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Figure 1. We introduce a method to model and invert multi-view, time-resolved measurements of propagating light from a flash lidar
system. (row 1) Our method accurately recovers the geometry of this scene and enables rendering of time-resolved lidar measurements
that reveal light propagation from novel views. (row 2) Physically-based modeling enables novel applications, such as time-resolved
relighting and automatic decomposition of light transport into direct and indirect components.

Abstract

We present the first system for physically based, neural
inverse rendering from multi-viewpoint videos of propagat-
ing light. Our approach relies on a time-resolved extension
of neural radiance caching — a technique that accelerates
inverse rendering by storing infinite-bounce radiance arriv-
ing at any point from any direction. The resulting model
accurately accounts for direct and indirect light transport
effects and, when applied to captured measurements from a
flash lidar system, enables state-of-the-art 3D reconstruc-
tion in the presence of strong indirect light. Further, we
demonstrate view synthesis of propagating light, automatic
decomposition of captured measurements into direct and
indirect components, as well as novel capabilities such as
multi-view time-resolved relighting of captured scenes.

1. Introduction

Ultrafast imaging systems such as lidar illuminate a scene
with a pulse of light and capture the backscattered “echoes”
from the propagating wavefront [73]. Precisely measur-
ing the speed-of-light time delay of backscattered light en-
ables 3D reconstruction, and so lidar systems based on this
principle are popular in applications from autonomous driv-
ing [36] to augmented reality [2] and remote sensing [13].

Lidar relies on time-resolved measurements of direct
light transport, or light that reflects directly from a surface
back to the sensor. Measurements of indirect light transport
(i.e., light that scatters multiple times before reaching the
sensor) are typically ignored or discarded because model-
ing indirect light requires computationally expensive (and
often intractable) inverse rendering using procedures such
as recursive path tracing [25, 64]. Still, measurements of

https:/anaghmalik.com/InvProp


indirect light are a rich source of information about material
properties, appearance, and geometry [32, 55, 61, 86, 97].
Our work seeks to model and invert multi-viewpoint, time-
resolved measurements of propagating light from a lidar
system to recover scene geometry and to render videos of
propagating light from novel viewpoints and under novel
illumination conditions (see Figure 1).

Conventional lidar systems pre-process captured time-
resolved measurements into a 3D point cloud, which rep-
resents an estimate of scene geometry based on direct light
transport. While recent work leverages lidar measurements
captured from multiple viewpoints to perform 3D recon-
struction and novel view synthesis, existing methods use a
point cloud representation [12, 21, 70, 94] or direct-only
time-resolved measurements [45, 47, 53, 66], and thus ig-
nore indirect light. Other methods for multi-viewpoint
reconstruction with active imaging use time-of-flight sen-
sors [3, 58], or structured light [23, 75], but similarly fail to
explicitly model indirect light. Our work is close to that of
Malik et al. [48], which uses lidar measurements and a rep-
resentation based on neural radiance fields (NeRFs) [50] to
render videos of propagating light from novel viewpoints.
However, while their representation is effective for view
synthesis, it does not use a physically-based model, and so
cannot reconstruct accurate geometry or render the scene
under novel illumination conditions.

Accurately modeling indirect light transport requires
solving the rendering equation [29]. Many renderers use
path tracing algorithms based on Monte Carlo sampling,
and differentiable versions of these methods have shown
promise for inverse rendering of conventional (i.e., steady
state) images [35, 44, 57] and time-resolved measure-
ments [89, 92], such as those from a lidar system. How-
ever, while these methods work in constrained problem set-
tings, such as non-line-of-sight imaging [24, 80], they are
difficult to deploy on captured multi-viewpoint experiments
due to their computational expense and sensitivity to noise
and local minima. To address this issue, recent methods
approximate the rendering equation in a hybrid fashion us-
ing a volumetric representation of geometry and physics-
based appearance models [77, 96]. This type of approach
has proven especially effective for inverse rendering of ap-
pearance, geometry, and material parameters from conven-
tional intensity images [4, 28, 42, 97]. Still, no previous
technique performs inverse rendering of time-resolved di-
rect and indirect light transport in the same fashion.

