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Figure 1. Videography in the inter-photon-limited regime. Our method reconstructs high-quality video from binary photon detections or
timestamp data when scene intensity fluctuates faster than photon arrivals. We characterize this regime using the inter-photon frequency fp
in periods per photon, which directly couples the speed of photon arrivals and scene variations in a timescale-invariant manner. Bottom:
Our method reconstructs both periodic (light flicker) and non-periodic scene variations (elevator door, human motion) simultaneously.

Abstract
We consider the problem of imaging a dynamic scene when
scene appearance variations can outpace photon arrivals.
Under such conditions, a pixel is effectively “blind” to
changes in appearance that occur within the timespan sep-
arating the photons it detects, and so the inter-photon inter-
val presents a significant speed barrier to video acquisition
systems. To analyze and advance imaging capabilities at
the inter-photon limit, we introduce a novel reparameteriza-
tion of time-varying flux that reveals the intrinsic difficulty
of signal reconstruction by relating the Fourier decompo-
sition of a flux function to the number of photons arriving
within each oscillation period. We find that inter-photon-
limited videography of general scenes is underexplored and
beyond the reach of existing reconstruction techniques. To
this end, we introduce Neural Flux Fields (NFFs)—a tech-
nique that combines statistical modeling of photon arrivals
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with intrinsic priors of a neural network to achieve robust
videography at the inter-photon limit. Using this approach,
we demonstrate never-before-seen capabilities in video re-
construction across a range of captured single-photon video
datasets spanning the inter-photon-limited regime.

1. Introduction
All forms of video acquisition—whether in bright or dim
conditions—rely on the implicit assumption that the avail-
able light is sufficient to sustain the chosen frame rate
and recording timespan. From recording speeding bul-
lets in bright sunlight with million-frame-per-second cam-
eras [39], to visualizing light propagation at billion-frame-
per-second rates with pulsed lasers [42, 43], to imaging
moving scenes in the dark with smartphones [13, 21] and
single-photon cameras [22, 37]—this assumption underlies
acquisition across diverse illumination and speed regimes.

But what speed can be achieved for a given light level?
A general answer to this question has proved elusive be-
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Figure 2. Top row: As the overall light level in a scene decreases, photons arrive farther apart on average and become individually
resolvable (middle). As the light level decreases even further, pixels become “blind” to variations that unfold over progressively longer
timespans. Our focus is imaging under inter-photon-limited conditions, where scene variations may outpace photon arrivals (right). Middle
and bottom rows: Comparison of videography regimes across nearly 14 orders of magnitude in inter-photon frequency. We show inter-
photon frequency spectra for 14 video datasets spanning diverse imaging conditions: from extremely bright to very dim, passive to active,
slow to ultra-fast. Spectra in the far left (red) represent comparatively easy regimes where photons arrive much faster than variations in the
scene; the far right (blue) represents extremely inter-photon-starved settings, where videography has only been possible with stroboscopic
methods [25, 43] or by utilizing strong periodicity priors [45]. The one-period-per-photon regime represents a (soft) speed barrier for
passive imaging of general scenes, with video datasets—even from single-photon cameras—falling mainly to the left.

cause of the diversity of illumination conditions and cam-
era hardware—both active and passive—used for imaging
time-varying scenes. Yet, understanding the relation be-
tween light level and attainable imaging speed is crucial
for pushing the limits of video acquisition to even higher
speeds, lower light levels, or both.

Toward this goal, we consider video acquisition un-
der inter-photon-limited conditions—where scene varia-
tions outpace photon arrivals, making the time between
consecutive photons the primary barrier to imaging speed
(see Figure 1). Under such conditions, a pixel is effec-
tively “blind” to changes in appearance that occur within
the timespan separating the photons it detects, regardless of
the camera’s capabilities.

