
RnGCam: High-speed video from rolling & global shutter measurements

Kevin Tandi1* Xiang Dai1∗ Chinmay Talegaonkar1 Gal Mishne1,2 Nick Antipa1

1Department of Electrical and Computer Engineering, University of California, San Diego
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Abstract

Compressive video capture encodes a short high-speed
video into a single measurement using a low-speed sensor,
then computationally reconstructs the original video. Prior
implementations rely on expensive hardware and are re-
stricted to imaging sparse scenes with empty backgrounds.
We propose RnGCam, a system that fuses measurements
from low-speed consumer-grade rolling-shutter (RS) and
global-shutter (GS) sensors into video at kHz frame rates.
The RS sensor is combined with a pseudorandom optic,
called a diffuser, which spatially multiplexes scene infor-
mation. The GS sensor is coupled with a conventional
lens. The RS-diffuser provides low spatial detail and high
temporal detail, complementing the GS-lens system’s high
spatial detail and low temporal detail. We propose a re-
construction method using implicit neural representations
(INR) to fuse the measurements into a high-speed video.
Our INR method separately models the static and dynamic
scene components, while explicitly regularizing dynamics.
In simulation, we show that our approach significantly out-
performs previous RS compressive video methods, as well
as state-of-the-art frame interpolators. We validate our ap-
proach in a dual-camera hardware setup, which generates
230 frames of video at 4,800 frames per second for dense
scenes, using hardware that costs 10× less than previous
compressive video systems.

1. Introduction

High-speed video imaging is instrumental in visualizing
and analyzing fast-moving systems across disciplines, such
as neuroscience [8, 26] and microscopy [15, 55]. Conven-
tional image sensors have limited analog-to-digital band-
width, which limits the spatio-temporal sampling rate a
given sensor can acquire. This forces a trade-off between
temporal and spatial resolution. Conventional high-speed
cameras use expensive, bulky sensors and read architectures
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to reduce the trade-off by directly increasing bandwidth.
In contrast, compressive video breaks this trade-off by

encoding multiple frames of high-speed video into a sin-
gle digital exposure captured with a 2D image sensor. The
video frames are then computationally reconstructed. The
resulting inverse problem is ill-posed and requires strong
video priors to uniquely recover the video [1, 48].

While many hardware solutions for compressive video
have been proposed, we focus here on exploiting the rolling
shutter (RS) available in nearly all low-cost CMOS image
sensors. Previous work shows that high-speed compressive
video can be recorded by coupling RS sensors with optical
multiplexing elements such as diffusers [1, 37, 48]. How-
ever, these methods rely on sparse video priors. As a result,
they struggle to recover dense scenes with bright, detailed
backgrounds. This limits their utility to relatively simple
scenes with empty backgrounds, which are consistent with
the sparsity priors. Data-driven video interpolation meth-
ods [16, 18, 25] are commonly used to upsample videos
captured by conventional low-fps cameras. However, since
these methods are typically trained on internet videos, they
often generalize poorly to out-of-distribution scenarios, par-
ticularly when interpolating chaotic motions over large tem-
poral gaps. We demonstrate this with a simple toy experi-
ment in Fig. 2. We aim to accelerate conventional sensors
by over 100×, a regime in which learned upsampling per-
forms poorly for chaotic, out-of-distribution scenes.

Our Contributions: In this paper, we address these limi-
tations and demonstrate that RS sensors can capture high-
speed compressive video of scenes comprising nontrivial
backgrounds, by leveraging a few GS frames captured dur-
ing the exposure of the RS sensor. We build a hardware
prototype, RnGCam, to capture optically aligned GS and
RS measurements. We propose an implicit neural repre-
sentation (INR)-based space-time fusion model (STFM), to
recover high-speed videos from the combination of diffuser-
coded RS and GS measurements. Using GS measurements
and our proposed regularization, we recover high-speed
videos with dense backgrounds with much higher fidelity

8830



than previous methods [1, 4]. We demonstrate our improve-
ments over previous work, and modern data-driven video
interpolators [16, 54] in both simulation and on real-world
data captured from RnGCam.

The rest of the paper is organized as follows. We start
with related work in Sec. 2, and outline the camera model
preliminaries in Sec. 3. We present our space-time fu-
sion model (STFM) reconstruction algorithm in Sec. 4. We
demonstrate results on simulated and real data, and explain
the RnGCam hardware setup in Sec. 5.

