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Figure 1: Equal-time comparison (15 seconds) between our neural progressive photon mapping (NPPM), ISFEMahd CPPM
[LLZ 20] on the CRAB DOF scene with depth of eld. The superscrigtsand b respectively refer to the different radius reduction pol-

icy used by the two baseline methods, which we incorporate atop NPPM. Our technique reduces the overall bias compared to its nonneural

counterparts, capturing sharper caustics on most of the scene. False color error shows the MRSE metric.

Abstract

Photon density estimation is a robust solution for estimating complex light transport, such as those involving caustics and pure
specular interactions. The shape and bandwidth of the density kernel are both crucial in achieving optimal performance. Re-
cently, density kernels directly predicted by neural networks from local photon statistics have shown improved reconstruction
results for small numbers of photons. The direct weight prediction approach of these methods, however, is fundamentally in-
compatible with consistent estimators as it does not allow for direct control over bias and variance. We address this problem
by relying on a simpler yet effective analytical kernel, also inferred by a neural network. Unlike prior work, our technique
supports progressive schemes by design, hence unlocking a large variety of applications such as stochastic photon mapping.
Our method is fast, trivial to train and demonstrates state-of-the-art caustics reconstruction at equal-time over other photon
mapping techniques.

CCS Concepts
» Computing methodologie$ Ray tracing; Neural networks;

1. Introduction unique challenges to classical Monte Carlo algorithms: not only
are they dif cult to discover but they are also hard to explore ef -
ciently once found. Consequently, specialized rendering techniques
actions, especiallgaustics—like light focusing through a whisky are required to achi_eve acceptable noi_se levels in productipn._Such
glass or sunrays slowly dancing on coral reefs—are crucial to pho- methodg focus, for instance, on modeling and solving the intricate
torealism, especially in architectural visualization and visual ef- geometric constraints of such pat@siJ2qQFGW 24,FWW 23).

fects. Caustic light paths formed from long specular chains present  An alternative approach to traditional methods like path tracing

Light transport simulation aims to recreate the complex interac-
tions between light and matter in virtual environments. These inter-
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is to employ spatial relaxationJgn96¢, where the physical con-  adapted to BSSRDF renderingMILHO1], volume photon map-
straints of specular chains are softened to enable path reuse througping [JC9§, and beam radiance estimatiaiZ0§, and can also
nearby clustering. Density estimation represents one such family of be combined with other path construction techniquekpS12
techniques and offers an attractive balance between implementatiorHPJ12 KGH 14] via multiple importance samplingvga9g for
simplicity and robustness. A signi cant practical challenge, how- improved robustness.

ever, lies in determining the appropriate spatial relaxation kernel A key consideration in practice is the bias-variance trade-off

parameters. This in turn introduces an inherent trade-off betweenof photon mappers. The amount of bias can be reduced by in-

ker_nel shape_ a_nd_ k_)andW|dth, Where one mgst maximize path re.usecorporating ray differential informatiorSFESOT, local radiance
while also minimizing the bias introduced in the underlying esti-

mator. As a result, the process of selecting optimal kernel settingsgradlent estimatesWx 16}, more exible (but generally more

tends to be laborious and context-dependent as it must account forCOStly) kernelsPAMM19] or progressive kernel bandwidth reduc-

o : ) - tion schemesHOJ08 HJ09 KZ11]. Since these kernel reduction
local and arbitrarily complex radiometric properties such as photon . . . S .
R : : techniques can be sensitive to a nonoptimal initial radii, the overall
distribution patterns in a given scene.

convergence of the estimator may suffer dramatically, leading to ei-

To mitigate this problem, prior works have proposed adap- ther excessive bias or variance in the nal image. A mitigation mea-
tive and progressive density estimation methods based on statis-sure is to derive improved progressively shrinking strategies based
tics gathered during the rendering pa€®[L3, SFESO7TKWX 16, on derivative information{D13] or c2-statistics [LZ 20]. We fo-
PAMM19]. In particular, deep photon mapping (DPNgXJ 20] cus on enabling progressive estimation through large, controllable
employsK-nearest neighboK(-NN) and a small neural network to ~ kernels while simultaneously minimizing bias. Our method is com-
predict weights for each photon, demonstrating impressive results patible with different radius reduction policies and surpasses the
over standard photon mapping approaches. Intuitively, DPM learns performance of prior works.