Inter-photon-limited conditions arise whenever the light
level is too low—or scene dynamics too fast—for multiple
photons to arrive at the timescale of appearance variation.
They occur across a broad spectrum of timescales: from
fractions of a second in extreme low-flux imaging [28, 45],
to fractions of a millisecond in passive night-time videogra-
phy [5, 22], down to sub-nanosecond timescales in bright,
high-speed settings [23]. Many of these timescales al-

ready fall within the detection capabilities of modern single-
photon avalanche-diode (SPAD) sensors [3], making the
inter-photon interval a significant speed barrier in a grow-
ing range of video-acquisition systems.

To analyze and advance imaging capabilities under inter-
photon-limited conditions, we propose two innovations: (1)
a novel reparameterization of time-varying flux that offers
new insights into the intrinsic difficulty of reconstructing a
signal and (2) a method that enables robust videography at
the inter-photon limit. Our parameterization is based on a
simple idea: instead of representing flux variations in abso-
lute units of time, frequency, frame rate, and power—which
ties them to a very specific imaging setup and obscures the
relation between photon availability and attainable speed—
we represent them in relative units of periods per photon de-
tection. In other words, we jointly consider the Fourier de-
composition of time-varying flux and the rate at which pho-
tons arrive relative to the signal’s frequency content. The
only requirement is that pixels can time-stamp individual
photons with a timing jitter, dead time, and dark count rate
that are negligible relative to the inter-photon interval.

We leverage this representation to analyze the opera-
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tional range of existing imaging systems, datasets, and
video reconstruction algorithms relative to the inter-photon-
limited regime (see Figure 2). Interestingly, we find that
nearly all imaging systems—including those designed for
single-photon sensing—operate in a regime where thou-
sands or even millions of photons typically arrive within
every period of a time-varying optical signal. As the rate of
photon arrivals slows relative to variations in the flux func-
tion, we find (1) that few techniques operate at the inter-
photon limit, and (2) existing methods fail to solve the chal-
lenge of inter-photon-limited videography.

To overcome this barrier, we introduce a new method
that enables robust recovery of time-varying flux in the
inter-photon-limited regime. Our approach—Neural Flux
Fields—achieves this capability by combining statistical
modeling of photon arrivals with spatiotemporal priors en-
coded by an untrained neural field. By optimizing the Neu-
ral Flux Field to find a representation of time-varying flux
that is consistent with the arrival times of individual pho-
tons, we enable videography deep into the inter-photon-
limited regime where even the best-performing previous re-
construction methods fail (Figure 1). Similar to previous
self-supervised reconstruction techniques [8], our approach
operates on a set of photon arrival times captured in a single
video, and no large-scale training is required.

Overall, our work identifies and analyzes the regime
of inter-photon-limited videography, establishes its connec-
tions to various imaging modalities—including low-light
photography, quanta video reconstruction, inter-photon
imaging, and stroboscopy—and reveals it to be both under-
explored and largely inaccessible to existing reconstruc-
tion techniques. Further, we use our Neural Flux Fields
approach to demonstrate never-before-seen capabilities in
photon-starved video reconstruction, across a range of
captured single-photon video datasets spanning the inter-
photon-limited regime.

1.1. Related Work
Although the inter-photon interval is well-recognized as an
intensity cue for imaging scenes that change very slowly
at that timescale [16], its role as a speed limit for imag-
ing is far less understood. In particular, existing models of
time-varying image formation [1, 11, 15, 34] do not cap-
ture both the discrete nature of incident light and the speed
constraints imposed by the “blind” timespan between pho-
tons. Crucially, existing research conflates photon-limited
imaging—where light levels are low enough in absolute
terms to detect and process individual photons [24]—from
the inter-photon-limited regime, where light levels are low
relative to a scene’s time-varying appearance. This is a far
more challenging condition where existing methods break
down for general scenes (Figure 1).

