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Abstract. We address the problem of recovering high-speed videos from
dynamic scenes under extreme photon sparsity. Existing methods rely on
aggregating photon detections in local spatiotemporal windows to im-
prove signal-to-noise ratio; however, this local grouping discards global
structure and fails in low-light regimes where photon detections are
sparse in space and time. In this work, we show that the information
needed to recover both motion and illumination is encoded in correla-
tions over the full space-time pattern of photon arrivals. Building on this
insight, we develop a spatiotemporal flux probing theory and an algo-
rithm that estimates the Fourier coefficients of the underlying intensity
directly from the photon stream. We demonstrate that our approach (1)
recovers fast motion and temporal illumination dynamics with substan-
tially fewer photons than prior methods, (2) enables velocity-selective
videography that automatically refocuses video onto specific detected
motions, and (3) generalizes across sensing modalities including single-
photon, event, and spike cameras.

Keywords: High-Speed Videography - Single-Photon Imaging - Low-
Light Imaging - Event Cameras

1 Introduction

High-speed videography is fundamentally limited by photon scarcity: as expo-
sure windows shrink to capture rapid motion or illumination changes, photon
detections become extremely sparse in both space and time, making reliable in-
tensity estimation difficult. Single-photon cameras provide a different imaging
paradigm by recording individual photon arrivals with precise timestamps, al-
lowing photon detections to be flexibly aggregated after acquisition |30L[33]. The
key challenge is how to combine these sparse, asynchronous detections to recover
a rapidly varying intensity.

Existing approaches for reconstructing high-speed video from single-photon
data largely follow two strategies. Per-pixel temporal methods analyze each pixel
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Fig. 1: Top: High-speed videography under extreme photon sparsity. Our method
reconstructs high-quality 100 kfps video from binary photon detections or timestamp
data, recovering both periodic illumination flicker (indicated by the lightbulb icons) and
fast nonperiodic events (speeding bullets, balloon rupture) simultaneously. Bottom:
Velocity-selective videography. Our method detects the velocities of moving objects
directly from the photon stream (arrows indicate magnitude and direction) and recon-
structs video focused on a chosen velocity, blurring all other motion.

independently, recovering time-varying intensity from photon arrival times
. Spatiotemporal pooling methods improve photon effi-
ciency by aggregating detections across local space-time neighborhoods; for ex-
ample, collecting photons across motion trajectories of individual scene points .
However, both classes share the same fundamental premise: reconstruction be-
gins by explicitly grouping photons locally in space, in time, or both. By confining
estimation to local regions, existing methods discard long-range spatiotemporal
correlations. Under extreme photon scarcity, these local windows may contain
too few photons to reliably estimate intensity.
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In this work, we recover high-speed video from sparse photon data in regimes
where photon detections arrive far apart in both space and time and local re-
construction methods start to break down. Our central insight is that, even
under extreme photon scarcity, the information needed to recover motion and
illumination is encoded in correlations across the full space-time pattern of pho-
ton arrivals. The key challenge is how to extract these correlations from sparse,
asynchronous photon streams. To tackle this challenge, we develop a spatiotem-
poral flux probing theory that establishes a direct relation between the photon
detections in space-time and the Fourier coefficients of the underlying intensity.
Instead of aggregating photons within predefined neighborhoods, our approach
estimates global spatiotemporal structure jointly from all detections.

Our work brings together two previously distinct regimes: per-pixel ultra-
wideband temporal recovery [52|, and spatial pooling for photon efficiency |30}
35|. Rather than using local space-time neighborhoods to estimate intensity, we
leverage photon detections in a global spatiotemporal volume. This enables co-
herent aggregation of photons across space and time, increasing the effective
signal-to-noise ratio (SNR). As a result, fewer photons are required to achieve
a given reconstruction quality, allowing us to operate in regimes that are par-
ticularly challenging for existing methods: scenes exhibiting simultaneous fast
motion and rapid illumination modulation under extreme photon sparsity in
both space and time. Overall, we make the following contributions:

— We develop a spatiotemporal flux probing theory that leverages photon de-
tections across the full space-time observation volume, enabling joint recov-
ery of fast motion and high-frequency illumination modulation directly from
extremely sparse photon streams (Fig. (1} top).