to adapt to the local context by exploiting statistics from collected Note that bias in density estimation can be further removed based

ngtzri]rby phottonts. l#nfotrtunatelt);; tt's mleLhoddcz;(;mot t;ebgomblnedton Bernoulli trials QSH 15] or telescopic seriesMBGJ23, at the
with consistent estimalors as the kérnel bandwidth and blas cannol, g ¢ 5 slight increase in variance. We see these techniques as or-
be directly controlled. This lack of control prevents applications

. : thogonal to ours and we expect our method to be compatible due
tg;DVggzr range of rendering methodd§GJ22 WGH22 HPJ12 to our controllable kernel support. This control potentially allows

our method to be applied to path Itering algorithms, which per-
In light of these observations, we introduce neural progressive form local gathering with range queridsDB16, WGGH2( or lo-
photon mapping (NPPM), a learning-based framework that predicts cal clustering PHC 21], to reduce variance. Alternatively, meth-
spatially adaptive kernels with progressive rendering in mind. Our ods for guiding photon’s emissioPGSK18EK20)] or their entire
network generategarametric and normalizetlernels that can be ~ path HJ11 CWY11, GRS 16,vOHK16] can similarly be used in
restricted at will during the iterative rendering process. Since we our method to improve the overall photon distribution.
do not predict per-photon weights, our architecture eliminates the
need to compute and store deep context features for each photonNeural methods for density estimation.Learning-based ap-
Consequently, our method is not only simpler than DPM but also proaches have proven successful in many areas of rendering, in-
fully controllable. Moreover, our design allows the use of a 3D grid cluding Monte Carlo image denoisin@KS 17,IMF 21, HY21].
to average latent photon representations over time, enabling furtherSuch reconstruction techniques can be adapted to density estima-
optimizations. Finally, we show how to effectively train our model tion [CM21] by extracting and combining correlated images with
while ensuring compatibility with radius range queries, hence intro- different biases. We can incorporate these technigues into NPPM,
ducing the rst learning-basegtogressiveshoton mapping method ~ as we can bound the bias we introduce.

to the rendering community. Photon mapping has also been applied to path guiding by bin-

To summarize, our contributions are: ning photon contributionsJen9%. Recently, neural methods have
been used to denoise these distributiodX$ 21k, even when
a simple and lightweight parametric neural model that can ef - they are stored in a quadtre2{S 214. Such methods are gener-
ciently adapts to the local photon distribution; ally more memory intensive and require complex spatial partition-
a controllable density kernel scheme compatible with progres- ing strategies. Alternatively, neural networks can directly predict
sive rendering methods; and distribution in path guiding§IMR 19] based on the framework
an expressive latent representation that can be averaged angf normalizing ows [KPB21]. However, due to their complex ar-
stored on the scene surfaces. chitecture, these approaches are often too expensive except when
targeting lower-dimensional distributionsHL 24]. Simpler, on-
line neural guiding methods can also optimize for mixtures of von
2. Related Work Mises—FischerDPWL23] or anisotropic GaussiaH|T 24] distri-
butions. Our work is inspired by these parametric models as they
are both more computationally ef cient and expressive enough for
density estimation.

Photon mapping. Jensen's seminal work on density estimation
[Jen96 has shown great promise in rendering complex light phe-
nomena like caustics. Photon mapping (PM) is now standard in
light transport simulation and has been adopted by production ren-  To the best of our knowledge, only Zhu et @XJ 20] have em-
derers like the Corona render&K19. PM has been successfully  ployed neural networks for density estimation in rendering. Their
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proposed DPM approach leverages a PointNet-like architecture A per-photon weighting scalawy > 0 is predicted and the normal-
[QSMG17 to directly regress photon weights, resulting in neural ization factor(prz) ! ensures that it remains scale-invariant with
kernels that outperform previous non-neural density estimators atrespect to th&-NN radius.

different photon samp!lng rates. DP.M does not support a Vanying - goth networks are small multilayer perceptrons (MLPs) that are
number of nearest neighbors and, importantly, cannot be directly tr

. . ) ained jointly to minimize thé.2-norm between the estimated ra-
used in a progressive estimator. NPPM addresses both these prob-. J y . ’ .
S . . . . diance fromEq. (4)and the target radiandg(x; wo) obtained from
lems by providing an estimator that is consistent by construction.

converged references. The error can stem from two sources: a poor
kernel (e.g., geometric discontinuities within its support), which
DPM is designed to handle, or too few photons to suppress vari-
ance. In the latter case, the incompatibility of DPM with the pro-