Here, we propose a method for inverse rendering from
multi-viewpoint, time-resolved measurements of propagat-
ing light from a flash lidar system — a type of lidar that
flood-illuminates the entire scene with a pulse of light. Our
approach is based on a hybrid neural representation, where
we model geometry using volume rendering, and appear-
ance using a physically-based model that simulates global

illumination effects using a radiance cache [85]. Specifi-
cally, instead of integrating light paths using path tracing,
our radiance cache stores a representation of time-resolved
radiance arriving at any point in a volume from any di-
rection. The representation is optimized in an amortized
fashion, thereby removing the need to evaluate the render-
ing integral recursively; instead, we need only render di-
rect lighting from the lidar and query the radiance cache
to evaluate indirect light at any surface point. Our model
builds on previous neural rendering frameworks for multi-
viewpoint, time-resolved rendering of the direct [47] and
indirect components [48] of propagating light, and grounds
them in a framework for physically-based rendering. Over-
all, we make the following contributions.
• We propose a method for neural inverse rendering of

propagating light using a physically-based model with a
time-resolved radiance cache.

• We capture a new dataset of multi-viewpoint, time-
resolved flash lidar measurements with calibrated light
source and camera positions.

• We demonstrate our method in simulation and on cap-
tured data; we show state-of-the-art results in geometry
reconstruction under strong indirect light transport, and
we render videos of propagating light from novel view-
points and under novel illumination conditions in scenes
with varying reflectance properties and significant indi-
rect light transport effects.

2. Related Work
Our approach brings together the areas of time-resolved
imaging and rendering, as well as inverse rendering.

Time-resolved imaging. Time-of-flight systems such as
lidar measure the time of flight by marking the arrival
time of a backscattered pulse of light [33]. These sys-
tems usually combine nanosecond or picosecond pulsed
lasers with fast photodiodes [22] or single-photon avalanche
diodes (SPADs) [31, 69, 76] to measure ultrafast varia-
tions in incident light. The resulting time-resolved measure-
ments capture direct and indirect light transport, and can
be used to record videos of propagating light at ultrafast
timescales [16, 38, 59, 82]. While continuous-wave time-
of-flight systems [18, 34] can also be used to capture light
propagation, their temporal resolution is more limited (e.g.,
nanoseconds rather than picoseconds) [20, 59].

Our approach uses a lidar system with a picosecond
pulsed laser and a SPAD to capture multi-view videos of
propagating light. Similar to previous work [10, 15, 47, 48,
61, 68, 90], we repeatedly illuminate the scene with pulses
of light from the laser. The SPAD detects the arrival times of
individual photons with picosecond-level accuracy and out-
puts a photon count histogram that approximates the time-
resolved waveform of incident light [60]. Our approach is



the first to capture a multi-view dataset of photon count his-
tograms where both the flash lidar light source and sensor
vary in position. Moreover, we develop the first technique
for physically-based time-resolved inverse rendering using
multi-viewpoint videos of propagating light.

Time-resolved rendering. Time-resolved path-tracing
renderers simulate wavefronts of propagating light [27]
and account for effects such as birefringence [57], re-
fraction [63], and volumetric scattering [26, 62]. Re-
cently, differentiable versions of these time-resolved render-
ers [89, 92] have been developed; however, robust analysis-
by-synthesis scene reconstruction using these methods is an
open problem due to computational complexity and sensi-
tivity to initialization and noise. Other renderers approx-
imate the time-resolved light transport matrix [59, 67] for
specific imaging problems such as non-line-of-sight imag-
ing. In this area, techniques have been developed to model
two-bounce [32, 79], three-bounce [39, 41, 68, 74, 90],
or higher-order scattering events [37, 72] to recover oc-
cluded geometry. In the non-line-of-sight setting, render-
ers usually assume that light reflects off of planar surfaces
with known (usually diffuse) reflectance properties, or else
model specific scattering paths rather than arbitrary light
transport [15]. Although several works consider indirect
light transport in the context of continuous-wave time-of-
flight sensors, they usually treat it as a residual to be re-
moved when estimating depth [1, 18, 56]. We perform
physically-based modeling of multiply scattered light with-
out restrictive assumptions on scene geometry or material
properties and integrate our approach into an inverse ren-
dering framework for scene reconstruction from captured
measurements.