2. Related work
Methods for high-speed video recovery from regular sen-
sors can be broadly classified into two categories. Hard-
ware modulation methods, which use spatial and temporal
multiplexing, or capture data with additional sensors such
as event cameras, to complement standard sensors. Com-
putational Methods, which rely on algorithmic techniques
such as data-driven video interpolation methods, or INRs to
solve the inverse problem of video upsampling from com-
pressive measurements.
Spatial-Multiplexing Systems: Enhancing the temporal
resolution of an imaging sensor can be achieved through
spatial multiplexing using optical elements such as diffrac-
tion gratings or diffusers placed in front of the sensor. These
elements map a single scene point to multiple sensor pixels,
allowing each pixel to carry scene information across differ-
ent time frames. Spatial multiplexing allows video record-
ing with a limited number of pixels, reducing the bandwidth
requirements. Different pixel arrangements have been used
to subsample the sensor plane, including a single pixel [6],
a line sensor [38], region of interest (ROI) [39], or a con-
ventional RS sensor [1, 37, 48]. Because RS sensors read
row-by-row, each row can encode a frame of video, increas-
ing the frame rate by a factor proportional to the number
of rows. In all cases, reconstructing a full-frame image
from limited pixel measurements is an ill-conditioned prob-
lem. Many of these works which rely on sparsity priors,
inspired by compressed sensing, perform poorly for non-
sparse scenes. Some work has shown improvements using
INRs to enforce stronger priors, improving results signif-
icantly [3, 29]. In our work, we show that our hardware,
comprising two complementary cameras, in conjunction
with our INR-based video reconstruction method, produces
significantly better video quality for dense scenes than pre-
vious spatial multiplexing systems.
Temporal-Multiplexing Systems: Coding various expo-
sures within a single frame has been widely utilized in cap-
turing dynamic scenes to deblur the motion artifacts [13].
Later, this concept was extended to reconstructing high-
speed video from a single measurement [10–12, 14, 27,
35, 46]. A straightforward method is to modulate exposure
time pixel-wise using a specially designed sensor that of-

fers single-pixel exposure control [14, 27, 32, 50]. Another
approach requires dynamic optical components such as a
streak camera [9], piezoelectric stages [20, 23, 24], spatial
light modulator (SLM) [12, 33, 35] or digital micromirror
device (DMD) [5, 47] to generate different designed pat-
terns at a higher time rate to encode the temporal informa-
tion. These specialized optical components and sensors are
expensive and have a limited frame rate. Additionally, many
of the methods struggled in non-sparse scenes [38, 39]. Our
method uses a homemade diffuser made of optical epoxy on
cover slides, while still allowing us to recover frame rates
of up to 4800 with a single calibrated PSF image.
Multi-Sensor systems: Another common approach is com-
bining multiple sensor types to compensate for the limita-
tions of a single sensor. Event cameras, valued for dynamic
sensitivity, capture information missed by regular RGB sen-
sors [44, 45, 53]. However, they are expensive, saturate with
camera motion, and Timelens [44] requires training with
a large video-event dataset, and reports at most 15 frame
skip compared to our 130. Similarly, camera arrays have
achieved high-speed video capture [49]. Other works have
fused RS and GS for video recovery without optical mul-
tiplexing, recovering video with relatively low frame rates
[7]. Integrating consumer-grade GS and RS sensors to col-
lect complementary data is an innovative approach to de-
coding high-speed information [40], though it has not been
directly applied to video recovery. Building on this idea, our
method inserts a diffuser in front of the RS to encode dy-
namic information instead of a speckle pattern while using
a standard RGB sensor to preserve high-frequency details.
Data-driven video frame interpolation methods: Our
work closely relates to video frame interpolation (VFI),
a well-studied computer vision problem [31]. Popular
VFI methods use convolution- or transformer-based mod-
els with implicit architectural priors and are trained on large
datasets. Recent works predict frames as discrete time steps
given a start and end frame [18, 21, 25, 30]. In contrast,
ours enables continuous frame interpolation along the time
axis. We hence compare our work with the popular method
SuperSlomo [16], and more recent work EMA-VFI [54],
which allow continuous time interpolation between frames.
Our approach outperforms these methods (see Sec. 5), with-
out being trained on large datasets.
Implicit Neural Representations (INRs) for inverse
problems: Coordinate-based neural networks have been
gaining popularity for a variety of visual computing tasks,
for a full survey, refer to [52]. Our work closely relates to
approaches [3, 34, 42] that use INRs in computational imag-
ing inverse problems. In our paper, we adopt SIRENs [41]
as our signal representation. A variety of other neural repre-
sentations have been developed with different architectures
to increase the representation ability of these coordinate net-
works [22, 36, 51].
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Figure 1. Pipeline for fusing multiple global shutter measurements and an RS diffuser coded long exposure measurement. Both
sensors are triggered at the same time, and in between the start and end of the RS’s coded long exposure, two more images are captured as
key frames using the global shutter. The RS and diffuser encodes high speed dynamics into a single measurement, and the GS measurements
act as key frames for the reconstruction. The sum of a time-varying and static neural scene representation is used to fuse together both
measurements into a high-speed reconstruction with a dense background.