Density estimation. In surface rendering, we are interested in 9ressive frameworks blocks further variance reduction.
computing the exitant radiandg, at a locationx in the outgoing

3. Background

directionwo: Progressive density estimation.Progressive photon mapping
z (PPM) HOJ0O8 HJ09 KZ11] introduces the concept of averaging
Lo(X;Wo) = fr(X; Wo; W) Li(x;w) (n W)™ dw; (1) density estimates through multiple iterations. At each iteration,
w the radiusr is reduced to form a consistent estimator. Knaus and
wheref is the BRDFL; the incoming radiance in direction2 W, Zwicker [KZ11] propose with APA to average the different density
andn is the surface normal at As proposed in classical photon ~ estimates at each pixel and update the kernel's radii as
mapping Jen9§, this exitant radiance can be formulated as a ker- 2 _i+tag ) )
nel density estimation (KDE) problem on the photon map: 1= 122 o ®)
om_ 1N wherea = 2=3 is a user-de ned parameter to balance bias reduc-
hoin' = N a Qr(kxn  xK) fr(X; Wo; Wn) F; ) tion and variance increase. The initial radigsan be set to a con-
n=1 stant user input, optionally scaled by the scene's extents, camera
whereN is the total number of emitted photonsis the search ra-  ray differential orK-NN estimates on an independent photon map.
dius,xn is the position of the-th photon with uxFandincoming ~ Alternate radius reduction schemes also eXf213,LLZ 20]. We
directionwn. The ux includes the throughput of the photon. The  also utilize CPPM's radius reduction policy which applies a thresh-
normalized kerne® has support within radius> 0 only, allowing old on the minimum number of gathered phojphgyf = 10) be-

fast spatial query through specialized data structure or by using rayfore reducing the radius by a constant factor (" 0:8). To ensure

tracing hardware routine&BG23). In general, this spatial kernel & consistent estimator, the minimum photon count is then increased

is chosen to be simple and radial; for exam@léd) = ( pr?) 1! if at each radius reduction step by a constant fazterl:2. We add

d < r otherwise 0. subscripts NPP® and NPPM to denote which radius reduction
strategy (APA's or CPPM's, respectively) is used in our results.

Deep density estimation.Zhu et al. £XJ 20Q] replace paramet-
ric kernels with a neural network that directly regresses a weight 3.1. Motivation
for each collected photon. Under this framework, a deep context
vectorc 2 R® is inferred from the nearby collected photons using
K-nearest neighbors at the gather point locakion

The application of photon density estimation often involves a deli-
cate balance between minimizing both variance and bias. Reducing
variance can be achieved by averaging more photons per gather

K(X) = XE: Wi FE : point by increasing the photon density via more aggressive photon
K 3) tracing or by using larger density kernels. These solutions can be
c(x;q)= Pook F( ¢(x);0) -, : impractical and inef cient when implemented without extra care:
Here, , represents the concatenated photons' input features in- Larger kernels effectively increase the number of reused paths
cluding the normalized position within the kernel support tran-  at each gathering point, amortizing the cost of the photon trac-
formed in tangent spaoq((’, the photon's incoming directionsy ing pass. However, these kernels can introduce additional bias if
and the associated tonemapped EX. Each photon is encoded their shapes do not adapt to the underlying photons' density pro-
independently by a feature extractor netwérkvith trainable pa- les. DPM address this by directly learning to predict the pho-
rametergy. To ensure input order invariance, the deep context vec-  ton's weights. This relies oi-NN for collecting photons and
tor is computed by average/max pooling acros&abhotons, fol- does not offer a mechanism to compute the kernel normaliza-
lowing the design principles of PointNeBSMG17. The resulting tion factor. This is problematic when trying to control the bias
deep context vector (DCV) is then decoded by a separate network introduced.
D with trainable parameteis, substituting the kernel function in Tracing more photonsnaturally leads to memory problems. To
Eq. (2)to yield the estimator: solve this, iterative methods can be employed to average pho-
ton passes. This iterative strategy can be combined with radius
" EPM _ 1 éK Wi Fr(X: Wo: W) F reduction to make the estimator consistent.
Npr? k=1 (4) Our main objective is thus to design a deep adaptive kernel that
W=D [ ((x);eC;a)l;j : can be combined with iterative radius reduction. To this end, we

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.



40f13

need our adaptive kernel to lentrollable implying we can ex-
press it aanybandwidth value. This in turn requires our method to
support range queries rather thiafNN. Our method must also be
lightweight as a massive amount of kernel density estimates will be
performed throughout the rendering process. Finally, our method

must retain information across iterations to ensure stable and pre-

cise predictions over time.