Physically-based inverse rendering. Inverse rendering
aims to recover scene attributes, like materials, lighting,
and geometry, from a set of images [11, 65, 93]. Exist-
ing techniques use a physically-based model of light trans-
port [29, 64, 81] and differentiable rendering with gradient-
based optimization to decompose the scene’s appearance
into its constituent attributes [10, 25, 35]. Recent tech-
niques for physically-based rendering using NeRFs [50]
have made inverse rendering considerably more robust, but
either only consider direct illumination [7, 8, 77, 84, 96],
or require explicitly simulating multiple light bounces to
model indirect light [46], which is computationally expen-
sive. Another approach is to use radiance caches — data
structures that store the hemisphere of incoming radiance
at every point [85]. This hemisphere is then integrated
against the local bidirectional reflectance distribution func-
tion (BRDF) [64] to yield outgoing radiance, which is opti-
mized to match the observed image pixels. Combining the
radiance cache with NeRFs leads to more efficient modeling
of indirect light [4, 42, 87, 91, 97].

Finally, we note that the concurrent work of Wu et
al. [88] makes use of radiance-caching-based inverse ren-
dering with a collocated point light source and color
camera. However, no previous technique performs
physically-based inverse rendering from multi-viewpoint
time-resolved measurements. To this end, we develop a
new, time-resolved radiance cache, enabling neural inverse
rendering from videos of propagating light.

3. Background: Radiance Caching with NeRFs
The rendering equation [29], models the outgoing radiance
of light in direction ωo at a point x along a ray x(t) =
o− tωo with origin o and ray parameter t:

Lo(x(t),ωo) =
∫
Ω
f(x,ωi,ωo)Li(x,ωi)(n · ωi) dωi . (1)

The equation integrates the incident radiance Li arriving to
x from direction ωi weighted by the BRDF f . The integral
is over the positive hemisphere with respect to the normal n:
Ω = {ωi : n · ωi > 0}. Naive evaluation of the rendering
equation leads to an exponential increase in computation
since the equation must be evaluated recursively to compute
the incident radiance.

To avoid this computational penalty, we leverage radi-
ance caching, which removes the problematic recursion by
replacing incident radiance Li in the rendering equation
with a look-up into a cache Lcache

i :

Lo(x(t),ωo) =
∫
Ω
f(x,ωi,ωo)L

cache
i (x,ωi)(n · ωi) dωi . (2)

The integral can be efficiently approximated, e.g., by sam-
pling the cache and the BRDF using multiple importance
sampling [64].

Recent work demonstrates that NeRFs provide accurate
modeling of the radiance cache [4, 28, 40]. Specifically, we
can compute Lcache

i (x,ωi) by volume rendering the NeRF
along a secondary ray x′(t) = o′ − tω′

o, where o′ = x and
ω′

o = ωi [14, 43, 50]:

Lcache
i (o′,ωi) =

N∑
k=1

wk L
cache
o (x′(tk),ω

′
o). (3)

Here, Lcache
o is the outgoing radiance at each point along

the secondary ray predicted by the NeRF. The values wk

are quadrature weights that account for the transmittance
and absorption along the ray, calculated as a function of the
density σ at each sample point x′(tk) and the ray interval
(∆t)k [49, 78]:

wk =
(
1− e−σ(x′(tk))(∆t)k

)
e(−

∑k−1
j=1 σ(x′(tj))(∆t)j) . (4)

Our work adapts this observation to time-resolved ren-
dering based on lidar measurements.
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Figure 2. Method overview. (a) Our time-resolved renderer combines physically-based rendering for primary rays (left inset), and neural
rendering for an indirect radiance cache along secondary rays (right inset). (b) The incident radiance Li at a sensor pixel is a function
of the outgoing radiance Lo from each point x(t) along a sensor ray, which integrates incident direct light Ldir

i and indirect light Lcache
i

from a pulsed laser source. (b, left) The rendering equation computes the outgoing radiance as an integral over the positive hemisphere Ω
(with respect to the normal n) of the incident radiance. (b, right) Applying volume rendering to the outgoing radiance yields the incident
radiance at a sensor pixel. (c) The radiance cache is used to evaluate indirect radiance Lcache

i by casting secondary rays and querying neural
networks at points x′(t). (c, left) The networks output the reflectance f dir of direct light Ldir

i , indirect reflectance f indir
Ω , and indirect incident

radiance Lindir
i,Ω . These quantities are used to calculate the time-resolved direct (Lcache,dir

o ) and indirect (Lcache,indir
o ) outgoing radiance in the

direction ω′
o. (c, right) Volume rendering the outgoing radiance along a secondary ray yields Lcache

i (x,ωi, τ). We optimize the scene
appearance and geometry to enforce consistency between rendered and captured measurements.

