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ABSTRACT

High-throughput imaging is fundamentally constrained by the trade-off between acquisition speed and spatial resolution
under finite spatio-temporal bandwidth. Here we show that this compromise can be restructured at the measurement stage:
transport-induced intensity variations, when captured through differential sensing, encode spatial gradients into the temporal
domain and thereby circumvent the gradient attenuation associated with exposure integration. By formulating this process as a
physics-consistent differential operator under fixed sensing bandwidth, fine spatial structure can be recovered directly from
motion without modifying the underlying optical hardware, enabling bandwidth-efficient spatial reconstruction. Building on this
principle, we develop Neuromorphic Super-Resolution (NeuroSR), a framework that enables joint inference of super-resolved
structure, transport dynamics, and task-dependent physical parameters. Through controlled transport experiments and
demonstrations in holographic phase retrieval and biological microscopy, we show that transport-induced differential sensing
provides a general mechanism for enhancing spatial observability in bandwidth-limited high-throughput imaging systems.

Introduction

High-throughput imaging systems aim to recover fine spatial structure under rapid dynamics, yet are fundamentally constrained
by finite spatio-temporal bandwidth and power budgets, imposing system-level limits'. Under such constraints, the manner
in which transient intensity variations are encoded at acquisition determines the observability of fine structure in subsequent
reconstruction. Biological vision provides an instructive example of how temporally structured encoding can partially mitigate
bandwidth limitations at the sensing stage”>. In particular, even during nominal fixation, involuntary ocular motions and
rapid saccades continuously modulate the retinal image*>, converting spatial structure into temporally structured signals
that can be integrated by downstream circuitry®. This motion-induced encoding effectively decomposes visual information
into complementary components: a photometric anchor that preserves stable intensity structure, and transient features that
encode transport-induced photometric variations. These complementary signals are jointly integrated at subsequent cortical
stages, where spatial context and motion cues are combined to infer fine structure beyond static sampling limits’-8. In this
sense, biological vision illustrates how temporally structured sampling can partially offset bandwidth-induced loss of spatial
information.

Multi-frame super-resolution (SR) in computational imaging infers fine spatial detail by aggregating motion-induced
subpixel shifts of photometric gradients across multiple low-resolution frames’~!!. Despite its broad adoption, SR remains
fundamentally rooted in a synchronous sampling paradigm, in which spatial resolution is recovered through temporal redundancy
under frame-based acquisition'”!3. As acquisition speed and throughput increase, this redundancy becomes increasingly
inefficient: finite exposure and photon budgets force a trade-off between noise and motion blur, while temporal integration
progressively attenuates gradient contrast that constrains fine structure in inverse problems. Consequently, although nominal
spatial sampling may be preserved, the effective gradient information available to computational reconstruction degrades
rapidly, rendering many high-throughput computational imaging tasks increasingly ill-posed, including applications such as
quantitative phase imaging'*!3. These limitations are intrinsic to synchronous frame integration and persist across optical
super-resolution strategies that rely on temporally aggregated snapshots to exceed sampling limits'®.

Asynchronous sensing therefore offers a natural alternative for high-throughput imaging by redistributing a finite sensing
bandwidth toward temporally informative variations rather than uniformly integrating absolute intensity. Event cameras
instantiate this paradigm by encoding temporal changes instead of absolute intensity. By reporting per-pixel brightness
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Fig. 1. Conceptual overview of NeuroSR. a, Biological motivation. Relative motion in primate vision transforms spatial
structure into temporally modulated signals, which are encoded through complementary parvocellular (P) and magnocellular
(M) pathways as a sustained photometric anchor and transient features, respectively. b, Sub-pixel differential sensing. Under
a fixed spatio-temporal bandwidth budget typical of high-throughput imaging, synchronous frame-based sensing primarily
constrains low-frequency (LF) intensity anchors through temporal integration, while remaining susceptible to noise and motion
blur. In contrast, asynchronous event sensing selectively responds to transport-induced intensity variations, mapping continuous
motion into subpixel-resolved high-frequency (HF) photometric gradient features. This measurement strategy redistributes the
limited sampling bandwidth toward HF components where fine spatial detail is concentrated. ¢, Physics-consistent
reconstruction. NeuroSR reconstructs high-resolution physical structures by jointly leveraging frame-based intensity
constraints and spatio-temporal structures encoded in the event stream through a physically interpretable forward model. By
parameterizing the imaging system as fg, the framework supports plug-and-play integration across diverse computational
imaging tasks. A representative application to complex-field recovery in inline digital holography is shown.