!"##$%&"'()%*&+ ,-./01(&$/#*-* 20&$3(%4*5

!! !" !#

Figure 2. Video interpolators struggle with complex motions.
Even with a very simple background, video interpolators produce
inaccurate trajectories of the ball, with the 3 input frames at t1, t2,
and t3. Our method recovers these trajectories with high fidelity.

3. Fusing GS and coded RS images to handle
complex scenes

In an optical system that utilizes spatio-temporal multiplex-
ing optics like ours, there is a finite amount of information
that can be encoded into a single measurement. This is
particularly apparent in complex scenes with stronger back-
grounds, where the background signal is mixed and aggre-
gated with the signal of interest and makes the recovery of
the dynamic portion of the signal much more challenging.

As illustrated in Figure 1, our system consists of two sen-
sors aimed at the same scene by utilizing a beam splitter to
divide the light equally between the coded RS arm and the
arm with the GS sensor at imaging conditions.

In this section, we first present the acquisition scheme
for our data capture. We then illustrate the image formation
model for the coded RS image and GS images. Our goal
in this paper, is to exploit the RS behavior to gain access
to the data that GS would miss in the long gaps between
frames, while using the high quality GS images, imaged
with a conventional lens, to improve the spatial detail of the
recovered high-speed video.

3.1. General camera model
Here we describe the model for a general sensor combined
with an optical system with a known shift-invariant PSF,
h(ξ, η). Assuming no occlusions, the time-varying intensity
arriving at the sensor from a dynamic scene v(ξ, η, τ) is
given by 2D linear convolution

ṽ(ξ, η, τ) = v (ξ, η, τ)
(ξ,η)

∗ h(ξ, η), (1)

where
(ξ,η)

∗ denotes 2D convolution over the continuous spa-
tial dimensions (ξ, η), for time τ . We discretize the problem
onto grid (x, y, t) and approximate (1) as

ṽ(x, y, t) = C
[
P (h(x, y))

(x,y)
! P (v(x, y, t))

]
(2)

where ! is circular convolution, P operator is 2D zero
padding, and C is 2D cropping such that C(P(v)) = v. Note
that our optical system includes a field stop which limits the
support of the scene to an area strictly smaller than the sen-
sor, which is why v can be zero-padded in (2). Finally, the
digital measurement recorded by a sensor is

b(x, y) =
∑

t

S(x, y, t)ṽ(x, y, t), (3)

where S(x, y, t) is an indicator that encodes the sensor’s ex-
posure timing at pixel (x, y), taking on value 1 when a pixel
is actively recording photons, and 0 otherwise. Substituting
(2) into (3) yields a general camera model for a system with
a known PSF and sensor exposure pattern. In subsequent
sections, we describe S and h for each of our two cameras.

3.2. Rolling and Global shutter timings
The timing diagram in Figure 3 shows a comparison be-
tween global and rolling shutter sensors. The rolling shutter
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Figure 3. Shutter timing diagram. Blue depicts active RS rows,
and red depicts active GS rows. T R

e is the exposure time for a
single RS row, τline is the lag time between rows, and T G

e is the
exposure time for the GS. At T0, a long RS exposure is triggered,
and 3 short GS exposures are triggered at T G

1 , T G
2 , and T G

3 .

exposes each row of pixels for the same exposure time, T R
e

with a short delay, τline, in the onset of exposure as com-
pared to the previous row. We represent this as the indicator
function, SR(x, y, t) = rect

(
1

T R
e

[
t − y · τline

])
. The de-

lay between rows is typically very short, on the order of
microseconds, whereas global shutter has a relatively long
gap between exposures due to pixel readout.