— We introduce velocity-selective videography: by identifying motion-specific
structure directly in the photon stream, we detect linear object velocities and
reconstruct videos refocused at a chosen velocity while suppressing others
(Fig. [1} bottom).

— We show that our theory extends across sensing modalities—including quanta
sensors, asynchronous photon timestamp streams, spike cameras, and event
cameras—suggesting a unified framework for reconstructing dynamic scenes
from sparse asynchronous measurements.

2 Single-Photon Videography

Spatiotemporal fluz function. The goal of videography is to recover the spa-
tiotemporal flux ¢(x,y,t) |2| of light incident on the sensor. The flux is the in-
stantaneous photon arrival rate per unit area and time. We assume that ¢(x, y, t)
has support over the spatiotemporal volume (z,y,t) € Q = [0, w]x [0, h] X [0, texp]
defined by the bounded width w and height h of the sensor plane and the finite
exposure time Zeyp.

Stream of photon detections. Photon arrivals at the sensor are governed by a
3D inhomogeneous Poisson process with rate function ¢(z,y,t) [10,[39]. This
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process generates a stream of photon detection events P = {(x;,y;,t;)}X, from
which we seek to recover ¢(z,y,t). Due to recent advances in single-photon
avalanche diode (SPAD) sensors, it is now feasible to obtain such event-based
photon representations at up to picosecond temporal [18}27,/53] and megapixel
spatial resolution [33].

Fluzx constancy and local grouping. Conventional image sensors assume that
¢(x,y,t) is locally constant within a bounded region of space and time—such
as in a pixel area during the exposure. Under this assumption, nonoverlapping
spatiotemporal volumes can be modeled as independent homogeneous Poisson
processes. The flux in each region can then be estimated either by photon count-
ing [30}/43./46}47], where the number of detections scales linearly with the flux, or
by inter-photon imaging [16,/17,22,45|, where the mean interval between photon
arrivals is inversely proportional to the flux. Incorrectly assuming flux constancy
in regions where the flux is changing results in motion blur or temporal aliasing.

Videography by motion compensation. In dynamic scenes, flux is not constant
within a fixed pixel because scene points move over time. Motion compensation
aggregates photons along motion-aligned space-time trajectories; in this warped
coordinate system, detections along each trajectory approximate a homogeneous
Poisson process, enabling flux estimation using a homogeneous Poisson model.
Learning-based methods adopt similar strategies (either implicitly or through
explicit alignment) [3,[4)/11}20}|48]/54]. However, this is still a locally confined
formulation—mnow along trajectories rather than pixels. In our regime of extreme
sparsity with simultaneous fast motion and temporal modulation, trajectories
may contain too few detections for reliable estimation, and appearance changes
along the path make motion recovery unreliable.

Videography by denoising. Another common approach is to treat reconstruc-
tion as a denoising problem [24.|28]. However, these methods still rely on local
flux smoothness. In practice, we observe that denoising priors prioritize spatial
consistency, effectively smoothing temporal variation to stabilize reconstruction
(Fig. [1]} top). We provide further analysis in supplement Section E.

Temporal modulation from wultrafast illumination. In the presence of ultrafast
illumination, such as pulsed lasers and fluorescent light bulbs, the scene radi-
ance can experience temporal modulation at very high frequencies ranging from
10 kHz to 60 MHz [1}/12/29,/50]. While this modulation can be useful [23}[35],
recovery of such time-varying radiance is highly challenging because flux con-
stancy breaks down at time scales much faster than the inter-photon arrival time.
To tackle this problem, prior work recovers the time-varying flux of a pixel by
estimating its Fourier coeflicients from the photon timestamp realizations [52].
However, this method operates on each pixel independently, ignoring spatial
correlations. As a result, these techniques fail when there are insufficient pho-
tons at each pixel, and spatial pooling is required to increase the signal-to-noise
ratio [25}35]. We refer to supplement Section F for a detailed analysis.
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Fig. 2: Spatiotemporal support of existing and proposed methods. Align-and-
merge methods [30]| aggregate photons within a local region R, and per-pixel probing
methods [52] fix the spatial support to a single pixel while applying an arbitrary 1D
temporal probe p(t) to estimate its time-varying flux. Our framework admits a broader
family of spatiotemporal probing functions p(z,y,t) that act on every photon globally.