s increments with microsecond latency and high dynamic range'”, the event channel suppresses redundant sampling in static
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regions and concentrates measurements on transport-induced intensity variations'®!°. From a measurement perspective,
however, event sensing provides differential temporal increments and therefore imposes incomplete constraints on the underlying
spatio-temporal signal when used in isolation—an incompleteness intrinsic to differential sensing that cannot be resolved by
reconstruction algorithms alone. Prior efforts have addressed this limitation through hardware-level modulation strategies, such
as mechanically induced microsaccades®” or temporally sparse fluorophore blinking?!-%2, as well as algorithmic fusion of event
streams with low-frame-rate intensity images>>~>>. While effective in specific settings, these approaches are typically developed
outside a unified high-throughput computational imaging framework: event measurements are often incorporated as auxiliary
signals or intermediate representations rather than as explicit measurement operators coupled to the physical image formation
process’®~2°. To date, principled information allocation and joint optimization of structure, motion, and system parameters
under fixed spatio-temporal bandwidth constraints remain underexplored in high-throughput imaging.

This conceptual gap motivates a fundamental question: can neuromorphic sensing be rigorously incorporated into compu-
tational imaging in a physically interpretable and differentiable manner that extends, rather than replaces, existing inference
frameworks? While synchronous frame-based solvers have been extensively developed across learning-based and model-
based paradigms®*, a central challenge lies in embedding asynchronous event measurements as explicit constraints within
intensity-domain forward models. Prior work has demonstrated that events can be triggered at microsecond latency even when
scene translation remains within a fraction of a pixel’*=%. Under continuous transport, such subpixel temporal responsiveness
implies that differential intensity variations are registered before a full spatial sampling interval is traversed. When coherently
aligned through motion compensation, events can constructively accumulate over extended temporal windows to reveal
noise-mitigated subpixel structure’® 4. This phenomenon reflects the fact that events encode photometric gradient information
of the underlying scene in the presence of relative motion, such that joint inference of the transport dynamics and structure
yields a motion-compensated representation at subpixel precision. Importantly, the apparent resolution enhancement arises from
a redistribution of measurement density across motion-corrected coordinates*!, rather than from additional spatial sampling
or heuristic interpolation. As illustrated in Figure 1(b), such gradient-domain measurements can be elicited through simple
relative motion without specialized optical hardware, indicating that transport-induced differential sensing provides a physically
grounded pathway toward enhanced spatial observability in high-throughput imaging systems.

In this work, we introduce Neuromorphic Super-Resolution (NeuroSR), a high-throughput computational imaging frame-
work grounded in transport-induced differential sensing. Rather than treating event streams as an alternative sensing modality
or post hoc representation, NeuroSR interprets events as measurements of transport-induced photometric gradients and embeds
them explicitly as a differential measurement operator within physics-consistent forward models. Within this formulation,
low-frame-rate intensity measurements provide a low-frequency photometric anchor, while asynchronously encoded gradient
signals supply complementary high-frequency constraints that remain observable under bandwidth-limited, high-throughput
acquisition. By coupling these heterogeneous measurements within a unified, fully differentiable inference framework, Neu-
roSR enables joint optimization of latent structure, motion, and task-dependent physical parameters, enabling high-resolution
physical quantities to be recovered with subpixel precision. Taken together, NeuroSR establishes a principled framework for
reallocating sensing bandwidth through motion-induced differential measurements, enabling enhanced spatial observability in
bandwidth-limited high-throughput imaging systems.