3.3. Rolling shutter and Diffusers

The RS arm comprises an RS sensor and a smooth, pseu-
dorandom phase optic called a diffuser. The diffuser maps
each scene point to a large, structured PSF, h. The intensity
arriving at the sensor, ṽ(x, y, t), from an extended scene
v(x, y, t) is described by convolution (2). As illustrated in
Figure 4(a), the large PSF spreads scene information over
the entire sensor, which plays a critical role in enabling
high-speed video using rolling shutter.

The process of capturing a dynamic scene with a diffuser
and RS sensor is illustrated in Figure 4 (c). The single 2D
measurement recorded by the RS-diffuser camera, bR, is de-
scribed by substituting SR and h into (2) and (3). Because
the diffuser distributes the scene intensity values in a struc-
tured way over the entire sensor, the bR contains informa-
tion about nearly all spatial points at each time during RS
acquisition. As shown in prior work [1, 48], this enables
recovery of sparse video from RS-diffuser measurements.
However, these approaches struggle with dense scenes (Fig.
7 (d) and (e)). We denote the RS-diffuser measurement pro-
cess for a video with M × N spatial samples and K frames
in matrix-vector form as

bR = ARv (4)

where AR : RMNK $→ RMN is the matrix form of (3), b ∈
RMN and v ∈ RMNK are column-stacked versions of b
and v, respectively. The details of AR are in Appendix A.4.

3.4. Global shutter and lens
The global shutter sensor is coupled with a high quality
lens, so we assume its PSF is hG(x, y) ≈ δ(x, y). How-
ever, the lens does have some distortion, and the magnifi-
cation is not the same as the RS camera, so we perform a
coordinate transform on the measurements as described in
Appendix A. This allows us to model the intensity arriv-
ing at the GS sensor as approximately equal to the scene,
v(x, y, t). In our implementation, we capture three GS ex-
posures at times T G

1 , T G
2 , and T G

3 , spanning the RS capture
time. The GS shutter function for the l−th GS capture is
given by Sl

G(t) = rect
(

1
T G

e

[
t − T G

l
])

. As illustrated in
Figure 4(d), the combination of GS exposure and a lens pro-
duces three frames containing full 2D scene information at
the instants the GS sensor was triggered. Note that the GS
sensor is blind for most of the video duration due to its slow
readout time. The GS measurements are described by

bl
G(x, y) =

∑

t

Sl
G(t)v(x, y, t). (5)

We denote in matrix-vector form as

bl
G = Al

Gv (6)

where Al
G : RMNK $→ RMN is the matrix describing GS

exposure model and bl
G is the column-stacked version of

the l−th GS measurement. The collection of all 3 GS mea-
surements, as a vector bG ∈ R3MN , is given by

bG = AGv (7)

where AG = [(A1
G)ᵀ|(A2

G)ᵀ|(A3
G)ᵀ]ᵀ is the combined

forward model of the three GS captures. Our goal is to
compute a high-speed video containing hundreds of frames
given only the four frames captured by our two systems:
one RS-diffuser capture, and three GS-lens images. With
the camera models described above, the high-speed video
can be estimated by solving the optimization problem:

v̂ = arg min
v

‖Av − b‖2
2 (8)

where A = [Aᵀ
G|ψAᵀ

R]ᵀ is a matrix modeling both cam-
eras, and b = [bᵀ

G|bᵀ
R]ᵀ contains all four measured frames

in vector form. The parameter ψ ≥ 0 controls the weight
given to the RS measurements. This formulation fuses the
GS and RS measurements, allowing us to use GS mea-
surements for estimating the spatially high-frequency com-
ponents of the scene, and RS measurements for temporal
frame upsampling.

This problem is highly underdetermined, so strong video
regularization is required to recover the correct video
uniquely. While prior work [1] applies 3D total variation
(3DTV) on the grid v as a regularizer, we propose a space-
time fusion model (Sec. 4) that allows explicitly regulariz-
ing spatio-temporal consistency.
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Figure 4. Lensless camera forward model. (a) The intensity arriving at a lensless camera sensor is the 2D convolution of the diffuser PSF
h and the scene v. Illustrating the capture process of a dynamic scene. All y-t images are slices aligned with the ball’s x-coordinate. (b)
The scene is a red ball moving sinusoidally in the y-direction. The RS-diffuser camera (c) measurement bR, records the dynamic intensity,
ṽ distributed all over the sensor due to convolution with the large diffuser PSF. This encodes rich spatio-temporal scene information into
bR. The GS-lens camera (d) acquires three 2D images, trading temporal information for better spatial detail than the RS-diffuser. This
motivates our system design wherein we fuse the two measurement types into a high-speed video.