The only prior methods that successfully surpass the
inter-photon limit are restricted to periodic signals, where
the underlying structure can be inferred by observing pho-
ton arrivals across many repeated cycles [28, 45]. Extend-
ing this capability to arbitrary, non-periodic scenes requires
stronger priors that integrate information from sparse pho-

ton arrivals over both space and time. Self-supervised im-
age and video reconstruction techniques [8, 19, 36, 47] have
demonstrated such priors, but they operate on dense pixel
arrays and are not directly applicable to photon arrivals.
Consequently, it remains unclear how to scale them to han-
dle the potentially millions of asynchronous photon events
acquired over long temporal windows.

Previous approaches for single-photon videography
leverage hand-crafted or learned spatiotemporal priors to
constrain the reconstruction task. For instance, burst imag-
ing methods [5, 24] align and merge photon detections to
enhance signal-to-noise ratio, but this requires that flux
variations occur much more slowly than photon arrivals—
an assumption that fails in the inter-photon-limited regime.
More recent approaches employ convolutional neural net-
works [22] or diffusion models [6] to recover dynamic flux
directly from photon timestamps; however, they can only
process a limited number of photon arrivals in a single
forward pass, which prevents exploiting long-range depen-
dencies across space and time to break through the inter-
photon limit. See supplement Section A for further discus-
sion of related techniques in neural video representation and
restoration based on conventional and quanta sensors.

2. Inter-Photon-Limited Imaging
Videography in the inter-photon-limited regime depends on
the relation between three characteristic timescales: (1) the
timescale of significant appearance variations in a scene,
(2) the timescale of consecutive photon arrivals at a pixel,
and (3) the timescale of individual video frames. We con-
sider the first two below and the third in Section 3.
Photon flux. Incident light on the image plane can be
expressed as a time-varying function ϕ(x, t) that repre-
sents instantaneous photon flux at pixel x and time t [2].
Formally, ϕ(x, t) is the rate function of an inhomoge-
neous Poisson process that governs photon arrivals at each
pixel [26]. We assume that ϕ(x, t) is defined over a dis-
crete pixel grid, is continuous over an acquisition interval
[0, tacq], and is measured in units of photons per second.

The mean inter-photon interval. The mean of ϕ(x, t) at
pixel x describes the average number of photon detections
per second at x. Its inverse, measured in units of seconds
per photon, is the mean inter-photon interval:1

τ(x) =

(
1

tacq

∫ tacq

0

ϕ(x, t)dt

)−1

. (1)

Spectral support of photon flux at a pixel. The tem-
poral frequency spectrum of ϕ(x, t), which captures the
timescales of significant appearance variation, is largely de-
termined by a scene’s illumination and dynamics. Natural
videos captured under steady (DC) illumination exhibit an
approximate 1/f behavior in the temporal frequency do-
main [9], corresponding to an aperiodic flux signal with

1Strictly speaking, τ(x) is the mean inter-photon interval of the equiv-
alent homogeneous Poisson process that yields the same expected number
of photon detections over [0, tacq] as the inhomogeneous flux ϕ(x, t).
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no dominant timescale. In most real-world scenes, spectral
support under DC lighting is confined to a relatively narrow
band, from sub-hertz to tens of kilohertz, reflecting physical
limits on scene and camera motion2 and on their vibrational
modes [7]. In contrast, when one or more light sources
in a scene are temporally modulated—due to light bulb
flicker [35], strobe lighting [41], projectors [32], continuous
time-of-flight sensors [12], or pulsed lasers [14, 37]—the
flux may contain periodic components with harmonics ex-
tending into the gigahertz range [28]. Temporal variations
in flux therefore occur at two broad timescales: a “long”
timescale of seconds to microseconds, where flux is gen-
erally aperiodic, and a “short” timescale of nanoseconds to
picoseconds, where it is mainly periodic. Our approach is
applicable to both settings and enables passive acquisition
of aperiodic as well as periodic appearance variations oc-
curring in a scene (see Figures 1 and 6).

