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Figure 1: Constant-memory differentiable light tracing. A caustic formed by light refracting through a glass slab onto a diffuse
receiver (left, with the reference target), differentiated with the attached formulation of Section 2.5. Backpropagating an image
loss to the slab geometry, ResLRB and naive AD (ptracer) produce matching gradients at 32 spp. Beyond 32 spp naive AD
exhausts GPU memory, whereas ResLRB holds memory constant and reaches 1024 spp, yielding the same gradient with less

Monte Carlo noise.

Abstract

We describe Reservoir Light Replay Backpropagation (ResLRB), a
method for reverse-mode differentiable light tracing whose mem-
ory is constant in path length and in the number of sensor con-
nections per light path. Naive automatic differentiation of a light
tracer records a computation graph that grows with the number of
valid sensor connections along each path, since flux can be splat-
ted from every scattering vertex; adjoint path replay removes the
analogous dependence on depth for viewpoint path tracing, but its
non-branching structure does not extend to the splatting case. We
compress the adjoint graph during the primal pass by stochasti-
cally retaining a single representative sensor connection per light
path via a streaming weighted reservoir. The adjoint pass recon-
structs the path deterministically by replaying its pseudorandom
number sequence and backpropagates only through the retained
connection, yielding an unbiased gradient estimator whose peak
memory is that of differentiating a single scattering event.

CCS Concepts

« Computing methodologies — Ray tracing.
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1 Introduction

Differentiable rendering computes the derivatives of a simulated
image with respect to scene parameters such as materials, emitters,
and geometry, enabling gradient-based optimization for inverse
problems. Because the parameter domain is large, these derivatives
are computed in reverse mode: reverse-mode automatic differenti-
ation (AD) records every operation of the forward simulation into
a computation graph and traverses it backwards, propagating the
gradient of a scalar loss to all parameters at once. In a Monte Carlo
light transport simulation the graph therefore holds every scatter-
ing event along every path and grows with path depth; for deep
paths or high sample counts its footprint can exceed available GPU
memory. Radiative Backpropagation [Nimier-David et al. 2020] re-
casts this gradient computation as a transport problem, trading
memory for time.

Path Replay Backpropagation [Vicini et al. 2021] (PRB) removes
that cost for viewpoint path tracing. The primal pass simulates the
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(a) Viewpoint path tracing. (b) Light tracing.
Figure 2: Path-sensor connectivity. A viewpoint path (left)
contributes through a single emitter connection, giving a
non-branching graph. A light path (right) can connect to
the sensor at every vertex (dashed blue arrows), so its graph
grows with both depth and connection count.

path forward and stores only the seed of its pseudorandom num-
ber generator (PRNG); the adjoint pass re-seeds that PRNG and
re-traces the path, so the identical sequence of random numbers
regenerates the identical sequence of vertices. We call this PRNG
replay: instead of saving the path, it calculates each point on the
fly and updates gradients step-by-step. The full graph is never held
in memory, giving constant memory in path depth at the cost of
one additional traversal.

This method does not directly apply to light tracing. A view-
point path typically contributes to the image once, via a single
emitter connection, giving a non-branching graph; a light path
instead propagates outward from the emitter and can connect to
the sensor at every scattering vertex. Hence a path of depth k pro-
duces up to k separate contributions, each with its own computa-
tion graph (Figure 2). Prior adjoint light tracing has sidestepped
this: Lipp et al. [Lipp et al. 2024] target view-independent object-
space irradiance. Instead the image-space splatting we consider is
what introduces the branching.

We describe a method that obtains reverse-mode gradients for
light tracing with memory consumption that is constant in path
length and in the number of sensor connections per path, preserv-
ing the two-pass structure of PRB. The primal pass retains a single
sensor connection per path in a streaming weighted reservoir [Vit-
ter 1985]; the adjoint pass reconstructs the path once by PRNG
replay and backpropagates only through the retained connection,
yielding an unbiased estimator. Streaming resampling has a long
history in rendering for variance reduction and reuse, from Resam-
pled Importance Sampling [Talbot et al. 2005] and ReSTIR [Bitterli
et al. 2020] to path-space [Lin et al. 2022] and bidirectional vari-
ants [Hedstrom et al. 2025]; closest to our work, Nimier-David et
al. [Nimier-David et al. 2022] use reservoir selection in differen-
tiable volume rendering to sample a single distance along a ray.
We apply a structurally similar mechanism along a surface light
path, but to a different end: bounding the recorded computation
graph rather than reducing variance.
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2 Method

The name Reservoir Light Replay Backpropagation (ResLRB) reflects
the method’s three ingredients: reservoir compression of per-path
sensor connections, adjoint light tracing, and path replay [Vicini
et al. 2021].