4. Neural progressive photon mapping

We now introduce our neural progressive photon mapping (NPPM)
algorithm and detail how consistency is enforced. Similar to DPM
[ZXJ 20], our approach modi es only the kernel evaluation, leav-
ing the rest of the photon mapping architecture unchanged. We rst
describe the model architecture, including how our adaptive kernel
is normalized $ection 4.). Next, we present a practical applica-
tion of our framework using 2D anisotropic Gaussian kerngéxt

tion 4.2. Finally, we discuss practical consideratioSg¢tion 4.3.

4.1. Model architecture

Figure 2illustrates our framework. Similarly to DPM, we rst pre-
process photon features to construct the input to our model. We
choose ((x) = [x(k)] only. We express<‘|2 in tangent space (with
z= 0 for the surface plane) and use only this feature, as adding
photon directions or ux did not improve convergence in our ex-
periments. For instance, applying Russian roulette, photon ux re-
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negligible level with suf cient samples or by applying debiasing
techniquesQSH 15 MBGJ23. Since both methods incur signi -
cant overhead, a more practical solution is to precompute and tab-
ulate the normalization factor when it is smooth and the kernel has
few parameters.

Parametric density estimator. We use our normalized adaptive
kernel to perform density estimation. Writirdy .= x,  x as the
2D displacement with respect to the gather point, our estimator is

hLoi NPPM

z K
= Npr2 ? Q(dy=r) fr(x; wo; W) Fi; (8)

where the factopr accounts for the radius rescaling. Note that
our estimator is similar to the KDE formulation on the photon
map Eqg. (2). More importantly, it differs from DPM's estimator
(EqQ. (4) in two key aspects:

We decode the parametric kernel values using the D@l
once This approach is signi cantly more ef cient than perform-
ing an MLP inference for each photon. This also allows our
method to amortize the cost of computing the DCV by exploiting
its spatial redundancy in 3D.

Our kernel's bias is controllable by restricting its domain. In ad-
dition, the kernel can be easily normalized through precomputa-
tion. This eliminates the need to jointly learn the kernel's shape
and its normalization, enabling faster and more stable training.

mains nearly constant across photons, rendering this feature unin-

formative. We also discard trecomponent ok®, since retaining it

provided no measurable bene t. We encode each photon's statistics

using a lightweight feature extractor netwdfk These latent fea-
tures are subsequently aggregated through both average/max poo
ing layers to construct the deep context veatoeffectively rep-
resenting the gathered photon statistics in a shared latent space.
We augment this representation with a global statis{idescribed

in Section 4.3, which encodes the overall photon density within
the kernel. A second netwoi then predicts our parametric ker-
nel. While this applies to arbitrary kernel families, we show that
iso/anisotropic Gaussian densities are suf cient candidates.

Kernel normalization estimator. Based on the predicted kernel
parameters, we compute a normalization factor to control the bias
in our method. We restrict the kernel domain to maintain this con-
trol by using the 2D disB; of radiusr > 0. However, using a given

4.2. Application: 2D truncated anisotropic Gaussian kernel

Kernel formulation. A suitable kernel candidate for our method

s a 2D anisotropic Gaussian centered at the gather point. In the

normalized space, this Gaussian has zero mean. Inspired by the
formulation from 3D Gaussian SplattingKLD23], we form a co-
variance matrixS by constructing a 2D scaling matrc;j ) and
rotation matrixR(c;j ):

S(c;j)= RSSR'; 9)

ensuring thas is symmetric and positive semi-de nite. Our pre-
dicted kernel is then de ned as

Q&°%(d) = 1(d) N (d;0;9) Z;

where 1g is the indicator function on the unit disk and we have
dropped the dependency on the deep context vector and the de-

(10)

world-space radius makes our method scale-sensitive and hindersoder parameters for simplicity. Intuitively, our kernel resembles

its generalization across different scenes. We address this by refor-

mulating our adaptive kern€) in a normalized space where= 1.
This reparametrization yields the following normalization factor

z 1
Z= Qx;cj)ax (6)
which reciprocalcan be estimated via Monte Carlo integration as
. 1 ¥ Q(xmcj)
bz tiy= - § =il X ; 7
M2 pixm) m p (7)

where p denotes the probability density function. Note that, be-
cause we estimate the reciprodat]. (7)can introduce bias in the

an anisotropic Gaussian that gets truncated at unit rafligs2).