4. Method
We model and invert time-resolved light transport, includ-
ing direct and indirect effects, to recover scene geometry
and material properties. Our method uses a physically-
based time-resolved renderer with a time-resolved radiance
cache parameterized by neural networks, as shown in Fig-
ure 2. We perform inverse rendering by optimizing the rep-
resentation using measurements of propagating light from a
flash lidar system.

4.1. Physically-Based Time-Resolved Rendering

We model a lidar measurement by casting a primary ray
x(t) = o − tωo into the scene. For each point along that
ray, we render the outgoing radiance, Lo, in the direction
of the sensor. Our time-resolved rendering equation is a
modified version of Equation 1, where we add the time of
flight τ as

Lo(x(t),ωo, τ)

=

∫
Ω

f(x(t),ωi,ωo)Li(x(t),ωi, τ)(n · ωi) dωi. (5)

The reflectance f , is modeled using the Disney–GGX
BRDF [9], which depends on the material properties of the
scene as described in the supplement.

We further decompose the incident radiance into two
components Li = Ldir

i + Lcache
i : a direct component Ldir

i ,
and an indirect component Lcache

i evaluated using the radi-
ance cache. The direct component is given as

Ldir
i (x(t),ωi, τ) =

δ(ωℓ − ωi)L
ℓ
i

(
ωℓ, τ − ||x(t)−xℓ||

c

)
||x(t)− xℓ||2

,

(6)
where xℓ is the position of the light source, ωℓ is the di-
rection from the light source, Lℓ

i is the light source inten-
sity, and δ(ωℓ − ωi) is a Dirac delta function. We model
the inverse-square law intensity falloff and the time delay to
position x(t) based on the speed of light c.

Similar to the steady-state case (Equation 3), the time-
resolved radiance cache Lcache

i (x,ωi, τ) is evaluated using
secondary rays x′(t) = o′ − tω′

o cast from points on the
primary ray o′ = x with ω′

o = ωi. We use time-resolved
volume rendering [3, 17, 47] to render the radiance cache as

Lcache
i (o′,ωi, τ) =

N∑
k=1

wk L
cache
o

(
x′(tk),xℓ,ω

′
o, τ − tk

c

)
,

(7)

where Lcache
o is the outgoing radiance predicted by a neural

representation. The above states that the light incident at o′

in direction ωi at time τ is the sum of delayed copies of the
light leaving each point x′ along ω′

o, and the delay depends
on the distance to o′ (given by the ray parameter tk).

After evaluating the time-resolved rendering equation
(Equation 5) for each point on the primary ray, the lidar
measurement is computed by volume rendering the outgo-
ing radiance in the same way as for the cache:

Li(o,ωo, τ) =

N∑
k=1

wk Lo

(
x(tk),ωo, τ − tk

c

)
. (8)



4.2. Time-Resolved Radiance Cache

Representation. The cache is parameterized using a
multi-resolution hash encoding Happ [5, 54] to learn a
position-dependent appearance feature f app. Similarly,
a hash encoding-based neural network N geom represents
scene geometry through density and normals. That is,

f app = Happ(x), σ,n = N geom(x). (9)

The density values used for volume rendering are shared
across both the physically-based model and the radiance
cache (i.e., Equations 7 and 8). The appearance features are
used to compute the radiance cache, which we decompose
into direct and indirect components as

Lcache
o = Lcache,dir

o + Lcache,indir
o . (10)

We describe each of these components as follows.

Direct light. The direct component is due to light that is
emitted from the lidar source at xℓ, propagates to a point x′

in the scene, and scatters directly to the ray origin o′:

Lcache,dir
o (x′(t),xℓ,ω

′
o, τ)

= f dir(f app,n,ωℓ,ω
′
o)L

dir
i (x′(t),ωℓ, τ)(n · ωℓ). (11)

Here, f dir is a neural network that learns the BRDF (see
the supplement for a detailed description). In practice, we
discretize the equation and compute a vector that represents
radiance at each time interval.