2.1 Notation

A light path ¥ = (xg, ..., X ) starts from a point X sampled on an
emitter and propagates outward through the scene. At each scat-
tering vertex x;, i > 1, the path can be connected to the sensor,
contributing flux G; to a single sensor coordinate u; € R?; the per-
path image-space contribution is the multiset {(C;, u,-)}{czl. Each G
depends on the differentiable scene parameters 6 through emitter
radiance, scattering functions, the geometric term, and sensor im-
portance. We develop the method for the detached case, in which
u; is independent of 6 so that the only 8-dependence is through C;,
and extend it in Section 2.5 to the attached case, where u; depends
on 0 as well.

For a scalar objective £ defined on the rendered image, the gra-
dient Vy £ is the quantity we wish to estimate. Writing £ as a sum
of per-pixel terms and pulling the per-path contribution out, the
gradient associated with a single path is

k
g(%60) = ) Vg £(GO), u)], (1)
i=1

where f; is the pixel-filter-weighted splat of C; to coordinate u;,
treated as linear in C;. Naive reverse-mode AD records one compu-
tation graph per term and traverses all k in the backward pass; our
goal is to estimate g(x;0) while recording at most one at a time.

2.2 Stochastic Selection of One Connection

During the primal pass, we stream the candidate connections
{(Gu, wl-)}f;1 into a single-item weighted reservoir, where w; =
£(G;) > 0 is a scalar weight. Any ¢ that is strictly positive wherever
a connection contributes leaves the estimator of Section 2.3 unbi-
ased, so £ is free to be chosen for variance-reduction alone. We use
luminance: it makes the selection probability proportional to each
connection’s share of the path’s image contribution, concentrating
the retained connection on the vertices that dominate the gradient,
and it is already computed in the primal pass at no additional cost.
The reservoir maintains a running sum W = 2;:1 w; and replaces
its current contents with the new candidate at step i with probabil-
ity w;/W, as illustrated in Figure 3. After the path terminates, the
reservoir holds index I € {1,..., k} selected with probability
Wi Wi

Pr(l=i)= ——— = —. (2)
Zf:l Wi Wi

This is the standard property of weighted reservoir sampling [Vit-
ter 1985]. Crucially, only the final W}, and the data associated with
the selected index I are kept; all other candidates are discarded.

2.3 Unbiased Estimator

Given the selected index I, we define the random estimator

§x:0) = % (GO, w). )
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Figure 3: Stochastic selection of a representative connec-
tion. Vertices py, p;, p, each offer a valid sensor connection
(dashed). The reservoir keeps one (solid, here p;) and dis-
cards the rest, collapsing the branching adjoint graph into
a single path.

Taking the expectation over the random selection,

, k Wi
E[SG0)] = Y P =0) == f(GO), w)
i=1 L
3 M @), = 3 GO, W, @
= £ W w i\Gi0), 4y —'i:1 i\Lil0), 44),

which is exactly the deterministic per-path image contribution, so
S is unbiased for the sum of all k splats. Provided f; is sufficiently
smooth that differentiation and expectation can be interchanged,

E;[VeS(%:0)] = Vo Ef[S(%:0)| = g(x:0), ()

so V9§ is unbiased for the per-path gradient. Variance increases
relative to evaluating all k terms, because every sensor connection
is not computed, but the estimator remains correct in expectation.

2.4 Two-Pass Evaluation via Path Replay

The estimator V9§ requires the AD graph for only the winning con-
nection, and is computed by PRNG replay [Vicini et al. 2021]. In the
primal pass, we run the light path forward, build the reservoir, and
store the PRNG seed together with the selected index I and the fi-
nal weight sum Wy. The splat fj is evaluated, scaled by Wy /wy, and
accumulated into the image; no AD graph is recorded. In the ad-
Jjoint pass, we re-seed the PRNG and re-trace the path up to depth
I, enabling reverse-mode AD only for the local scattering compu-
tation at each vertex while the remaining state is reconstructed
in detached form. Each vertex contributes to V9§ through its lo-
cal factor in Cy: using the cached primal value of C; as a multi-
plicative weight, the contribution at vertex x; is Vg fs(l) . (CI / fs(l)),
where fs(l) is the local BSDF evaluation. The log-derivative iden-
tity Vg log f = Vg f/ f lets each vertex contribute its share of VyCy
without holding any other vertex’s graph; the scaling factor Wy /wy
depends only on primal-pass quantities and is treated as a constant.

