.

3. Data Processing Pipeline

To facilitate immersive exploration, raw images are transformed into a structured format
containing semantic embeddings as spatial coordinates. This pipeline consists of feature
extraction, dimensionality reduction via manifold learning, and density-based clustering.

3.1. Feature Extraction and Model Modularity

In the HITL app within ASCRIBE-VR, we used a deep convolutional neural network
(CNN) to extract high-dimensional semantic features rather than to segment scientific
images [Alegro et al. 2017, Ramalho et al. 2015, Ushizima et al. 2020], although such
methods are used in creating polygonal meshes as shown in Fig. 1. The image embed-
ding pipeline is implemented using PyTorch Lightning [Paszke et al. 2019], providing a
modular framework that allows researchers to easily swap the feature extraction backbone
based on the complexity of the dataset. Using torchvision.models, we can instan-
tiate various architectures with specialized weights, such as resnet 18 [He et al. 2016]
for efficiency or resnet 50 for higher feature resolution, as in the example below:



backbone = resnet50 (weights=ResNet50_Weights.DEFAULT)
feature_extractor = torch.nn.Sequential (xlist (backbone.children()) [:-1])

By removing the final classification layer (fully connected layer), we treat the
network as a fixed feature extractor. Images are resized to 224 x 224 pixels and passed
through the backbone, resulting in a feature vector f € R? where d = 512 for ResNet-18
or d = 2048 for ResNet-50.

3.2. Manifold Projection: Why UMAP?

To map these high-dimensional embeddings into the 3D navigable space of the
virtual environment, we apply Uniform Manifold Approximation and Projection
(UMAP) [Mclnnes et al. 2018]. While linear methods like Principal Component Anal-
ysis (PCA) are computationally faster, they rely on linear correlations and often fail to
capture the complex, non-linear structures present in high-dimensional image manifolds.
PCA tends to prioritize global variance, which can cause distinct clusters of similar im-
ages to overlap in 3D space. In contrast, UMAP excels at preserving both local and global
topological structures. This ensures that visually similar images (e.g., specific biological
traits, morphology) remain proximal in the virtual environment, which is critical for the
“smart sorting” and quality control tasks within ASCRIBE-VR. The algorithm is config-
ured to project the embeddings into three components (n = 3).

3.3. Automated Clustering and Coordinate Rescaling

Initial classifications are generated using DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) [Ester et al. 1996]. Unlike k-means, DBSCAN does not require
a pre-defined number of clusters, allowing it to adapt to the natural distribution of the
embeddings. It also identifies outliers as “noise” (label —1), which helps researchers
isolate low-quality or anomalous data samples during the VR review process. The result-
ing coordinates are rescaled from UMAP space to the VR coordinate system via linear
transformation. For a coordinate p, the rescaled position v is calculated as:

(p - Pmin) : (Vmax - Vmin)
Pmax - Pmin

where [Vijin, Vinax| are boundaries defined for the Unreal Engine scene. The final output is
a CSV file used by ASCRIBE-VR to spawn actors at semantically relevant 3D positions.

U= Vmin + (1)

Table 1. Parameters for Feature Extraction, Projection, and Clustering

Stage Parameter Value
Feature Extraction Backbone Model ResNet-18
Feature Dimensions 512

UMAP Projection Neighbors (n) 15
Minimum Distance 0.1
Components 3

DBSCAN Clustering Epsilon (¢) 0.65
Min. Samples 5

VR Bounds (cm) X Range [—459, 1405]
Y Range [—950, 815]

[

Z Range 70, 180]
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Figure 3. ASCRIBE-VR-HITL and respective 2D projection of embeddings mani-
fold. Credits: Images from CRIC database [Rezende et al. 2021].

4. Results

Figure 3 projects in 2D what will be visualized in VR, here the 3D manifold comes from
cervical cells embeddings. After UMAP-reduction, each image gets a 3D coordinate,
which is input to the ASCRIBE-VR HITL tool.

Researchers use the GUI (Fig. 4a-d) to load these embeddings and verify the se-
mantic consistency of automated clinical clusters (Sec. 3.2-3.3). By deploying “Cluster
Areas” (Fig. 4e-g), users rapidly correct Al misclassifications by physically re-assigning
diagnostic labels to outlier specimens. This immersive approach facilitates the validation
of complex biological datasets, exporting results via CSV for permanent record-keeping.

Fig. 5 illustrates the system performance, measuring how load times scale given
image specimen count. To avoid hardware-specific “Texture Streaming Pool” errors at
high resolutions, images were downsampled, enabling imports of up to 300 specimens.
However, rendering overhead in the Meta Quest environment limits fluent interaction to
approximately 250 active actors before lag-induced cybersickness occurs, establishing a
practical threshold for immersive clinical review.

5. Discussion & Conclusion

This interface provides a robust framework for high-throughput image validation in bi-
ological research. By utilizing 3D proximity and spatial interaction, researchers can
efficiently detect errors in automated segmentations that might be missed in 2D views.
ASCRIBE-VR transforms data validation from a tedious labeling task into an intuitive
spatial sorting workflow. Additional efforts have also enabled a Godot-based implemen-
tation with complementary utilities, called ASCRIBE-XR [Pandolfi et al. 2026]. Future
iterations will focus on TIFF support and multi-image selection tools to further streamline
clinical data quality control.
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Figure 4. The HITL engineered pipeline to (a-b) import new data, (c) view re-
sults from CNN/DBSCAN/UMAP clustering, (d) image metadata drops down
upon grabbing, (e-g) HITL tools for data curation and class adjustments.
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Figure 5. Average time taken to import images based on count and resolution.
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