Results

We consider a general high-throughput imaging regime representative of stream-based and flow-driven inspection systems,
wherein neuromorphic imaging leverages asynchronous sampling to bypass the conventional trade-off between spatial resolution
and acquisition speed. Within a spatiotemporal window Q x T, the scene logarithmic intensity L = log/(x,t) evolves
continuously and, over a sufficiently short temporal neighborhood around a reference time #p, admits a local first-order
approximation that serves as the effective observation model in the motion regime. Under the brightness constancy assumption,
temporal intensity variations can be related to spatial motion, yielding

L(x,t) = L(x,t9) + %(x,to) (t—10) +O((t —10)?)

ot
~logI(x, 1) — VL(x,10) - ¥(10) (t — 1o), @
—_——— —m—o ——
LF Anchor HF Feature

which decomposes the spatiotemporal signal into a low-frequency (LF) photometric anchor and a motion-induced variation
component. Importantly, this relation makes explicit a time-to-space transfer in the motion regime: finer temporal sampling of
the increment (¢ — fp) improves the estimation fidelity of the high-frequency (HF) gradient feature —VL - v, enabling spatial
detail to be recovered without requiring dense, high-rate intensity frames. Under a fixed spatiotemporal throughput budget, the
measurement allocation can be characterized by a sampling-density model (Supplementary Note 1).
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Based on this observation, the reconstruction problem is governed by the complementarity of frame-based and event-based
measurements, which NeuroSR instantiates within a unified inference framework:

N
O*,v*,@* = argmin DF{bF(x),/ I(x,1)dt |} +aDp{bg(x:v),—VL(x)-v} + Y B, Ra(O,v),
0,v,0 T n=1

T 2)
Frame Fidelity Lp Event Fidelity L

st. I(x,1) = fe(0), 0€Qp, Ve, OcQp,

where the reconstruction is governed by the complementarity between the two fidelity terms: L anchors the global photometric
baseline using temporally integrated intensity measurements, while Lg enforces asynchronously triggered, subpixel gradient
constraints derived from the event stream, weighted by the coefficient o. The regularizers {R,} and admissible sets Qg
encode task-dependent priors and feasibility constraints on (O,v,®). Crucially, these terms are coupled through a shared
forward operator fg, which parameterizes the image formation process mapping the latent object O to the encoded intensity,
and are kept modular to support plug-and-play integration with existing computational imaging solvers. In the following
sections, this framework is instantiated at progressively richer levels of forward modeling in order to isolate and demonstrate
the role of neuromorphic sensing under different high-throughput regimes.

Mechanism demonstration under controlled transport

We first isolate the sensing mechanism of NeuroSR under controlled transport, where the relationship between temporal
sampling density and spatial observability can be examined directly. A large-field-of-view (FOV) relay imaging system provides
a convenient experimental platform for this regime, as it enables uniform transport across the sensor while maintaining fixed
optical throughput*>*? (see Supplementary Video 1). As illustrated in Figure 2(a), a motorized translational stage induces
constant-speed motion across the field of view, yielding a known uniform transport field v = const. Opaque workpieces are
imaged under reflected illumination using a collimated LED source, and a 4 f relay system with unit magnification provides
aberration-free imaging over a 0.4cm x 0.6¢cm field of view*. With illumination power and stage speed controlled, the
acquisition can be treated as exposure-ideal, allowing the constraint in Equation (2) to reduce to a super-resolved intensity
reconstruction problem from spatially downsampled observations.

To enable evaluation, a positive 1951 USAF resolution target is used as the test sample, which in principle contains spatial
frequency components beyond the Nyquist rate of the sensor. As depicted in Figure 2(b), the etalon is also imaged under a
standard wide-field (WF) microscope (3 x, NA = 0.2, transmission mode) to provide an experimental SR ground truth (GT) for
reference, whose motion-aligned structural feature reference exhibits convincing consistency with the measured IWE{ from
the event channel in the rightmost panel of Figure 2(c). NeuroSR is compared with representative model-based super-resolved
intensity reconstruction methods, including single-frame SR (SFSR: Fourier upsampling and ADMM®*), multi-frame SR
(MFSR*, using n = 30 frames), and the state-of-the-art event-only Ev-PnP*!. As depicted in Figure 2(c), the raw frame (blue)
cannot resolve element 4 in group 4 (G4-E4), being limited by the Nyquist rate in the frequency domain, as indicated by the
dashed square and line in the 2D power spectrum and its radial section, i.e., the modulation transfer function (MTF), respectively.
The SFSR methods (orange, green) fail to extend the 2D power spectrum due to insufficient high-frequency fidelity, resulting in
false frequency structures compared with methods that contain higher frequency fidelity, i.e., MFSR (brown), NeuroSR (purple),
and GT (pink). The event-only method, i.e., Ev-PnP (red) fails to reconstruct global intensity, causing a severe mismatch in
absolute values. Ours (purple) resolves element 3 in group 5 (G5-E3). The 2D power spectrum closely matches the GT and
MFSR, demonstrating sampling enhancement beyond the Nyquist limit and approaching the diffraction limit, as marked by the
MTF boundary in Figure 2(d).