Inter-photon-limited camera model. SPAD-based cam-
eras span a wide range of architectures (1D/2D arrays [40],
scan-based single-pixel systems [20]); detection charac-
teristics (quantum efficiency, timing precision, dead time,
dark count rate); and data formats (binary photon de-
tection frames [46] or asynchronous photon timestamp
streams [10]). Since our specific focus is a regime where
the fundamental speed barrier to imaging is not the cam-
era but the mean inter-photon interval, we assume that the
incident flux lies within the camera’s bandwidth,3 that the
detector’s dead time is much shorter than τ(x), and that the
probability of spurious photon detections is low enough to
be ignored. In this case, photon detection timestamps can
be modeled as realizations of the flux function ϕ(x, t).

Our approach is agnostic to the specific representation
of photon detection data. In the following, we represent the
camera’s output as a sequence of tuples (xi, yi, ti), where
ti is either the timestamp of the i-th photon detection or the
time assigned to the binary frame containing that detection.
In all cases, we assume that timestamps ti track real time.

2.1. Inter-Photon Flux Parameterization
While the above model captures the photon-detection pro-
cess, it does not make explicit how reconstruction uncer-
tainty scales with flux level or temporal frequency. To an-
alyze and compare imaging performance across different
light levels and timescales, we therefore seek a parame-
terization of photon flux that is invariant to absolute time
units and unifies measurements across imaging conditions
of widely differing brightness and speed.

Timescale-invariant uncertainty property. Our approach
builds on a key observation. Consider two sinusoidal flux
signals—one bright and fast, the other dim and slow—that
produce, on average, the same number of photon detections

2MHz-scale variations in incident flux can occur in highly specialized
conditions, and cameras supporting passive video recording up to a few
Mfps under bright illumination are commercially available [17].

3Typical bandwidths range from ∼50 kHz for quanta-like sensors [40]
to>10 GHz for time-stamping SPADs [30], with dead times from ∼10 µs
to a few nanoseconds, respectively.

within each of their periods (Figure 3, top). Because the
photon timestamps generated by these two signals follow
identical distributions over their respective periods, an inter-
photon-limited camera observing the same number of peri-
ods from each will yield parameter estimates with identical
statistical uncertainty. Thus, despite differing in absolute
frequency and amplitude, both signals appear equally un-
certain from the camera’s perspective.

Inter-photon flux & inter-photon frequency. The above
observation suggests that absolute time is not the natural
variable for describing flux uncertainty in the inter-photon-
limited regime. To exploit it, we redefine time in units of
mean photon detections p = t/τ(x), which is timescale-
invariant. Intuitively, each pixel x operates on its own “pho-
ton clock” that advances at the average rate of photon detec-
tions. This substitution yields a representation of incident
flux that is mathematically equivalent to ϕ(x, t) but inde-
pendent of any absolute timescale or illumination level.

In this representation, flux is expressed in units of pho-
tons per period, implicitly coupling the mean inter-photon
interval and temporal variation of flux into a single fre-
quency. Conversely, inter-photon frequency is expressed in
units of periods per photon, with higher frequencies corre-
sponding to increasingly photon-starved flux signals (Fig-
ure 2). We refer the reader to Figure 3 (middle) for full
expressions related to this parameterization.

Impact of various acquisition strategies on fp. Shorten-
ing the exposure time and reducing light level affect the con-
ventional Fourier magnitude similarly, but they differ funda-
mentally in the inter-photon domain (Figure 4): lower light
levels increase the inter-photon interval and the inter-photon
frequency, whereas shortening the exposure does not. In
stroboscopic imaging [41], synchronization to a modula-
tion frequency fsync effectively folds time at the sync period,
downscaling all frequencies by fsync. This can reduce inter-
photon frequency and estimation uncertainty considerably.