The gap: simultaneous ultrafast motion and illumination. We consider the imag-
ing regime in which ¢(x,y,t) varies rapidly due to both fast scene motion and
high-frequency illumination modulation. In this setting, the two classes of meth-
ods described above each fail in complementary ways. Methods that rely on
flux constancy cannot account for temporal intensity variations along a scene
point’s trajectory. Conversely, per-pixel temporal methods that can handle such
modulation fail to account for scene motion that extends beyond a single pixel’s
footprint. As a scene point traverses a pixel, the observed temporal flux approx-
imates a rect function with very high temporal bandwidth; in the low-photon-
count regime, recovering such signals from few detections is severely ill-posed for
pixel-wise methods [16,43,/52]. Both failures trace back to the same root cause:
local spatiotemporal grouping of photons (Fig. .

3 Spatiotemporal Flux Probing

Spatiotemporal flux variations arise from two primary sources: temporal modu-
lation of external illumination [52] and natural scene motion [30]. Each produces
a distinct signature in the underlying flux profile ¢(z,y,t). Although we can-
not directly observe ¢(x,y,t), photon arrivals implicitly encode this structure.
Here, we describe our method to extract this structure directly from photons,
requiring only that ¢(x,y,t) is well-behaved—i.e., nonnegative, bounded, and
measurable (see supplement Section A). We consider the low-light regime, where
photon detections are modeled by Poisson statistics.

Spatiotemporal flux probing. To recover different scene phenomena, we leverage
spatiotemporal probing functions. A probing function p(x,y,t) is a deterministic
function whose inner product with ¢(z,y,t) informs the presence or absence of
particular physical phenomena. However, this inner product—the flux probing
integral—cannot be computed directly because ¢(z,y,t) is unknown. We prove
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in supplement Section B.2 that this projection can be estimated from the set of
photon detections P through the probing measurements
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Intuitively, the probing measurements indicate how correlated the photon ar-
rivals are with the probing function.

- flux probing integral (p,¢)
probing measurements

Noise model. Approximation of the flux probing integral through probing is a
noisy process due to randomness in photon arrivals [10]. Equation decom-
poses the probing measurements into a deterministic integral and martingale
noise [5], which is a continuous stochastic process [7] caused by photon shot
noise. We show in supplement Section B.3 that the probing measurements are
approximately normaﬂ with mean equal to (p,¢) and variance (p?,¢). As a
result, probing measurements are an unbiased estimate of the flux probing in-
tegral. Characterization of the noise model enables statistical detection of the
phenomena represented by different probing functions. We also derive from first
principles the decomposition in Eq. for spatiotemporal flux functions, ex-
tending prior work that considered temporal-only flux variations [52].

Spatiotemporal flur probing as a unifying lens. As illustrated in Fig. 2] existing
nonlearning methods can be thought of as special cases of spatiotemporal flux
probing, differing only in their probing function and its support. Rather than
fixing a local support or a restricted function class, our framework admits any
bounded 3D probing function over the full spatiotemporal volume, so that every
detected photon contributes jointly to estimation.

3.1 Spatiotemporal Fourier Basis Functions

While our underlying probing theory is general, we consider the special case of
3D Fourier basis functions due to their inherent ability to simultaneously encode
scene motion and illumination flicker. Specifically, a periodically flickering light
source induces a frequency comb along the temporal frequency domain [35}[52],
whereas local linear motion of a bounded object generates a planar structure
in the spatiotemporal frequency domain, with the plane’s slope encoding object
velocity [49]. Detecting these physical phenomena corresponds to detecting the
spatiotemporal frequencies f associated with those phenomena.