Stabilizing snhapshot holography with asynchronous differential sensing

We next examine whether transport-induced differential sensing can stabilize complex-field recovery in sweep-based lensless
inline holography, a setting in which motion-induced super-resolution is commonly realized through pixel super-resolution
holography*’~*°. Phase retrieval in inline holography is intrinsically ill-posed due to the compressive nature of the intensity-
only measurement and the well-known twin-image ambiguity. Prior studies have shown that additional constraints, such
as handcrafted support priors®® or spatial regularization strategies*’, can partially mitigate these ambiguities and enable
twin-image—artifact-free quantitative phase imaging. NeuroSR does not replace these priors; instead, it complements them by
introducing motion-induced differential constraints derived from asynchronous events directly into the data fidelity term (see
Supplementary Video 2).

We first examine the refocusing behavior of a standard USAF resolution target placed at an uncertain axial distance. As
shown in Figure 3(c), NeuroSR consistently reconstructs sharper high-frequency bars by jointly adapting the propagation
depth z and the sweeping trajectory v, fully resolving Group 4 Element 6 and partially retrieving the first three elements of
Group 5. At close distances, where the effective numerical aperture is higher, conventional methods such as backpropagation
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Fig. 2. NeuroSR enables high-fidelity reconstruction in large-FOV relay inspection. a, Optical setup. A reflective 4 f relay
system is used to image a resolution target with NA = 0.1 under uniform motion. b, GT Acquisition. A wide-field (WF)
microscopy (NA = 0.2, 3%, transmission mode) is used to obtain the optical SR reference of the central 1/3 FOV. ¢,
Reconstruction Comparison. NeuroSR is compared to model-based benchmark methods fed with different inputs, including a
single frame (Fourier up, ADMM), multiple frames (MFSR), and only events (Ev-PnP). Feature 1 reveals sub-pixel-resolved
gradient map consistent with the reference in b. Red boxes highlight missing edges and artifacts in event-only reconstructions.
d, MTF Analysis. NeuroSR (purple) extends the resolution beyond the original Nyquist limit (blue), from element 4 in group 4
(G4-E4) to element 3 in group 5 (G5-E3), while preserving frequency structural similarity in the 2D power spectrum.

and automatic differentiation®! fail to resolve Group 4 Element 3 due to overexposure-induced texture loss. NeuroSR, in
contrast, preserves usable hologram gradient information by leveraging the high dynamic range capability of the event sensor,
thereby stabilizing the reconstruction under severe illumination saturation. These results confirm the robustness of the proposed
framework across both axial defocus and challenging exposure regimes with 2 x pixel super-resolution and significant noise
mitigation. We then extend the evaluation to complex-valued biological samples. In Figure 3(d) (top), NeuroSR resolves

514
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Fig. 3. Snapshot pixel-SR inline holography with a single frame. a, Experimental configuration with transmissive laser
illumination and event-frame fusion sensor. b, Reconstruction pipeline based on motion-aligned structure alignment with
hologram gradients. ¢, USAF target Refocusing. NeuroSR resolves finer structures across depths and retains contrast under
overexposure. d, Complex field recovery. NeuroSR restores double-layer membranes in testis tissue and porous structures in
monocotyledons, substantially outperforming the baseline backpropagation (BP) and the advanced twin-image-free method via
automatic differentiation (AD).