Discussion. The inter-photon parameterization has several
important ramifications both within and beyond the con-
text of modeling and understanding single-photon cameras.
First, it exposes imaging constraints that are not directly
captured by conventional representation of flux (Figure 3,
bottom). Second, by jointly coupling light level and tem-
poral variation, the parameterization provides a timescale-
invariant basis for performance assessment—one that re-
places absolute metrics such as illuminance (lux) or frame
rate with an inter-photon frequency response. Third, it re-
veals a unified imaging landscape that spans more than four-
teen orders of magnitude in inter-photon frequency, encom-
passing both passive and active imaging systems (Figure 2).

The unit inter-photon frequency. Frequency fp = 1 rep-
resents a soft but physically meaningful boundary beyond
which pixels are blind over timespans longer than a period
(Figure 2, top). Under such photon-starved conditions, per-
formance of both passive and active videography systems
requires use of spatiotemporal priors on scene illumination,
scene appearance, or both. We turn to this problem next.
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# detected photons

imaging operation expression in time domain in inter-photon domain

shorten acquisition tacq −→ 1
C tacq f not affected Φ(x, f) −→ 1

C Φ(x, f) fp not affected Ψ(x, fp) −→ 1
C Ψ(x, fp)

reduce light level ϕ(x, t) −→ 1
C ϕ(x, t) f not affected Φ(x, f) −→ 1

C Φ(x, f) fp → C fp Ψ(x, fp) −→ 1
C Ψ(x, C fp)

stroboscopic imaging ϕ(x, t) −→ ϕ(x, t mod 1
fsync

) f → 1
fsync

f Φ(x, f) −→ fsync Φ(x, 1
fsync

f) fp → 1
fsync

fp Ψ(x, fp) −→ fsync Ψ(x, 1
fsync

fp)

Figure 3. Inter-photon flux parameterization. Top row: Illustration of the time-invariant uncertainty property. Middle row: Key relations
governing time-domain and inter-photon-domain flux parameterizations. As the mean inter-photon interval increases (i.e., lower light level)
the corresponding inter-photon frequency increases, reflecting greater uncertainty in flux estimation. Bottom row: Comparison of basic
imaging operations. Shortening exposure time and reducing light level affect the conventional Fourier magnitude in the same way, whereas
they differ considerably in the inter-photon domain: lower light levels increase the inter-photon interval and thus the apparent inter-photon
frequency, whereas shortening the exposure does not. In stroboscopic imaging, synchronization to a modulation frequency fsync effectively
folds time at the sync period, downscaling all flux frequencies by fsync and reducing inter-photon frequency. See Figure 4 for an illustration.
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Figure 4. Relationship between the inter-photon flux spectrum
and the operations described in Figure 3. Shortening the acqui-
sition time reduces the magnitude of the inter-photon flux, while
reducing the light level increases inter-photon frequency as well.
Stroboscopic imaging has the same effect as boosting a scene’s
light level, shifting the inter-photon spectrum to the upper left.

3. Neural Flux Fields

We address the problem of inter-photon-limited videogra-
phy by training a Neural Flux Field (NFF)—a neural net-
work that estimates time integrals of the flux function from
photon detection data across a sensor.

Neural field representations are particularly well suited
to this problem because they allow flux integrals over a wide
range of temporal integration domains to be represented
and optimized differentiably. In particular, videography in
all inter-photon-limited regimes shown in Figure 2—from
quanta videography and transient imaging to passive ultra-
wideband imaging—can be modeled with the same neural
network; the only difference is the temporal integration do-

main associated with each video frame.
Crucially, because the same temporal frequency may

correspond to very different inter-photon frequencies de-
pending on a pixel’s mean inter-photon interval, the network
architecture can be designed so that variations at “brighter”
pixels (low fp) inform recovery of similar variations at
much “dimmer” ones (same f , much higher fp). In our
NFF, this joint inference is enabled by a frequency-encoded
temporal latent space that is independent of pixel position.
Flux integral of a video frame. Flux is an instantaneous
quantity that must be integrated over time to form frame v:

v(x) =

∫
V
ϕ(x, t)dt . (2)