4. Space-Time Fusion Model Reconstruction

Our proposed space-time fusion model (STFM) lever-
ages two intrinsic properties of high-speed videos—static-
dynamic decomposition and local spatiotemporal consis-
tency. STFM explicitly factorizes the video into an al-
pha blend of static (background) and dynamic (foreground)
components. Each video component is modeled with a sep-
arate INR, see Fig. 5. We also explicitly model a motion-
warping field with a separate INR to locally regularize the
spatio-temporal motion in the video. These inductive bi-
ases in our design alleviate the ill-posedness of the inverse
problem in (8) and significantly improve the reconstruction.
We demonstrate this through ablation in Appendix C.1. We
first briefly overview INRs followed by an explanation of
our proposed STFM.
Implicit Neural Representations: INRs are neural net-
works Fθ : RP → RQ, with parameters θ, that provide a
continuous approximation to a target function f : RP →
RQ defined on a P -dimensional input domain and produc-
ing a Q-dimensional signal (e.g., a scalar field or RGB val-
ues). When used as coordinate neural networks, they can be
trained such that Fθ(γ(x)) ≈ f(x), ∀x ∈ RP where x is
the coordinate vector and γ(·) denotes the commonly used
positional encoding function [28], defined in Appendix B.6.
For brevity we denote Fθ(γ(x)) as Fθ(x) in the rest of the
text. In our work, we use SIREN [27], an INR with si-
nusoidal activations as the representation backbone for our
neural space-time model.
Space-Time Fusion Model: We explicitly decompose
the video into its static and dynamic components using
two separate INRs, F S

θ and F D
θ , respectively, as shown

in Fig. 5. While INRs are continuous functions, our data
is measured on a discrete spatiotemporal grid. We there-
fore evaluate the INRs on a spatiotemporal coordinate ten-
sor X ∈ RMNK×3 = [Xxy, Xt], where Xxy ∈ RMNK×2

contains the spatial coordinates (x, y) and Xt ∈ RMNK×1

contains the temporal coordinate t. We adopt the notation
F (X) to denote row-wise evaluation: each row of X is

treated as an input to F . Note that the grid structure arises
from the discrete pixel structure of the sensor. More details
on X are in the Appendix B.6.

To evaluate the final video color vθ ∈ RMNK×3 on
the full grid X, we first compute the background RGB
color vS

θ ∈ RMNK×3, which remains constant over time
for each spatial location. This is done by evaluating the
static INR F S

θ : (x, y) $→ (R, G, B) on the spatial grid:
vS

θ = F S
θ (Xxy). To capture the motion of the dynamic

component, we predict a time-varying motion warp field
U(t) ∈ RMNK×2 using the motion INR F M

θ : (x, y, t) $→
(ux(t), uy(t)),

U(t) = [Ux(t), Uy(t)] = F M
θ (X), (9)

where Ux(t), Uy(t) ∈ RMNK denote the time-varying x−
and y−direction spatial offsets of the grid X, respectively.

To compute the dynamic color vD
θ (t), and transparency

αθ(t) ∈ [0, 1], we first warp the spatial input grid Xxy with
the motion field U(t). The dynamic INR F D

θ : (x, y) $→
(R, G, B, α) is then queried as follows:

[
vD

θ (t), αθ(t)
]

= F D
θ (Xxy + U(t)). (10)

The final video is a composite of the static and dynamic
colors and is computed as

vθ = αθ(t)vS
θ + (1 − αθ(t))vD

θ (t). (11)

Alpha compositing the static and dynamic components with
a time-varying α helps account for occlusions in STFM.
Inverse problem: The high-speed video recovery inverse
problem in (8) can now be expressed as

θ̂ = arg min
θ

‖Avθ − b‖2
2 (12)

where we solve for the INR parameters θ instead of directly
optimizing for the spatio-temporal grid. The high-speed
video can then be recovered using (11) with the optimized
INR parameters θ̂. Please see Appendix B.6 for details.
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Figure 5. Space-Time Fusion Model for compressive video. Both rolling and global shutter measurements are used to simultaneously
update both static and dynamic networks by computing their loss against the estimated measurements from querying the estimated scene
vθ and passing it through the optical forward model, A. F D

θ takes in a grid of spatiotemporal coordinates while F S
θ only takes in a grid of

spatial coordinates. The two outputs are summed together after the alpha map is applied.