Indirect light. We leverage a split-sum approxima-
tion [30] to efficiently cache outgoing indirect light:

Lcache,indir
o (x′(t),xℓ,ω

′
o, τ)

≈
∫
Ω

f(x′,ω′
i,ω

′
o)(n · ω′

i) dω
′
i ·

∫
Ω

Li(x
′,xℓ,ω

′
i, τ)dω

′
i

= f indir
Ω (f app,n,ω′

o) · Lindir
i,Ω (f app,xℓ,n,ω

′
o), (12)

where f indir
Ω and Lindir

i,Ω are neural networks that predict the
integrated BRDF and integrated incident radiance, respec-
tively. We include conditioning on xℓ, as the indirect
light depends on light source position. Following Malik et
al. [48], Lindir

i,Ω predicts a vector that represents radiance over
discretized time intervals.

4.3. Inverse Rendering from Propagating Light

The lidar system captures the time-resolved incident radi-
ance at the sensor Lmeas

i . We optimize the representation by
minimizing the difference between the lidar measurements
and the output Li of the physically-based renderer (we omit
their dependence on o, ωo, and τ for brevity):

Ldata =
∑

o,ωo,τ

α(Lcache
i )∥Li − Lmeas

i ∥2. (13)

As the cache can also be used to render the time-resolved
incident radiance at the sensor, we supervise it in the same
fashion by minimizing Lcache, which replaces Li with Lcache

i

in the above. The function α is chosen to more strongly pe-
nalize errors in darker regions, which improves perceptual
quality similar to applying a tonemapping curve [51]:

α(L) =
∣∣∣∑

τ

L
∣∣∣−β

, (14)

where β is a hyperparameter. Note that in Equation 13, we
compute this weight using the incoming radiance from the
cache (Lcache

i instead of Li), as it is not affected by Monte
Carlo render noise.

Following Hadadan et al. [19], we leverage a radiometric
prior that constrains the direct and indirect light rendered
using the cache to be consistent with the full physically-
based model. Specifically, we render the direct and indirect
components of radiance at sample points x along the pri-
mary ray, using the cache (Lcache,dir/indir

o ) and the physically-
based model (i.e., Ldir/indir

o , given by evaluating Equation 5
using only Ldir

i or Lcache
i , respectively). We constrain the

cache using the loss:

Ldir/indir =
∑

x,ωo,τ
α(Lcache,dir/indir

o )∥Lcache,dir/indir
o − Ldir/indir

o ∥2.
(15)

Finally, the complete photometric loss function is

Ldata + λcacheLcache + λdirLdir + λindirLindir, (16)

where λcache, λdir, and λindir are hyperparameters that weigh
each loss component. By minimizing this loss function,
the method recovers a material model for the scene (pa-
rameterized using the Disney–GGX model) and the scene
geometry, normals, and appearance parameters. In addi-
tion to the above photometric loss, we include a regular-
izer Lnormals that ties predicted normals to analytic normals
from the density field [83]; a smoothness penalty Lgeom on
the analytic normals; a smoothness penalty Lmat on the pre-
dicted BRDF parameters; proposal resampling and distor-
tion losses Linterlevel and Ldistortion as in Zip-NeRF [5]; and a
mask loss Lmask.

We use multiple importance sampling for secondary rays
based on the BRDF and a learnable importance sampler for
incident illumination as in Attal et al. [4]. The learnable
importance sampler is supervised with a loss LvMF. We rep-
resent the time-resolved direct outgoing light as a one-hot
vector, where each bin corresponds to a discrete time in-
terval, and indirect light as a dense vector of the same size
(where the size depends on the dataset). A complete de-
scription is provided in the supplement.
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Figure 3. Multi-view capture setup. An elevation arm controls
the elevation angle and a rotation stage controls the azimuth angle
of the scanning SPAD. Laser light is out-coupled from an optical
fiber through a collimating lens and diffusers onto the scene.

5. Results

We evaluate our system on three tasks: (1) view synthesis
of time-resolved lidar measurements, (2) view synthesis of
integrated (steady-state) lidar images, and (3) geometry re-
construction.