Kernel normalization. Since our predicted covariance matfx

is determined by three parameters but the reciprocal normaliza-
tion factor €q. (7) is invariant under rotation due to the disk-
shaped domaiB, the look-up table (LUT) only needs to be two-
dimensional. We reparametrize our scale in log-space to get more
precision for small scale values. The full LUT takes at most 4 MB
of GPU memory.

Kernel hyperparameters. We construct our rotation matrir by
predicting an anglg and rescaling byj2 The scale matri$is built

true normalization factor's estimate. This bias can be reduced to anby predicting two scaling factors;;s, > 0. To ensure numerical
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Figure 2: Our NPPM architecture. We gather nearby photons in a given radius and compute per-photon features using a lightweight MLP
encoder F. The resulting features are then pooled into a deep context vector (DCV). This embedding is consumed by a decoder network D
alongside the gathered density statistics, to produce the parameters (rotation and scale) of the 2D covariance matrix of a truncated Gaussian
distribution. Thanks to the symmetric nature of this kernel, we can precompute the corresponding normalization factor up to a rotation in a
small look-up table, hence enabling exact density estimation.
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stability and prevent degenerate scales, we use an ELU activation
witha = 1and = 1:0001:

photons to match the desired count. This can be ef ciently im-
plemented using reservoir sampling, avoiding the need to store
the full list of gathered photons. We also staras it is an eas-

ily accessible and valuable statistic to inform our decoder of the
relative photon density at the gather point location.

z 2
expz  2);

with z being thei-th outpubof the network. We clamp the scale ) -~
value to a maximum value of 3, which makes the predicted Gaus- Computing the deep context vectorin addition to the generated

sian corresponds roughly to a box kernel. We x these hyperparam- deep context vector, we append a compressed representation of
eters across all experiments. the relative photon density, de ned as= log(1+ z), to avoid sat-

uratingc. This statistic is inexpensive to obtain, varies smoothly
across the scene and can guide the decoder towards more aligned
kernels.

ifz 2

+ELU(Z 2)= fg<2

S= (11)

4.3. Practical considerations

Implementing our algorithm ef ciently requires addressing several
key considerations. This section examines how to support range
queries during both training and inference phases of our method.
We also demonstrate how our network design facilitates caching
and reuse of latent representations across different rendering it-
erations and scene locations, hence enhancing computational ef
ciency.

Deep kernel evaluation After constructing the deep context vec-
tor ¢ with n, we decode the parameters of our normalized para-
metric kernel. Using these parameters, we query the corresponding
normalization factor from our LUT and evaluate the KDE estima-
tor (Eqg. (8). This estimator can either be applied to the (resam-
pled) subset of photons used to form the network input or to all
photons within the gather point radius via a separate range query.
Both approaches have trade-offs: reusing the resampled photons
Range versus nearest neighbor queriesDPM [ZXJ 20] usesK- reduces computation, but increases variance, especially when the
NN since it does not need to control bias. AdditionallyNN sim- predicted kernel is narrow. We found that performing an additional
pli es implementation by ensuring that a constant number of pho- range query is more advantageous in practice, as it does not intro-

tons is processed by the network, making both training and infer- gyce extra variance and its cost can be amortized using a spatial
ence more parallelizable: since the number of photons per gather|atent averaging strategy, which we describe next.

point is xed, the memory can be preallocated ef ciently.

Our method is also compatible with nearest neighbors and can be
trained using this density estimation strategy. As our domain is re-
stricted to a dislB, however, we require range queries instead. This  Our approach naturally allows for decoupling the encoding and de-
results in avariable number of input photons, which complicates coding of the deep context vector. To this end, we maintain a la-
batch training. To address this, we impose a xed upper bound on tent representation at each pixel and average these representations
the number of photons collected. This leads to two scenarios: over multiple iterations. This approach allows the kernel's adaptive
properties to gradually decay as rendering proceeds. While the en-
coder network is most computationally expensive (as it is applied
independently to each of tH& photons selected per gather point),
the decoding network is invoked only once per gather point. As
such, an opportunity arises to amortize the DCV encoding opera-

4.4. Spatial latent averaging

I. Fewer photons than the maximum:We mask the missing pho-
tons by zeroing out their encodings and setting their associated
weights in the predicted kernel to zero. This introduces bias in
the average pooling. To compensate, we apply a correction fac-

tor z = B=Knatched0 the mean vector, whekis the xed batch

size (i.e., the maximum number of photons) #ghichesis the
actual number of photons gathered. Max-pooling remains unaf-
fected by this change.