double-layer phase structures in testis tissue that are otherwise suppressed by lack of sampling and noisy background in
conventional reconstructions, enabled by the combined effect of physically informed regularization and improved gradient
fidelity. In Figure 3(d) (bottom), the proposed method successfully recovers porous cellular structures in monocotyledon
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Fig. 4. High-throughput WF microscopy enhanced by motion-aware super-resolution. a, Simplified hardware setup using
event-frame fusion and manual scanning. b, Reconstruction pipeline with asynchronously aligned HF gradients via
motion-feature joint estimation. ¢, Representative reconstructions of biological samples. ROI 1 and 2 highlight sharpness
enhancement, quantified by the sparsity of the gradient (SoG) and its distribution across the full FOV. ROI 3 demonstrates
recovery of features occluded in the raw image, enabled by the temporally dense nature of IWEs, which is inherently resilient
to static obstructions. d, Downstream segmentation on onion epidermal cells. NeuroSR restores detection precision and pose
consistency from the destructive blurry case. The enhanced sub-pixel edges yield an evident 16.5 % increase in cell count
compared to the static GT.

specimens and maintains high contrast despite static speckle background in the illumination path with 2x super-resolution.
Together, these results demonstrate that transport-induced differential sensing provides additional constraints that stabilize joint
amplitude and phase recovery from bandwidth-limited hologram measurements, enabling robust snapshot reconstruction under
defocus, exposure saturation, and noise.

Generalization to high-throughput biological microscopy

Finally, we demonstrate that NeuroSR generalizes to high-throughput wide-field microscopy, enabling motion- and occlusion-
robust imaging by replacing high-frame-rate temporal redundancy with asynchronous differential constraints under a fixed
optical spatial bandwidth product? (see Supplementary Video 3). This regime is central to high-content cell screening and
pose inspection, where large-scale data acquisition must be performed rapidly without sacrificing spatial resolution®>3*. In
conventional wide-field microscopy, the coupling between objective resolution and field of view fundamentally constrains
throughput, often requiring longer exposure times to mitigate photon starvation at the cost of motion blur’>. Classical
mitigation strategies, such as stop-and-stare or strobed imaging, alleviate blur but require precise stage control and hardware
synchronization, and may introduce phototoxicity or photobleaching. By contrast, we show that combining a single low-frame-
rate intensity image with microsecond-resolved event measurements enables at least a two-fold increase in effective acquisition
throughput under continuous sweeping and moderate illumination while preserving super-resolved structural detail.

As illustrated in Figure 4(a), we employ a cost-effective wide-field microscopy configuration that replaces the conventional
sensor with an event-frame fusion sensor and eliminates the need for precisely controlled motorized scanning by multiplexing
a manual translation stage in a regular WF setup. During continuous sweeping, sub-pixel displacements are captured by
asynchronous events, which encode high-temporal-resolution motion cues within millisecond-level exposure in a purely
physics-based manner’®>7. Because the sweep spans the entire field of view, the event stream provides sufficient motion
information to transform an otherwise ill-posed blind deblurring problem into a well-conditioned reconstruction task, as
schematically illustrated in Figure 4(b), with formal derivations deferred to the Methods. Leveraging this differential sensing
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constraint, NeuroSR yields a two-to-five-fold sharpness enhancement and suppresses background clutter within event-dominant
regions (blue and green boxes, ROI 1 and 2 in Figure 4(c)). Importantly, the temporally distributed accumulation of event
renders the reconstruction robust to static occlusions, such as dust or contaminants on the optical path (yellow boxes, ROI
3): such artifacts are confined to isolated timestamps and therefore do not accumulate coherently in motion-aligned temporal
gradients, as further evidenced by the temporally-resolved features in the occlusion area, shown in Figure 4(c). By exploiting
dense temporal sampling over the exposure window, NeuroSR recovers structural details that are partially obscured in the raw
snapshot, as demonstrated on Drosophila cross-section and earthworm transverse-section samples. This recovered structural
fidelity transfers directly to downstream analysis: for cell pose estimation we employ Cellpose-SAM?®, which is selected for its
strong segmentation performance®”~°!. Results of onion epidermal cells in Figure 4(d). show that the destructive blurry case
(with detection rate 0) is resolved; comparison with a static GT frame in the zoomed-in ROI (white boxes) reveals finer pose
textures and improved morphological consistency, yielding sharper segmentation and an increased cell count (352 NeuroSR vs.
303 static, a 16.5 % gain). These results confirm that temporally dense differential sensing improves structural observability in
high-throughput microscopy and directly benefits downstream quantitative analysis.