Regularization: We explicitly model spatial warping
through the motion network, regularizing its output U (we
drop (t) for brevity) with anisotropic total variation:

TVS(U) = ‖Ux‖TV + ‖Uy‖TV, (13)

where ‖·‖TV is the anisotropic 3D total variation semi-norm
with temporal weighting factor β defined as

||U||TV =
∑

x,y,t

|∇xU|+ |∇yU|+β|∇tU|, U ∈ RM×N×K

Note that U is reshaped back to the spatio-temporal grid
resolution, before applying anisotropic TV. Regularizing
the motion fields constrains local dynamics, and signifi-
cantly improves the reconstruction quality for dense scenes,
as demonstrated in Fig. 7. In comparison, previous
works [1, 19] that directly apply 3DTV on the grid v strug-
gle to regularize dense scenes. The resulting optimization
objective on incorporating the motion field TV regulariza-
tion (13), is given as

θ̂ = arg min
θ

{
‖Avθ − b‖2

2 + τTVS(U)
}

. (14)

For experimental data, we slightly modify (14) to also op-
timize for the relative white balance between the GS and
RS measurements, see Appendix A for details. We defer
the implementation details, including the hyperparameters
τ, β, ψ, and INR architecture in the Appendix B.

5. Results
In this section, we compare the performance of our method
relative to video interpolators and 3DTV [1] in simulation,
and demonstrate our reconstructions at 4,800 fps on real ex-
perimental data obtained from our hardware prototype.

5.1. Simulation results
We compare our reconstructed results with several data-
driven video interpolators [16, 17, 54] and reconstruction
with 3D total variation (3DTV) regularization adopted by
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Figure 6. RnGCam Experimental Setup. Right: RnGCam hard-
ware consists of an RS arm (RS sensor and optical diffuser)and
the GS arm (GS sensor and lens). We use a beam splitter sup-
plemented with relay optics to ensure optical consistency between
the two arms. All these components are placed inside a light-tight
box. Left: PSF captured for the RS arm.

previous papers [1, 48] in Fig. 7, for a scene with com-
plex motion patterns. We use the 3 GS frames as input
for the video interpolators and solve for 60 intermediate
frames. For the single and dual shutter 3DTV reconstruc-
tions, the inputs are the spatially multiplexed rolling shutter
measurements. Classical TV-based methods perform poorly
for scenes with dense backgrounds due to the lack of strong
motion and smoothness priors see Fig. 7. Video interpo-
lators tend to perform better or comparable to our method
on scenes that resemble their training data, such as simple
and sparse motion like in Fig. 11 with a natural image back-
ground. For more complex motions (Fig. 7), we outper-
form all the baselines. The combination of high-frame-rate
RS measurements with STFM regularization enables our
method to accurately recover intermediate frame details in
scenes with complex motion. In Appendix C.1, we include
ablations to examine the contributions of different compo-
nents of both the STFM model and our measurements.

5.2. RnGCam Hardware Setup
We designed and built the RnGCam prototype, (Fig. 6), il-
lustrated in Fig. 1. Our setup utilized a relay optical system
and a 90/10 beam splitter followed by a primary lens to si-
multaneously collect the same scene using RS with diffuser
and GS with lens. We use set exposure times T G

e , T R
e of
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Figure 7. Comparing our reconstruction with competing methods on a complex scene. a) A simulated scene of a smoke plume
emerging from a gun barrel (credit: The Slow Mo Guys ). We compare our method with video interpolators and 3DTV-based methods
by calculating PSNR over the entire video. The video interpolators (red inset) b) EMA-VFI [54] and c) Super SloMo [16] fail to recover
information present early in the video in the intermediate frames, as they only rely on key-frames (GS) and thus are prone to hallucination.
d,e) 3DTV-based methods resolve these details due to the presence of coded RS measurements but have poor reconstruction quality. f) Our
method resolves intermediate details with a significantly higher fidelity. We also achieve the highest PSNR calculated over the full video.

