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Abstract

Light field microscopy (LFM) has become an emerging tool in neuroscience for
large-scale neural imaging in vivo, with XLFM (eXtended Light Field Microscopy)
notable for its single-exposure volumetric imaging, broad field of view, and high
temporal resolution. However, learning-based 3D reconstruction in XLFM remains
underdeveloped due to two core challenges: the absence of standardized datasets
and the lack of methods that can efficiently model its angular–spatial structure
while remaining physically grounded. We address these challenges by introducing
three key contributions. First, we construct the XLFM-Zebrafish benchmark, a
large-scale dataset and evaluation suite for XLFM reconstruction. Second, we pro-
pose Masked View Modeling for Light Fields (MVM-LF), a self-supervised task
that learns angular priors by predicting occluded views, improving data efficiency.
Third, we formulate the Optical Rendering Consistency Loss (ORC Loss), a differ-
entiable rendering constraint that enforces alignment between predicted volumes
and their PSF-based forward projections. On the XLFM-Zebrafish benchmark, our
method improves PSNR by 7.7% over state-of-the-art baselines. Code and datasets
are publicly available at: https://github.com/hefengcs/XLFM-Former.

1 Introduction

Light Field Microscopy (LFM) has emerged as a crucial technique for rapid volumetric imaging
of nervous systems [18, 36, 19]. Notably, eXtended Light Field Microscopy (XLFM) [7], due to
its graceful balance between speed, scale and resolution, is considered one of the most suitable
LFM techniques for large-scale neural activity recording in several model organisms, including fish
and mouse [1]. XLFM offers several advantages: 1)XLFM enables single-exposure acquisition
of complete light field information at 100 Hz, whereas conventional microscopy techniques (e.g.,
two-photon microscopy [10], light-sheet microscopy [16]) require sequential layer-by-layer scanning,
making it challenging to capture sub-second large-scale neural dynamics simultaneously. 2) The
XLFM system incorporates a point spread function (PSF) that is approximately spatially invariant.
Consequently, the reconstruction of volumes through 3D deconvolution is free from artifacts. 3)
The rapid speed of XLFM allows real-time observation of large-scale population neural activity
in vivo. Integrating volumetric imaging with optogenetic manipulation [3, 35] will enable optical
brain-machine interface, namely closed-loop optical interrogation of brain-wide activity in both
immobilized [28] and freely behaving animals [7, 4].

Despite the promise of eXtended Light Field Microscopy (XLFM) for rapid volumetric neural
imaging, progress in learning-based 3D reconstruction remains limited not only due to the unique
physics of XLFM, but also because of a lack of standardized datasets and evaluation protocols. First,
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XLFM data differs fundamentally from conventional image data: each frame encodes a dense angular
sampling of the 3D scene via a microlens array, creating highly entangled multi-view observations.
Traditional convolutional models struggle to model these angular correlations and view-dependent
cues effectively. In addition, raw XLFM acquisitions are abundant, producing high-quality volumetric
ground truth (e.g., via Richardson–Lucy deconvolution [24]) is computationally expensive. This
makes supervised learning pipelines costly at scale. Moreover, there is currently no public benchmark
dataset or reproducible evaluation protocol for XLFM reconstruction. As a result, comparisons
across methods are often anecdotal, and progress in the �eld is fragmented. Finally, most existing
approaches overlook the wave-optical nature of the XLFM forward model. Without incorporating
physics-guided constraints such as point spread function (PSF) priors, reconstructions may be visually
plausible but physically inconsistent.

Figure 1: Our pretraining pipeline for XLFM. The raw light �eld acquired from the microscope is
separated into 27 distinct viewpoints based on physical coordinates. With a 70% probability, we
randomly mask a subset of these viewpoints and task the model with reconstructing them. The
training is supervised by an `2 loss comparing the predicted and ground-truth views.

To address the unique challenges of XLFM reconstruction, we revisit the problem not merely as
a supervised regression task, but as a structured prediction problem grounded in physical optics,
spatial geometry, and data asymmetry. Our design of XLFM-Former is driven by four key insights:
1) XLFM reconstruction inherently requires long-range dependency modeling across a large
volumetric �eld-of-view with densely entangled angular observations. While increasing the
receptive �eld in convolutional models like U-Net can improve performance, it also incurs steep
memory overhead, scaling linearly with spatial resolution and depth. Alternative global modeling
strategies such as Fourier neural operators introduce even higher complexity, often transforming
real-valued tensors into complex-valued representations that exceed the memory capacity of a single
80GB GPU. In contrast, we adopt a Swin Transformer encoder with hierarchical windowed attention,
which ef�ciently captures both local and global dependencies with signi�cantly reduced memory
costs that making it a natural �t for large-scale 3D light �eld modeling. 2) Unlike conventional image
data, XLFM views are not independent. They exhibit occlusion patterns, spatial redundancy, and
angular continuity, much like dependencies observed in natural language or multiview stereo systems.
Modeling these view-wise interactions is essential for resolving �ne 3D structures from ambiguous
projections. We argue that the view, not the pixel, should be treated as the atomic modeling unit.
Our MVM-LF pretraining task (Figure 1) reconstructs masked views from their angular neighbors,
allowing the model to internalize structural priors speci�c to the XLFM sampling pattern.
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