Discussion

NeuroSR reformulates high-throughput computational imaging by interpreting events as direct physical measurements of
photometric gradient information. In several computational imaging frameworks, including Fourier ptychography and hologra-
phy, practical deviations from ideal photometry such as illumination non-uniformity and measurement noise have motivated
performing inference in feature domains, for example through logarithmic gradient representations that stabilize alignment
and strengthen phase-retrieval constraints®>%%. However, in high-throughput imaging where relative motion is inherent or
unavoidable, such feature-domain quantities are still numerically derived from temporally integrated intensity measurements and
therefore degrade along the motion direction as blur and noise suppress high-frequency structures under finite spatio-temporal
bandwidth. Event-based sensing introduces a complementary measurement mechanism by directly recording logarithmic inten-
sity increments with microsecond latency, preserving motion-aligned differential information that is attenuated in frame-based
acquisition. Under a fixed sensing bandwidth, synchronous integration necessarily concentrates measurements on low-frequency
intensity components, resulting in an irreversible loss of motion-induced differential information. The complementary sensing
characteristics of frame and event measurements are theoretically analyzed via Cramér—Rao lower bounds in Supplementary
Note 4.

An important implication of this formulation is that asynchronous event measurements and synchronous frame measurements
can be embedded within a unified physical twin that remains differentiable with respect to structure, motion, and system
parameters®> %4, By expressing event generation and optical image formation through a shared forward model, NeuroSR enables
self-consistent refinement of latent variables within a single computational graph rather than relying on sequential estimation
or external calibration. This perspective aligns with recent developments in differentiable optics and computational imaging,
where physical image formation models are treated as optimizable components rather than fixed operators®* %67, NeuroSR
extends this paradigm by incorporating asynchronous differential measurements directly into the physics-consistent twin,
enabling closed-loop optimization that improves both computational efficiency and sensing efficiency under bandwidth-limited
acquisition.

More broadly, neuromorphic sensing has been explored across diverse domains that demand high-throughput perception,
including autonomous driving, microscopy, wavefront sensing, and microfluidic analysis'®?>%8-71 These studies have largely
emphasized perception, control, or reactive estimation, treating event streams primarily as temporal cues for decision-making.
By contrast, NeuroSR interprets events as direct physical measurements that can be embedded within model-based inference
frameworks. This perspective suggests a broader paradigm in which neuromorphic measurements act not merely as an
alternative sensing modality but as complementary physical constraints within computational imaging systems. Recent work
has shown that neural signals originating from retinal circuits, when interpreted through models of fixational eye motion, can
be decoded to reconstruct detailed visual scenes''. Embedding computational imaging principles into such neuromorphic
measurement pipelines raises the possibility that physical inference tasks traditionally associated with optical systems—such as
ghost imaging or non-line-of-sight imaging—may ultimately be realized through efficient neural or hybrid bio-artificial sensing
architectures’> 3.

Method

Experimental configuration

To evaluate NeuroSR across representative high-throughput imaging scenarios, we implemented a unified dual-modality
sensing pipeline that combines low-frame-rate intensity acquisition with asynchronous event sensing under varied motion
controllability. Across all configurations, sensing is performed using a monolithic event-frame fusion sensor (DAVIS346,
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iniVation) with a spatial resolution of 346 x 260 pixels and an 18.5 um pixel pitch. This architecture provides simultaneous
synchronous and asynchronous outputs: a frame-based active pixel sensor (APS) recording global intensity at up to 40 fps
with an effective dynamic range of approximately 40 dB, and a neuromorphic event channel reporting per-pixel intensity
changes with 1 ps temporal resolution and a dynamic range exceeding 120 dB. The shared focal plane ensures precise spatio-
temporal co-registration without the parallax or synchronization errors inherent in multi-sensor configurations. In the industrial
inspection configuration, a bright-field 4 f relay system with unit magnification images opaque samples, including a 1951 USAF
resolution etalon and semiconductor workpieces, under uniform broadband LED illumination. The specimen is mounted on a
high-precision linear translation stage (WN262TA20, up to Smms~', 2 um repeatability) for continuous sweeping; in practice,
residual mechanical vibration introduces a lateral positional uncertainty on the order of 40 um. For biological microscopy, the
sensing pipeline is integrated into a wide-field microscope (Eclipse Ni-U, Nikon) under transmissive halogen illumination, using
a manual translation stage to intentionally introduce stochastic velocity fluctuations and trajectory non-uniformity. Similarly,
the holography configuration adopts a lensless inline setup with a 632.8 nm HeNe laser (HNL10OL, Thorlabs), where biological
specimens such as testis tissue and monocotyledon sections are manually translated to induce transverse motion. In this unified
acquisition strategy, the APS channel provides a global photometric reference, while the event channel captures motion-induced
temporal variations, enabling consistent evaluation of NeuroSR across relay imaging, microscopy, and lensless holography.