Probing with Fourier basis. A 3D Fourier basis function has the form p¢(x) =

e‘jQ’Tfo, where x = [z,y,t] is a point in space-time and f = [f,, f,, fi] T is a

4 This approximation holds with as few as 20 photons (supplement Section I.1).



Spatiotemporal Flux Probing for Single-Photon Videography 7

spatiotemporal frequency. When probing with a single frequency f of the Fourier
basis, the resulting probing measurements

Ee A Z 6—j27rfo (2)

xeP

correspond to a phasor vector summation. If ¢(x,y,t) contains frequency f, the
phasors add coherently and |&¢| is large; if f is absent, photon arrivals are un-
correlated with the complex sinusoid, the phasors cancel out, and |&¢| is small.
However, due to the stochastic nature of photon arrivals, |E¢| has nonzero fluctu-
ations even if f is absent. To detect a frequency f, the probing energy |E¢| must
be larger than the energy predicted by these noisy fluctuations.

Distribution of probing energy. For 3D Fourier basis functions, we show in sup-
plement Section B.4 that the probing measurements & approximately follow a
complex normal distribution with mean and covariance

(cos(27f T x), ¢(x)) } > _ |:<COS2(27TfTX),¢(X)> 0
(—sin(27f %), (x)) ]’ 0 (sin®(27f Tx), $(x))

(3)

The normalized probing energy
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follows a noncentral x? distribution with two degrees of freedom, with noncen-
trality parameters determined by p and 3.

Frequency detection. We use normalized Fourier probing functions pg(x) =
1 e—j27rfo
Vo

where v = |Q| = hwtex, represents the observation volume of photons. If fre-

quency f is absent from the flux, the probing measurement & has zero mean.

We can express this as a constant false alarm rate (CFAR) detector [40], where a

frequency f is detected if |E¢|? > CDF;;(l —a). Here, o denotes the significance
2

such that pg is orthonormal over the spatiotemporal volume (2,

value and false alarm probability. We show in supplement Section B.5 that this
relation can be written in terms of |£¢|? and critical value ¢, as follows:

Pl

2 -1
€” = CDF (1 - a) (5)

Ca

3.2 Velocity Detection

Because linear motion induces planar structure in the spatiotemporal spectrum,
we can use the probed spatiotemporal frequencies for motion analysis [49]. Con-
sider a local patch whose intensity I translates with approximately constant
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velocity v = [vg,v,] T, such that ¢(z,y,t) = I(x — vit,y — vyt). Here, the spec-
tral energy of ¢(z,y,t) due to the patch motion is confined to the plane

sz:r"‘vyfy"‘ft:() (6)
in the spatiotemporal frequency domain [49]. Thus, estimating linear motion
reduces to identifying planar concentrations of energy in 3D frequency space.

We formulate linear velocity detection as a plane-consistency problem. First,
we scan a discrete set of M velocity hypotheses {v;}},. For each hypothesis,
we measure the support of the corresponding velocity plane by accumulating the
energy of the detected frequencies lying near that plane

A Y jEP (")

folviTf|<e

where v/ = [v,, vy, 1]7 and e controls the tolerance to deviations from planarity.
Then, velocity planes are detected based on their accumulated energies. Unlike
the probing measurement, the plane scores do not follow a simple parametric dis-
tribution because (1) the cumulative energy aggregates the energy across many
different frequencies, and (2) neighboring velocity hypotheses have overlapping
frequencies, making their energies correlated. As a result, we use a nonparamet-
ric rank-CFAR test [13] to detect velocity planes. For each v;, we compute its
rank r; £ |{j € N; : E; < E;}| among the |N;| neighboring hypotheses, and
detect v; only if F; falls in the top aye fraction,

T Z ’7(1 - avel)(|M| + 1)—|7 (8)

which targets a false alarm rate aw,). See supplement Section C for derivations.

3.3 Extension to Other Asynchronous Sensors

Our probing theory can be extended beyond single-photon sensors to other asyn-
chronous sensors whose events stochastically encode a continuous intensity sig-
nal. The only requirement is that the image formation model and noise proper-
ties of the sensor must be known. We discuss two cases here—spike and event
cameras—and defer derivations to supplement Section D.