Figure 8. Comparing per-frame PSNR for all methods. Video
interpolators achieve high PSNR near the three input GS frames
(start, mid, end) indicated by the black vertical lines, but show
degradation for intermediate frames. Our method is more tempo-
rally stable, achieving the highest PSNRs on intermediate frames
(excluding GS frames). We show results on the scene in Fig. 7,
with the stars corresponding to the estimated frames in Fig. 7.

GS and RS sensors to 650µs. Our RS sensor has a line time
of 13µs. Due to memory limitations for the coordinate net-
work grid, we downsample our working grid by 16 in space
and time, resulting in an effective line time of 208µs (4,807
fps). Details about the prototype implementation are in Ap-

pendix B. In contrast to previous RS-diffuser works [1], our
setup does not require a dual shutter sCMOS camera, which
costs > $20k USD, and produces better results.

5.3. Experimental results

In Figure 9, we demonstrate the ability of our prototype
to resolve high-speed dynamics with a dense background
component. We record a scene of a spinning propeller with
a checkered background (top), and a scene of a tennis ball
being caught by a hand, with complex background (bottom)
containing high-frequency details, e.g., the zebra.

Our method temporally resolves the spinning propeller
(Fig. 9, top row), while simultaneously estimating and
blending the occluded color checker in the background with
the propeller blades. We also resolve the motion of the ten-
nis ball together with the complex background scene (Fig. 9,
bottom row). In Fig. 10, we show that 3DTV performs
poorly on the start frame due to the time-varying field of
view [1]; intermediate frames also contain strong artifacts
and poor detail.
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Figure 9. Experimental results from our hardware setup. We show the 3 GS (left) and RS measurements (middle) for each scene. We
show a subset of the 231 reconstructed frames (right) at 4807 Hz. We recover the static and dynamic components with high fidelity.
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Figure 10. 3DTV failure with single shutter. 3DTV for a single
shutter (top) fails at early frames due to blind spots. Reconstruc-
tions at intermediate frames still contain artifacts. In contrast, our
method (bottom) recovers these frames at high fidelity.
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Figure 11. Failure Case. We recover high-frequency details
better than 3DTV-based methods, but video interpolators per-
form comparably (SuperSloMo) or better (EMA). This is expected
since video interpolators are well suited for scenes with sparse
and simple motions, such as the shown bird wing flap (credit:
SmarterEveryDay).

6. Limitations

We assume the capture setup to be static, and that the scene
can be factorized into a static background and dynamic fore-
ground. Our proposed STFM relies on a warping assump-
tion to model inter-frame motion. As a result, it struggles

with scenes where objects appear suddenly, violating the
spatio-temporal consistency assumption. We use SIREN in
SFTM, using more recent video-specific INRs [36] might
further improve video reconstruction quality. SFTM fits to
all data, and GS frames are not hard constraints.

Our method requires scenes to be well-lit due to the RS-
Diffuser sensor’s low light throughput, caused by the dif-
fuser’s large sensor footprint. We are limited by GPU mem-
ory constraints and the small pixel size of commercially
available rolling shutter sensors, restricting us to lower spa-
tial and temporal resolutions. In the absence of these con-
straints, our method can theoretically achieve 77, 000 fps.

7. Conclusion

We demonstrated compressive high-speed video recovery
at an effective frame rate of 4.8 kHz with a dual camera
setup consisting of low-cost consumer-grade sensors. Our
prototype RnGCam is 10x cheaper than existing compres-
sive video recovery setups [1]. RnGCam consists of an RS-
diffuser arm that captures high temporal detail and a GS arm
that captures high spatial detail. Fusing these complemen-
tary measurements lets us recover high-speed videos with
dense backgrounds. Previous methods rely on much more
expensive hardware but still fail in this scenario. For fusing
GS-RS measurements, we proposed an INR-based space-
time fusion model, which explicitly imposes static-dynamic
factorization on the video and also models spatio-temporal
warping. These inductive biases significantly improve the
quality of our recovered high-speed videos. We evaluate our
method on simulated and real data captured with RnGCam.
We outperform an existing computational imaging method
[1] and also demonstrate superior performance over data-
driven video interpolators for scenes with complex motion.
Acknowledgements This work was supported by a Kavli
Institute for Brain and Mind Innovative Research Grant.
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