Evaluation metrics. To assess the rendered integrated li-
dar images, we use PSNR, SSIM, and LPIPS [95]. To eval-
uate the accuracy of the recovered time-resolved measure-
ments, we use the transient intersection-over-union (tran-
sient IOU) introduced by Malik et al. [48]. We use mean
absolute error (MAE) and L1 error to measure the accuracy
of the recovered normals and depth, respectively. We report
quantitative results for both simulated and captured scenes
in Table 1.

Baselines. We compare our method to the following
state-of-the-art time-resolved neural rendering techniques:
T-NeRF [47], which uses a neural representation and a ren-
dering model for time-resolved lidar measurements (but
which only accounts for the direct component of light),
and Flying with Photons (FWP) [48], which predicts time-
resolved radiance at every point in space. Since the original
version of FWP does not model light sources or movement
of light sources, we use a modified version (FWP++) equiv-
alent to our full, time-resolved radiance cache. We imple-
ment both baselines using the same hash-encoding-based
neural representation [54], and we use the same regulariz-
ers and hyperparameters for fairness.

5.1. Simulated Results

Dataset. We use a modification [71] of the Mitsuba 2
renderer [57] to render multi-view transient data for three
small-scale, object-centric synthetic scenes, Cornell box,
pots, peppers, as well as one room scale scene, kitchen [6].

Table 1. Evaluation of lidar rendering from novel viewpoints and
geometry recovery. Each dataset (sim and real) contains 4 scenes.

method PSNR (dB) ↑ LPIPS ↓ SSIM ↑ MAE ↓ L1 depth ↓ T-IOU ↑

si
m

T-NeRF [47] 22.44 0.40 0.71 28.00 0.59 0.58
FWP++ [48] 29.00 0.30 0.87 22.80 0.47 0.73
ours 30.99 0.31 0.89 8.45 0.21 0.76

ca
p

T-NeRF [47] 14.67 0.53 0.35 — — 0.23
FWP++ [48] 28.45 0.32 0.81 — — 0.55
ours 27.39 0.33 0.80 — — 0.54

Comparison. In Figure 4, we show integrated lidar scans
from novel viewpoints, recovered normals, and individual
lidar frames for the peppers and pots scenes. Since T-
NeRF [47] only models direct light, it fails to recover ac-
curate geometry under strong indirect light from specular
reflections and diffuse inter-reflections. In particular, it in-
troduces floating artifacts to explain these effects and hence
fails to predict novel views accurately.

On the other hand, FWP++ [48] models both direct and
indirect radiance and recovers accurate integrated novel
views and lidar frames. However, because it does not use a
physically-accurate rendering model, it overfits to the data.
Specifically, it is free to use a mirror copy of the scene to ex-
plain specular reflections (e.g., on the floor of the peppers
scene or the partially specular blue walls in the pots scene).
Further, it uses incorrect depths to explain diffuse inter-
reflections (e.g., at the wall corners in the peppers scene
or along the fluting of the column in the pots scene).

5.2. Captured Results

Dataset. We use a hardware setup (Figure 3) similar to
that of Malik et al. [48] to capture a multi-viewpoint flash
lidar dataset. Unlike Malik et al. [48], our light source po-
sition moves with the camera’s viewpoint rather than be-
ing stationary with respect to the scene. We capture three
scenes: globe, house, and spheres, and we use the statue
scene from Malik et al. [48], which shows that our method
can handle stationary light sources. We provide more de-
tails about capture and calibration in the supplement.

Comparison. Visually, the captured results follow a sim-
ilar trend to the simulated ones. Figure 5 shows that we re-
cover more accurate geometry than FWP++, especially for
areas where indirect light is present, such as the corners of
the walls in the globe scene or the bottom of the candles in
the statue scene.

Table 1 provides quantitative results for novel view syn-
thesis of lidar measurements. While we find that FWP++
shows slight improvements over our approach for view syn-
thesis, we hypothesize that this is because it uses a far less
constrained model—our approach is physically grounded
and could thus be more sensitive to the calibration of the
physical system and model mismatch. Note that we omit
depth and normal metrics for the captured experiments, as
there is no ground truth reference.
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Figure 4. Simulated results. Compared to the baselines our method recovers more accurate normals and similar or improved intensity
images due to physically-based modeling of time-resolved indirect light transport (see arrows in the lidar frame insets).
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Figure 5. Results on the captured dataset. Our method recovers more accurate normals compared to FWP++ (cols. 3, 5) due to its
physically-based modeling of indirect light transport effects (visible in the individual lidar frames; cols. 4, 6). Areas where FWP++
predicts incorrect normals usually correspond to regions with indirect light (arrows).