Spike cameras. Spike cameras output an event when the accumulated flux at a
pixel [ ¢(t)dt crosses a fixed threshold [15]. Therefore, the instantaneous spike
rate is proportional to the flux ¢(z,y,t) and spatiotemporal flux probing with
the spike events yields a noisy estimate of the spatiotemporal Fourier coefficients
of ¢(z,y,t), up to a scale factor.

FEvent cameras. Event cameras output an event with polarity ¢ = +1 when the
change in log-intensity log ¢(z,y,t) at a pixel exceeds a contrast threshold [26].
Fourier probing on these events (z;,y;,t;) € P is done via the following sum

& = Z oipe(xi, i, ti). (9)

(zi,yi,t:)EP
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Fig. 3: Overview of spatiotemporal flux probing. Spatiotemporal flux: The goal of
videography is to recover the spatiotemporal flux function ¢(x,y,t) (insets visualize
two time slices). Photon detections: The observed photon detections P are a stochastic
realization of an inhomogeneous Poisson process with rate ¢(z,y,t). Frequency scan-
ning and detection: We compute 3D Fourier probing measurements on P via Eq.
and declare f detected (in Fyes) if its probing energy |E¢|® exceeds co (set for a target
false alarm rate «). Fourier series reconstruction: We obtain (;AS(x, y,t) by performing
an inverse Fourier transform on the set of detected frequencies Fyet.

This yields a noisy estimate of the Fourier coefficients of 0, log ¢(z,y,t) up to
the scale of contrast threshold C.

4 Videography by Spatiotemporal Flux Probing

Our theory enables videography across asynchronous modalities such as single-
photon, spike, and event cameras. We discuss the algorithms for each modality,
with full implementation details in supplement Section G.

Single-photon videography. Using
our probing theory from Sec-
tion B} we can recover the
spatiotemporal flux ¢(z,y,t) di-

Algorithm 1 Flux reconstruction

procedure FLUXRECON(P,v, &)
// Frequency scanning
F + {f:}X£, up to Nyquist > Supp. G.1.1

rectly from a set of photon de- for f € F do

tections P in three steps, sum- P 1 —jorfTx '
; f e LY pe > Eq. (2)

marized in Algorithm First, end for i I

we estimate & from Eq. for // CFAR Detection

all frequencies in a discrete spa- Co <~ CDF}(1—a)- % > Eq.

tiotemporal Fourier basis F = Faer — {f ‘XT&P > o)

{f1,...,fx }— restricted to those
frequencies recoverable under the
given spatial and temporal sam-
pling rates—and obtain the cor-
responding probing coefficients
{&,,...,E }. Second, we apply the CFAR detection rule in Eq. to identify
the set of detected frequencies Fyet. Finally, we recover the spatiotemporal flux
by Fourier series reconstruction over the detected frequencies. The reconstructed

// Reconstruction
P(x) < l% Zfe]—'dct &e
return ¢

end procedure

j27rfo
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flux can then be resampled at arbitrary temporal resolutions. An illustration of
the pipeline is shown in Fig. [3]

Velocity-selective videography. Because we have an explicit mechanism for veloc-
ity detection (Section , we can reconstruct the video to focus on a particular
linear velocity while blurring away others. This “velocity focusing” is performed
directly in the spatiotemporal frequency domain. Given a detected velocity v e,
we focus on that linear motion by shearing the 3D Fourier spectrum via the
change of variables f; < f; +vi. fey, with £, , = [fz, f,] 7. This shear maps the
corresponding velocity plane to the temporal DC component, making linear mo-
tion at velocity vqet appear static in the reconstructed volume. Reconstruction
is then performed in a sliding temporal window over the photon stream to gen-
erate video frames. Although related ideas have been explored in conventional
videography [49] and single-photon imaging [46|, our method performs velocity
focusing at ultra-low light levels and without requiring manual specification of
the motion direction or magnitude as in previous work [46].

Spike camera videography. We compute the probing measurements from the
spike stream and estimate the Fourier coefficients of the flux. However, in re-
gions of constant flux, spike streams generate highly periodic spike trains, which
introduce strong artificial high-frequency peaks. To suppress these spurious com-
ponents, we apply a low-pass filter in addition to CFAR detection.