In conventional video acquisition, frames are formed by in-
tegrating light over consecutive time intervals. This form
of integration is appropriate for general, temporally aperi-
odic variations. When flux has a periodic component, how-
ever, substantial reductions in inter-photon frequency can
be achieved by synchronizing frame integration to its pe-
riod (Figure 3, bottom). Intuitively, this allows each frame
to integrate light over multiple repeated cycles while pre-
serving temporal structure within a period. To enable such
stroboscopic integration schemes, we allow V to be a fi-
nite collection of non-consecutive intervals that distribute a
frame’s exposure over one or more timespans in [0, tacq].

Video reconstruction task. Given a sequence of pho-
ton detections P = {(xi, yi, ti)}Pi=1, we seek to compute
the integral in Eq. (2) for an ordered sequence V1, . . . ,VN
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Figure 5. Overview of neural flux fields. We associate a temporal coordinate tVk with each exposure Vk. The neural flux field Φθ takes the
temporal coordinate as input and passes it through a temporal frequency encoding function γ. This encoding is processed by a multi-layer
perceptron, whose output is shaped into a spatial tensor and processed by convolutional layers. Finally, the resulting predicted video frame
v̂(x) is compared to the measurement frame ṽ(x), and we optimize Φθ to maximize the likelihood of the measurements.

of equal-length, frame-specific integration domains corre-
sponding to video frames (v1, . . . , vN ).
Photon aggregation. To create the measurements used
to optimize the network, we aggregate photon detections
corresponding to each frame’s exposure. Specifically, we
define a measurement frame ṽ(x) as the count of photons
detected at each pixel within the exposure V:

ṽ(x) = |{(xi, yi, ti) | (xi, yi) = x and ti ∈ V}| . (3)

We seek to train a neural flux field to predict video frames
that are consistent with these measurement frames.

3.1. Architecture
The neural flux field is parameterized by a neural network
Φθ, which maps a temporal coordinate tV associated with
an exposure V to a predicted video frame v̂, or

v̂ = Φθ(tV) . (4)

The network architecture consists of three main components
(Figure 5)—a temporal frequency encoding layer, a multi-
layer perceptron (MLP), and a set of convolution layers. We
train the network to minimize a negative log-likelihood loss
based on the Poisson statistics of photon detections within
each measurement frame.
Temporal frequency encoding. We set the input tempo-
ral coordinate tV to the start time of the first interval in
V . Then, we normalize the resulting coordinate values such
that tV ∈ [−1, 1]. We apply a temporal frequency embed-
ding to tV to improve the ability of the model to represent
high-frequency variations and to facilitate recovery of fre-
quencies present in the photon data [38]:

γ(tV) =
[
tV , sin(ωtV), cos(ωtV)

]T
, (5)

where ω = [2, 22, . . . , 2L]T and we use L = 16.
Pixel-independent latent space representation. By mak-
ing the network’s initial layers independent of pixel position
x, we force it to learn a temporal latent space that is shared
by all pixels. In particular, the embedding γ(tV) is pro-
cessed by a four-layer MLP, producing a high-dimensional
latent vector that we reshape into a spatial tensor of size
16× 16× 256. This tensor is then passed through a convo-
lutional network adapted from a recent implicit video repre-
sentation [4], consisting of four residual blocks interleaved

with 2× bilinear upsampling. Finally, we apply a softplus
activation to obtain the predicted video frame ṽ, normalized
to [0, 1]. See supplement Section C for more details.
Loss function. We optimize the network parameters θ by
comparing the predicted video frame v̂ = Φθ(tV) with the
corresponding measurement frame ṽ. Assuming that pho-
ton detections at pixels x follow an inhomogeneous Poisson
process with rate v̂(x), we minimize the Poisson negative
log-likelihood (NLL) across all exposures {Vk}Nk=1:

L(θ) =
N∑

k=1

∑
x

[
v̂k(x)− ṽk(x) log v̂k(x)