Sub-pixel transport-induced differential sensing and hybrid observation model

We model the event channel as a motion-aligned feature constraint by starting from the asynchronous triggering principle of an
event camera'®. Within a spatiotemporal window Q x T with T = [to, + At], the sensor outputs an event set & = {ek}kNil,
where each e, = (Xg, pr, ) is generated at pixel x; = (x, ) when the brightness increment since the last event at the same
pixel reaches a fixed temporal contrast threshold c, i.e.,

AL(Xg, 1) 2 L(Xg, t + Aty) — L(Xg, k) = pic, pe€{—1,+1}, 3

with L £ logI and Af; denoting the inter-event interval at the same pixel location x;. See Supplementary Note 2. Under
the brightness constancy assumption used in Equation (1), temporal variation is induced by relative motion and satisfies
the first-order relation 25 (x,7) ~ —VL(x,) - v(t)"*7%, so that over a short interval a finite-difference approximation yields
AL(x;At) =~ —(VL-v) Ar; this is the key mechanism by which events encode the motion-projected spatial gradient feature VL-v
with subpixel sensitivity when ||vAz|| < 1 pixel. Practically, directly accumulating raw events over a fixed temporal window
provides only a coarse estimate of this feature because it exhibits an intrinsic trade-off between low SNR and motion blur: short
windows are dominated by stochastic triggering noise, whereas longer windows mix contributions along the motion trajectory
and induce effective blur. Since the photometric distribution and optical flow are intrinsically coupled, accurate motion
estimation is essential for reliable gradient feature extraction. We therefore adopt the contrast maximization framework>">7.
Projecting and aggregating the transformed event cluster onto the image plane produces an image of warped events (IWE)”,
ie.,

AL(x;A1) & &
(% Z pd(x—x,(v)) = Y pexs(x—x(v)) = IWE(x;v), 4)
k=1

where 6(+) is the Dirac delta and kx(-) denotes its differentiable Gaussian approximation with covariance X. In practice, the IWE
can be rendered using standard isotropic kernels (e.g., Dirac, bilinear, or Gaussian) or anisotropic ones (See Supplementary Note
6), which yield subpixel-precise and differentiable event measurements. This motion compensation step makes the subpixel
displacement explicit: the warped coordinates X; are continuous-valued, so the aggregated IWE represents a subpixel-resolved,
motion-aligned gradient feature map rather than a blurred event frame. Following the linear inverse formulation of event-based
reconstruction with optical flow*!, we define the event-channel measurement bz (x;v) as a standard IWE observation scaled by
the contrast threshold ¢ and model it as a feature-domain constraint in the logarithmic intensity space,

bg(x;v) = A%IWE(X;V) = —VL(x) -v+ng, 6)

where ng captures the effective event noise after temporal aggregation. See Supplementary Note 3.

To explicitly align the frame-based measurement with the continuous motion dynamics encoded by events, we model
frame formation as temporal integration of relative motion over the exposure interval T = [0, A¢]. In the general case, such
integration induces a spatially varying aggregation of intensity that cannot be expressed as a global convolution; however, under
the sweep-based inspection and small-field regimes considered in this work, wherein relative motion is approximately uniform
over the support of local structures, the frame observation admits a compact convolutional form. Let /(x) denote the latent
sharp intensity at the reference timestamp #y = 0. Under this locally uniform motion assumption, the instantaneous intensity
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can be written as a motion-shifted version of the reference image, and the frame measurement corresponds to the temporal
integration of this motion-induced intensity evolution over the exposure window,

B(x) = Ait/rz(x,z)dm ALI/TI(X—V(t))dt

=1I(x)* <;/T6(x—v(t))dt>,

where * is the convolution operation, and K = i Jro (x — v(t)) dr is denoted as a kernel and represents the projection of the
relative motion trajectory onto the sensor plane and serves as an effective motion-integration operator>®7°. This formulation
compactly captures how photometric information is accumulated over time along the motion path, irrespective of scene support.
Together with the inherent spatial sampling imposed by the sensor grid, the frame observation is modeled as

br (X) £ B(X) }+np, @)

(6)

where | denotes sampling to the sensor lattice and ny represents measurement noise.