Event camera videography. The probing measurements of an event stream yield
the Fourier coefficients of the temporal derivative of the log flux, 0, log ¢(z, y, ).
To recover the log-intensity, we integrate this estimate of the derivative in the
frequency domain by dividing the spectrum by ;27 f; for f; # 0. In practice, low-
frequency temporal components are generally dominated by bias and drift [42],
so a high-pass filter is applied in addition to CFAR, detection. The resulting re-
construction is determined up to an additive constant in log-intensity. This con-
stant and lost low-frequency information can be obtained from intensity frames
recorded alongside the events, which we fuse together using a Kalman filter [21].

5 Results

We validate our theory on real captures from multiple sensing modalities. Our
experiments demonstrate four capabilities: (1) high-speed video recovery of dy-
namic scenes with simultaneous temporal flicker under extreme photon sparsity,
a regime in which existing methods struggle, (2) velocity-selective videography,
where detected velocity planes enable reconstruction focused on individual mov-
ing objects, (3) ultra-wideband videography in the GHz regime, achieved at
30x lower photon budgets than previous approaches, and (4) extension of our
spatiotemporal probing framework to event and spike cameras. We provide addi-
tional results and videos in the supplementary materials. Supplement Sections H
and I cover further experimental details and simulated-data results, respectively.



Spatiotemporal Flux Probing for Single-Photon Videography 11
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Fig. 4: Spatiotemporal flux probing results. Row 1: Videography with quanta sensors.
We reconstruct 100 kfps video of a scene with complex dynamics under 120 Hz illu-
mination flicker. Prior methods fail to recover motion and flicker simultaneously; ours
captures both. Row 2: Velocity-selective videography. Our method detects the veloc-
ities of multiple objects directly from the photon stream and produces higher-quality
reconstructions than QBP . Row 3: Comparison with QBP (left) and bit2bit
(right) on their respective datasets. Our method produces higher-quality reconstruc-
tions while simultaneously recovering the illumination flicker. Row 4: Comparison with
UWRB. Even in periodic motion scenarios favorable to UWB , our approach achieves
higher-quality reconstructions at two different light levels. Row 5: Ultra-wideband
videography. Our approach can recover the fan blade and the laser wavefront even
with 30x fewer photons than previous work .
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Sensor hardware. We use multiple sensing modalities—both synchronous and
asynchronous—to validate our theory. For synchronous capture, we use a 512 x
512-pixel SPAD512 camera [37] operating at 100 kHz, which outputs binary
frames where a value of 1 indicates a photon detection. For this modality, we
report light levels in photons per pixel (ppp) [30]. For asynchronous sensing, we
use the dataset from Wei et al. [52], acquired with a single-pixel SPAD providing
68 ps timing resolution and outputting a stream of photon timestamps. We
additionally evaluate our framework on data from a DAVIS240C event camera
and a spike camera using publicly available datasets [34L[55].

Baselines. We compare against several state-of-the-art techniques in high-speed
single-photon imaging. Ultra-wideband imaging (UWB) recovers temporal mod-
ulations at a pixel through flux probing in the time dimension only [52|. Quanta
burst photography (QBP) uses an “align-and-merge” strategy to aggregate pho-
tons along motion trajectories of scene points [30]. bit2bit is a self-supervised
denoising technique that leverages the inductive smoothness bias of neural net-
works [28]. Of these techniques, only UWB and our method are able to handle
both asynchronous and synchronous photon streams. QBP and bit2bit can only
handle synchronous frame data. Furthermore, these techniques produce quali-
tatively inferior results compared to our method, due to their limited ability to
leverage global spatiotemporal photon correlations.

High-speed videography under extreme photon sparsity. We demonstrate 100 kfps
videography of two foam bullets striking and rupturing a balloon captured with a
SPAD512 camera (Fig. . The scene is illuminated by a 120 Hz ceiling light and
a 31 kHz modulated LED. Our method reconstructs the projectile trajectories,
the balloon rupture, and both illumination flickers simultaneously. A visualiza-
tion of the 31 kHz flicker is provided in supplement Section H.1.1. Even under
extreme photon sparsity, our approach continues to recover the white bullet tra-
jectory and the ambient illumination flicker, demonstrating robust high-speed
videography in photon-starved conditions.