]
. (6)

3.2. Computational Stroboscopy
For periodic flux signals, the number of detected pho-
tons per measurement frame can be greatly increased—and
inter-photon frequencies reduced—using a computational
analog to stroboscopy. Specifically, we identify the signal’s
fundamental frequencies and design interleaved exposures
V that integrate light over multiple cycles, with intervals
separated by the period T .
Fundamental frequency estimation. We identify the fun-
damental frequency of the periodic signal using harmonic
probing [28] on the raw photon data. The procedure locates
strong peaks in the temporal Fourier spectrum of the signal
and iteratively localizes them to obtain a precise estimate of
the fundamental frequency.
Creating the periodic exposures. For a scene with a single
detected fundamental frequency f (with period T = 1/f ),
we define a set of periodic exposures {Vk}Nk=1. Here, each
exposure Vk spans multiple, disjoint intervals that are sepa-
rated by the period T :

Vk =
M⋃

m=1

[tVk +mT, tVk +mT +∆t] , (7)

where tVk
is the start time of the first such interval, ∆t is the

duration of each disjoint exposure interval, and we create
N = ⌊T/∆t⌋ exposures to cover the full period T . See
supplement Section C.2 for more details.

3.3. Implementation Details
We implement the model in PyTorch [29] and train end-
to-end using the Adam optimizer [18] with a learning rate
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of 10−3 and a batch size of 128 temporal coordinates. For
a typical dataset of 100k–130k frames, we train with early
stopping for a fixed 30 epochs. This is sufficient for conver-
gence and avoids overfitting to the noisy photon data. On an
NVIDIA RTX A6000 Ada GPU, training for a single scene
completes in approximately 3.5 hours.

4. Experimental Results
We evaluate our approach on both captured and synthetic
datasets spanning a wide range of inter-photon spectra (Fig-
ure 6, row 1); inter-photon frequencies fp ranging from
less than one to over a million; and photon data in the
form of quanta image sequences as well as picosecond-
resolution timestamp streams. See the supplemental web-
page for videos and supplement Section D for more results.

Inter-photon-limited videography with quanta cameras.
Figure 1 shows reconstruction of 100 kfps video of a per-
son jumping into an elevator with fast flickering lights. The
one-second input sequence from a SPAD512 camera [40]
yielded 2000 photons per pixel per second on average, cor-
responding to fp = 2.37, i.e., slightly above the soft fp = 1
threshold. To simulate settings that are even more photon-
starved, we thin photon detections by up to three orders of
magnitude (fp = 5284). Despite this, our method recovers
the scene’s time-varying appearance even for the highest fp.

Figure 6 (row 5) shows another very challenging case
of a foam bullet shot from a toy gun: the bullet is small
and fast-moving, the gun’s motion is aperiodic, and the low
light levels produce extremely sparse photon detections in
both space and time. Our method successfully reconstructs
the trajectory of the bullet (Figure 6, row 5, middle). As pre-
dicted by our inter-photon frequency parameterization, the
hand’s slower motion and larger size generate more pho-
tons, making it easier to recover (Figure 6, row 1). Even
when we increase fp by 1000× from 0.447 to 309 via thin-
ning—rendering the bullet unobservable—the hand is accu-
rately reconstructed (Figure 6, row 5, right).

We also consider inter-photon-limited videography using
simulated photon streams from high-speed video datasets.
Figure 6 (row 5) shows results on a highly dynamic scene
of milk splashing over cereal. To achieve acceptable qual-
ity, conventional high-speed cameras operate in the range of
fp = 10−6 to fp = 10−4 (Figure 2) whereas our method
recovers video of comparable quality at inter-photon fre-
quencies that are 5 orders of magnitude higher.