Throughout this work, event measurements are written with explicit dependence on the motion field, while frame mea-
surements depend on motion only through the forward model, ensuring a physically consistent formulation without ambiguity
during inference. Importantly, the same motion trajectory v(¢) governs both the frame integration here and the event warping
in Equation (4), thereby establishing a consistent hybrid observation model for joint inference. The schematic of the full
workflow, including sub-pixel event warping and IWE rendering, is summarized in Supplementary Figure S1.

Differentiable parameterization of motion and optical models

From the perspective of manifold hypotheses, motion cues often reside on a low-dimensional latent space rather than occupying
the full spatiotemporal degrees of freedom’”’®. Under the sweep-based acquisition condition considered in this work,
we reparameterize the timestamp-wise optical flow v(#;) as a temporally piecewise-linear function, yielding a compact
representation that is well conditioned for subsequent inference. Specifically, the temporal interval [ty,#) + At] is uniformly
divided into M segments, and each temporal node #,, is associated with a two-dimensional flow vector v,, € R2. These nodes
form the motion parameterization v = [vy,...,vy] € R>*™_ For each event timestamp #; € [t,, %+ 1], the instantaneous flow is
obtained by linear interpolation between adjacent nodes,

V(lk) = OCka‘l-(l—(Xk) Vintl, (®)

where the interpolation weight o = ;::Il%;i € [0,1] reflects the temporal proximity to the neighboring nodes.

Beyond motion, NeuroSR adopts a differentiable imaging formulation to reparameterize the physical image formation
process itself. To accommodate different computational imaging modalities within a unified framework, the forward operator is
expressed in a generic form fg(-), which maps a physically parameterized object representation to measurable intensities while
explicitly exposing task-dependent system parameters.

In optical field recovery problems, the object is naturally represented as a complex field O(x) = a(x) exp(j§(x)), where a(x)
and ¢ (x) denote the amplitude and phase, respectively. The physical forward operator then corresponds to wave propagation
followed by intensity detection. Inline digital holography serves as a canonical example in this work. Under a scalar diffraction
model, the complex field propagated from the object plane to the sensor plane at axial distance z is governed by free-space
propagation. As such, the forward model that maps the object to the hologram intensity /(x) at the sensor plane can be
compactly written as

1(x) = fo(0) = | P.{0} |, ©)

where ® = {z} in this holography instantiation (with other geometric and sampling parameters calibrated), and P, denotes the
free-space propagation operator implemented via Fourier optics’® and is expressed as

PAO}(x) = (0xhy)(x) = 7 {F{OX)} H.(F)}. (10)

where .# denotes the Fourier transform, f = (f;, f;) is the spatial frequency coordinate, %, is the free-space propagation kernel,
and H, = .7 {h.} is its transfer function. Under the Rayleigh-Sommerfeld diffraction theory, the propagation transfer function
takes the form

27z 1
—iZE 1= 22082 fl < —
H(f) = exp( 7 ')’ <y

0, otherwise,

an
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where A denotes the illumination wavelength.

To enable joint optimization under the unified NeuroSR objective in Equation (2), both the event rendering process and
the optical forward model are implemented as differentiable operators with respect to their parameters. Because each warped
event location depends explicitly on the reparameterized motion field, differentiable rendering of the image of warped events is
required to propagate gradients from the reconstruction objective to the motion parameters v. Likewise, expressing optical image
formation as fg(-) makes physically meaningful system parameters, e.g., the propagation distance z in Equation (9), explicit
and differentiable, allowing parameter refinement within the same computational graph**. Modern automatic differentiation
frameworks support these requirements and enable complex-valued optimization via Wirtinger calculus®.
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