We further reconstruct a 100 kfps video of a scene in which lasagna is blended
in the background while water is poured in the foreground under 120 Hz AC
illumination. Despite photon-starved conditions, our method recovers fine spa-
tial details of the flowing water and blender contents while faithfully capturing
the global 120 Hz flicker (Fig. |4} row 1). In contrast, methods based on local
neighborhoods either smooth temporal modulation into spatial structure (e.g.,
bit2bit) or produce unstable modulation (e.g., QBP), while per-pixel approaches
(e.g., UWB) fail to capture the dynamic motion.

Velocity-selective videography. We apply our velocity detection (Section [3.2]) to
the scene shown in Fig. [[} Our method detects the velocities of multiple ob-
jects in the scene and reconstructs separate videos focused on each (Fig.
bottom), even for the gray high-speed foam bullet. To our knowledge, this is the
first demonstration of post-capture velocity-selective video reconstruction from
a single-photon stream with automatic velocity detection.
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We evaluate velocity detection on the toys dataset from [30]. We synthetically
thin the timestamps to simulate extreme low-light conditions. Even under severe
thinning, our method reliably detects object velocities and produces higher-
quality reconstructions than QBP (Fig. row 2, left). In this regime, local
photon accumulation becomes unreliable, whereas velocity-aware aggregation
provides a strong structural prior. We also captured a scene of falling balls under
AC illumination flicker, introducing simultaneous motion and high-frequency
modulation. Our method accurately detects the ball’s velocity and reconstructs
fine spatial detail despite extreme sparsity and flicker. In contrast, QBP blurs
temporally varying intensity (Fig. |4} row 2, right).

Comparison with baselines. We evaluate our method against QBP on the guitar
dataset |30] (Fig. |4} row 3, left). Our method is able to recover the fine features of
the guitar strings at 0.011 ppp, whereas QBP produces noisy reconstructions. At
this level of photon sparsity, local temporal aggregation cannot improve intensity
estimates since there are not enough photons to accumulate.

We compare with bit2bit on the Mandrill dataset [28]. Our approach resolves
finer spatial details (Fig. |4} row 3, right) and faithfully recovers the faint CPU
fan flicker present in the data. In contrast, bit2bit oversmooths both spatial tex-
ture and temporal variation, failing to capture the subtle flicker. We additionally
captured a scene of a static balloon illuminated by a localized 31 kHz sinusoidally
modulated LED. Our method successfully recovers the high-frequency modula-
tion, whereas bit2bit suppresses it as noise.

Finally, using the SPAD512 camera, we captured a scene of a fan rotating
at approximately 15 Hz and compare against UWB. Although the motion is
periodic—typically a favorable setting for UWB'’s periodic priors—the rotating
blades induce high temporal bandwidth in the flux at each pixel. Under extreme
photon sparsity, UWB fails to recover this bandwidth due to the low per-pixel
SNR and cannot reconstruct the blade structure (Fig. [4] row 4). In contrast, our
method accurately recovers both the fan blades and their specular reflections,
even with 10x fewer detected photons, where UWB completely breaks down.
This experiment demonstrates the advantage of estimating global spatiotemporal
structure rather than treating each pixel’s temporal signal independently.

Ultra-wideband videography. We evaluate our method on the same dataset used
by Wei et al. [52], where a diffused laser pulse illuminates a scene containing
a rotating fan. Our approach successfully reconstructs both the laser wavefront
and the spinning fan blades (Fig. |4l row 5, top). In contrast, UWB blurs the
fan motion at lower light levels due to the limited number of photons per pixel.
Notably, our method yields high-quality reconstructions even with 30x less light
(Fig. 4} row 5, bottom), demonstrating the advantage of exploiting global spa-
tiotemporal correlations for reconstructing ultra-wideband videos.