The NFF advantage. Figure 6 (row 4) shows videos of a
fan spinning at 54 Hz in a dark room reconstructed from a
quanta image sequence with just 40 photons detected per
pixel per second (fp = 44.7). We compare two meth-
ods: (1) our NFF approach without employing computa-
tional stroboscopy and (2) passive ultra-wideband imaging
(UWB) [45]. The inter-photon frequency parameterization
reveals the fundamental limit of single-pixel methods such
as UWB: in these extreme inter-photon-limited settings, the
fan’s harmonics fall below the noise floor, causing UWB,
which is well-suited for periodic flux signals but neglects

spatial correlations, to produce blurred results. In contrast,
NFF successfully reconstructs the fan’s time-varying ap-
pearance even after significant thinning (fp = 5188).
Computational stroboscopy with free-running SPADs.
We use the method of Section 3.2 and train the same
NFF network as above to recover videos from UWB’s fan
photon timestamp dataset—an inter-photon-limited regime
that is far beyond the capabilities of quanta-based methods
(fp > 106). As shown in Figure 6 (row 7), we recover su-
perior slow-motion videos compared to UWB, and transient
videos of higher fidelity.
Comparison to Quanta Burst Photography (QBP) [24].
Figure 6 (row 2) shows results on two thinned versions of
QBP’s guitar sequence. In particular, since the original se-
quence is not inter-photon limited, we synthetically thin it to
increase fp to 4.21 and 21.07, respectively. With this pho-
ton sparsity, QBP’s temporal aggregation cannot improve
intensity estimates; there are not enough photons to accu-
mulate, causing its reconstructions to collapse to binary pat-
terns. NFF, on the other hand, recovers fine guitar string
motions at both fp levels.
Comparison to bit2bit [22]. Lastly, we show results on
two thinned versions of the drill sequence from [22] (Fig-
ure 6, row 3). While bit2bit works well on the original se-
quence (fp = 2.82), its performance under aggressive thin-
ning (fp = 1995, and fp = 32359) reveals the limitations
of its small temporal context window: only photon detec-
tions within its temporal window can be exploited, and as
fp increases those correlations are no longer present. As a
result, it yields motion-blurred intensity estimates.

5. Concluding Remarks
We believe that the inter-photon frequency representation
provides a useful lens through which the intrinsic dif-
ficulty of photon-starved imaging regimes and datasets
can be characterized. It remains an open question, how-
ever, whether the inter-photon re-parameterization should
be used directly in the reconstruction process. Neural Flux
Fields, while enabling videography well inside the inter-
photon-limited regime, also have limitations. Like other
deep-image-prior-like methods [8, 19], they require early
stopping to avoid overfitting the flux function to stochas-
tic photon arrivals. Because NFFs are trained on frames
with short integration times, repeatedly querying the flux
field for longer exposures can be computationally expen-
sive. Reconstruction quality can also degrade when inter-
polating between training time indices.

There are many avenues for future work. Beyond further
improvements to the architecture, our approach could be
combined with strong statistical priors over natural videos
learned by generative models [31, 44]. There are also
opportunities in active imaging and computational stro-
boscopy, where the interplay between illumination and
a scene’s time-varying appearance could further improve
inter-photon-limited video reconstruction.
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Figure 6. Inter-photon-limited videography results. Row 1: We show the pixel-resolved inter-photon frequency for five different scenes
captured by a range of cameras, including quanta sensors, a high-speed phantom camera, and a picosecond-resolution single-photon
avalanche diode (yellow means higher frequency). The inter-photon spectrum of each sequence is shown on the leftmost column. Rows
2–5: We compare inter-photon-limited video reconstructions from Neural Flux Fields to those from quanta burst photography (QBP) [24],
bit2bit [22], and ultra-wideband imaging [45] at two different inter-photon frequencies (fp). Our approach successfully reconstructs videos
where other methods fail. Row 6: We also compare to a scene with complex motion, where photon arrivals are simulated from videos
captured from a conventional high-speed camera. Row 7: We compare to ultra-wideband imaging and show that our approach can recover
cleaner videos at two different video timescales (100 kHz and 6 GHz).
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