5.3. Additional Results

Relighting. Our approach enables time-resolved view
synthesis and relighting, which, to our knowledge, has not
been demonstrated before from captured multi-view, time-
resolved measurements. Figure 1 shows relighting results
on a novel view from the captured house scene with a sim-
ulated pulsed source that projects a pattern with the letters
“C-V-P-R”. In Figure 6, we show two additional examples

of time-resolved relighting: (1) the same house scene with
three different light sources that converge on the house,
and (2) the simulated kitchen scene, relit with three point
sources that emit pulse trains.

Note that the indirect component of the radiance cache
is predicted using a neural network conditioned on the light
source position (Equation 12). So, if the intensity profile of
the light source used for relighting differs from the training



2.94 ns2.48 ns

30.7 ns 32.0 ns

Figure 6. Relighting results using three different light sources
(color-coded in the RGB channels) for the captured house scene
(top) and the simulated kitchen scene (bottom).

data (e.g., a projector instead of a uniform point source as
in Figure 1), we use fine-tuning with the radiometric loss
Ldir/indir of Equation 15 and the desired light source profile
(additional details are provided in the supplement).

Time-resolved imaging without lidar. Although our sys-
tem recovers time-resolved light transport, it does not nec-
essarily require supervision with lidar measurements. No-
tably, we can train our model using continuous-wave time-
of-flight (CW-ToF) measurements or even intensity images,
as both can be derived from time-resolved data. We demon-
strate this capability by generating time-resolved videos
of propagating light based on each input type. Figure 7
shows the rendered time-resolved measurements after train-
ing with either CW-ToF measurements (emulated by con-
volving the lidar measurements with the CW-ToF illumina-
tion waveform) or intensity images (emulated by integrating
the lidar measurements over time). We also demonstrate re-
covery of direct and indirect light transport effects from the
ToF measurements and the steady-state images. For exam-
ple, in house, we recover diffuse inter-reflections under the
mushroom, and in spheres, we recover reflections from the
ground to the specular sphere (arrows in Figure 7).

For this application, we only modify the supervision of
the model. Specifically, we convert the time-resolved pre-
dictions to emulate the CW-ToF or steady-state measure-
ments before calculating the loss. After optimization, we
directly render the time-resolved video frames.

Material decomposition. Our method also recovers the
material parameters for the Disney–GGX BRDF (albedo,
roughness, and metalness). We visualize these parameters
for synthetic and captured scenes in the supplement.

intensity image rendered light propagation videos
2.40 ns 2.88 ns

3.31 ns 4.11 ns

trained on CW-ToF

trained on steady-state images

Figure 7. Our approach recovers time-resolved videos of propa-
gating light after training on continuous-wave time-of-flight (CW-
ToF) measurements or intensity images. The video frames show
direct and indirect light transport effects (arrows).

6. Discussion

Limitations. As noted in the results section, our method
relies on a more constrained physical model than other ap-
proaches, including the FWP++ baseline. As such, we
notice some performance degradation compared to base-
lines on captured data, where model mismatch is a po-
tential issue. This problem could perhaps be mitigated
through better calibration of the physical setup. Addition-
ally, our method requires more than one day of optimiza-
tion on a single GPU due to the time-consuming physi-
cal light transport simulation, I/O penalties from loading
large time-resolved measurement vectors, and GPU mem-
ory bandwidth requirements. To address this, it may be pos-
sible to use a different neural representation that does not
predict the entire time-resolved vector, but instead predicts
and supervises the signal at a single time instant. Using
faster neural representations, like 3D Gaussian Ray Trac-
ing [52] or EVER [46], is also an interesting direction.

Impact and future applications. Although we do not
tackle the problem of non-line-of-sight imaging in this
work, it is in principle possible to extend our framework for
this application in unconstrained conditions, such as non-
line-of-sight imaging with non-planar relay surfaces [39].
Due to the widespread use of lidar technologies, we be-
lieve our work has potential for impact in areas such as
autonomous navigation or remote sensing — especially in
scenarios with strong indirect lighting effects.
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