Videography with asynchronous sensors. We further demonstrate videography
results on event and spike cameras. For event cameras, we evaluate on the dataset
from [34] captured with a DAVIS240C sensor. Direct integration of events alone
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event camera videography
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Fig. 5: Videography with asynchronous sensors. Top: Our method reconstructs 1 kfps
video from raw event streams, achieving competitive results with the learning-based
method EvINR . Bottom: We reconstruct 10 kfps video from binary spike streams
with quality on par with STIR .

produces blurred reconstructions due to accumulated drift and the lack of ab-
solute intensity information. By combining our frequency-domain estimation of
Ot log ¢(z,y, t) with an intensity image via Kalman filtering , we obtain recon-
structions that preserve both spatial detail and temporal dynamics (Fig. |5} top).
The resulting quality is comparable to EvINR , a state-of-the-art learning-
based method for event-based videography. We also evaluate our method on
the spike camera dataset from , covering scenes with fast (moving car), pe-
riodic (fan spinning), and highly nonperiodic motion (water balloon rupture)
(Fig. |5} bottom). Our reconstructions remain visually consistent and detailed
across these varied dynamics. For reference, we compare against the state-of-
the-art learning-based method STIR .

Importantly, the core probing formulation transfers across quanta sensors,
SPAD timestamp streams, event cameras, and spike cameras, while the image-
formation models and reconstruction steps remain sensor-specific. To our knowl-
edge, no existing method applies across all these sensing modalities within a
single unified framework.

6 Conclusion

High-speed videography remains fundamentally limited by photon scarcity; our
work does not change that physical constraint. What it changes is how the
available photons are used. Existing methods confine estimation to local spa-
tiotemporal supports, discarding information encoded in the broader pattern of
photon arrivals. We have shown that the global structure of where and when
photons arrive carries sufficient information to jointly recover fast motion and
rapid illumination dynamics, even in regimes where prior methods degrade. We
hope that viewing the full spatiotemporal photon stream as a coherent signal,
rather than a collection of isolated detections, will inspire new approaches to
imaging under extreme photon sparsity.
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6.1 Limitations

Our current implementation has two main limitations. First, because we use
global Fourier probing functions, sharp spatial edges and temporal discontinu-
ities can spread energy across Fourier coefficients and produce Gibbs-like ring-
ing artifacts in the reconstruction [9,/14]. This limitation arises from the specific
choice of probing basis rather than from our spatiotemporal probing theory itself.
Since our theory only requires linear projections of the photon stream, alternative
bases with better spatial or temporal localization—such as wavelets [31]—could
reduce these artifacts without changing the underlying formulation.

Second, our velocity-selective videography assumes approximately constant
linear motion over the reconstruction window. When motion is highly nonlinear,
accelerating, or chaotic—for example in a balloon rupture or fluid splash—that
concentration breaks down, leading to reduced selectivity and reconstruction
blur. Extending the framework to richer motion models, such as higher-order
kinematics using polynomial-phase [36] or chirplet [32] probing functions, is an
important future direction.

6.2 Future Directions

There are several promising directions for future work. First, our formulation sug-
gests a unified perspective on videography from asynchronous sensors. Whether
events correspond to first-photon arrivals, intensity changes, or thresholded flux
accumulation, the probing measurements reduce to sums over event timestamps.
This provides a common mathematical framework for comparing sensing modal-
ities in terms of the spatiotemporal information they preserve and the recon-
struction quality they support under bandwidth constraints [46,47].

Second, our velocity-selective videography currently recovers image-plane
motion, but these estimates could also support geometric inference. Under known
camera motion, stereo, or multi-view capture, the recovered spectral shear may
provide a route to depth estimation [41] and structure-from-motion [19] directly
from sparse photon streams, linking our framework to core problems in dynamic
3D scene understanding in extreme low-light conditions.

Third, our framework may be useful for active and scientific imaging. In par-
ticular, the ability to handle fast motion together with high-frequency illumina-
tion changes could be valuable for single-photon lidar and Doppler imaging [23].
More broadly, because our method analyzes structure jointly in space and time,
it may also be useful for vibration sensing [6,44], where subtle periodic motions
must be recovered from extremely faint intensity signals.
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