Each adjoint iteration opens a fresh local AD scope, records the
graph for one scattering event, propagates the local gradient into
the scene parameters, and discards the graph before the next ver-
tex. Peak AD memory in the adjoint pass is therefore bounded by
the cost of differentiating a single scattering event, regardless of k
or I. Figure 4 outlines both passes.
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def primal(ray):
R, W = empty_reservoir(), @
v = trace(ray)
for i in range(max_depth):
if not v.valid(): break
C_i, w_i = connect_to_sensor(v)
W += w_i
if uniform() < w_i / W:
R.store(v, C_i, w_i, i)
v = trace(v)
splat(R.C x (W / R.w), R.u)
return R.depth

def adjoint(ray, I, &.):

v = trace(ray)

for i in range(max_depth):
if not v.valid(): break
consume_reservoir_rng()
f_s = bsdf_eval(v)
8p += backward_grad(f_s, & * R.C / f_s)
if 1 == I: break
v = trace(v)

Figure 4: ResLRB primal (top) and adjoint (bottom) passes.

2.5 Extension to Attached Differentiation

The formulation above is detached: the splatted position u; is held
independent of 6. This fails whenever perturbing 0 moves the path
and shifts u;, most strongly at specular and refractive vertices, as in
the glass-slab caustic of Figure 1. We extend to this attached case
without altering the reservoir or replay structure. Parameterizing
each ray segment by its endpoint coordinates p; = (u;_1,1;) € R*,
a forward-mode pass yields per-vertex Jacobians J; = dp;y1/p;
that chain into a path Jacobian J,_,;, mapping how a parameter
perturbation propagates along the path to move u;, exactly the de-
pendence the detached case discards. We cache Jy_,; at constant
extra storage when the reservoir selects a vertex.

The selected connection contributes splat Jacobians duy/dp;y
and 9Cy /dp1, composed with the cached J;_,;. During replay these
are projected into each vertex’s local frame through the inverse
accumulated Jacobian, propagating the radiometric adjoint d; and
positional adjoint 8, = V, £ into the scene parameters; we regular-
ize the rank-deficient Jacobians at perfectly diffuse vertices, where
the inverse is otherwise ill-defined.

3 Verification

We implement ResLRB as a custom integrator in Mitsuba 3 [Jakob
et al. 2022b] on top of Dr.Jit [Jakob et al. 2022a], and evaluate it
against naive reverse-mode AD (Mitsuba’s ptracer) and detached
PRB on an NVIDIA RTX 5080 (16 GB) using the CUDA/OptiX back-
end.

Gradient correctness. Figures 1 and 5 compare gradients un-
der naive AD and ResLRB: the two agree up to Monte Carlo noise,
the single retained connection, reweighted by Wy /wy, reproducing
the full per-path contribution in expectation.

Memory and timing. Sweeping the maximum path depth (Fig-
ure 6), naive AD grows linearly and exhausts GPU memory be-
yond depth 16, whereas ResLRB holds memory constant at 142 MB,
bounded by the cost of differentiating a single scattering event. The
replay traversal is what it pays for this: at depth 4 a gradient step
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Figure 5: Gradient validation. Gradient of an L, image loss with respect to the floor’s diffuse reflectance in the Grey & White
Room (path length 32, 32 spp); red is positive, blue negative, grey zero. Naive AD (ptracer) and ResLRB agree in sign and spatial
structure and differ only in Monte Carlo noise, confirming that reservoir selection leaves the estimator unbiased.
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Figure 6: Memory and time versus maximum path length.
Naive AD (ptracer) grows linearly and exhausts memory
past depth 16; ResLRB’s bounded graph keeps memory flat
and its per-step cost nearly so.

costs 1.5x that of naive AD (93 vs. 63 ms), which needs only a sin-
gle primal sweep. The overhead amortizes quickly as the memory
traffic of the growing graph comes to dominate: the two are at par-
ity by depth 8, and by depth 16 ResLRB is roughly twice as fast (132
vs. 260 ms), beyond which naive AD no longer runs. From depth 4
to depth 128 ResLRB’s own cost rises only from 93 to 197 ms.

4 Conclusion

We described a two-pass adjoint formulation for differentiable
light tracing whose memory is constant in path length and in the
number of sensor connections per path, obtained by compressing
the per-path connections into a single-element weighted reservoir,
replaying the path deterministically during the adjoint pass, and
opening a local AD scope per vertex. Reservoirs of capacity m > 1
interpolate along the memory-variance trade-off, multi-pass gath-
ering schemes could retain every connection at the cost of further
traversals, and the attached extension sketched above opens the
method to geometric inverse problems. We expect each of these to
build naturally on the framework described here.
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