Il. More photons than the maximum:We uniformly resample the

© 2026 Eurographics - The European Association
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tion across gather points and iterations.

By exploiting the smoothness of the photon distribution over the
scene surfaces, we propose to combine our method with a 3D grid
that store and access these latent representations. The grid size is
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Figure 3: Examples of our procedurally generated training dataset.
Gather points travelling through dielectric surfaces are masked out
to avoid excessive noise during training.
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initialized according to the largest axis of the scene's bounding box. »2
At each iteration, we perform the following two steps:

1. Collect photons at a subset of gather points, encode them, anc
average their resulting DCVs along with the density statistic
inside the 3D grid. To avoid aliasing, we apply stochastic jitter-
ing to the gather point locations before splattiBg-K20].

2. Retrieve the averaged deep context vector from the grid, decode
the corresponding adaptive parametric kernel, and perform ker-
nel density estimation using a range quegg ((8).

NPPM (Ours)

Averaging the spatial DCV can be done using a small exponential

smoothing factord= 0:5) or by averaging over all iterations. We  gigure 4: We plot and visualize the MRSE error for SPPM and our
found that averaging over all iterations gives slightly better results method across various radius scales. Our method consistently out-
than exponential smoothing. We leave the investigation on the bestyerforms the box kernel, with diminishing returns at smaller radii.
policy to update our spatial grid as future work. This grid approach

achieves better performance compared to predicting the DCV at

every iteration for all gather points, as it reduces noise in both the ) ]

produced DCV and the density statisticas well reduce our overall ~ cOmpute only the caustic component of light transport to let the
cost. Sharp discontinuities in the photon density can introduce bias; "€twork focus on complex and high-frequency photon distributions
however, this bias remains bounded due to the underlying proper_typical of caustics. Reference images are generated using progres-

ties of our kernel and will vanish during the progressive rendering SiV& photon mapping{OJ0g. Range queries are performed at run-
process. time to augment our data with random photon maps. We uniformly

pick radii in xed intervals to add variability in the density of pho-

Early stopping To further reduce overhead, we stop updating the tons. We set the maximum number of photorkigax = 1000 and
latent representations after 50 iterations. This strategy is similar to @PPly our masking and resampling strategy fréection 4.3We

that used in neural path guidinB\VL23,HIT 24]; however, unlike use a high value here.to mitigate the noise on tralplng gradients
neural path guiding—which relies on online training and maintain- c2used by the resampling step. In total, our dataset is composed of
ing computation graphs—our method only performs MLP evalua- More than 3.2 million supervised training samples.

tions per photon for encoding. The scenes themselves are randomly generated from an interior
cube. We assign random albedo colors to each diffuse wall and
Surface normal test During photon gathering (both for producing  place a rectangular area light source with random orientation, scale,
the DCV or performing KDE Eq. (8), we reject photons whose  and position. We then insert multiple dielectric for caustics and dif-
surface normals signi cantly deviate from that of the gather point. fuse objects for shadows and non- at surfaces shading scenarios.
This Itering strategy is common in traditional photon mapping to  We apply random bump mapping to all dielectrics, producing a
reduce bias. In our setting, we found that applying this normal- wide variety of intricate light patterns. We further randomize the
based ltering helps the network focus on more relevant regions of position and look-at direction of the camera.
the scene, rather than over-emphasizing geometric discontinuities
such as edges, creases and corners. Our adaptive kernels accouincoder pre-training. To stabilize and accelerate training, we
for these regions by predicting better suited kernels. pretrain our encoder netwoFK q) within a variational autoencoder
(VAE) [KW14]. The VAE is trained to capture and reconstruct the
input photon distribution, thereby promoting an expressive deep
context vector (DCV) that generalizes across a wide range of pho-
Dataset generation.Our training set consists of 50 procedurally ton distributions. To reuse the pretrained encoder in our kernel
generated scenes rendered at a resolution of 2886. Figure 3 adaptation networkHig. 2), we predict the mean and variance of
shows a few representative examples. In all scenes, we isolate anK = 32 Gaussians through a single linear projection from the DCV.

4.5. Training
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New photons are then generated by sampling from these Gaussians
and decoding their positions with a small MLP. The VAE is op-
timized for 300 training steps on small subsets of the dataset by
minimizing the Chamfer distance between the generated and input]
photons. In practice, we found it more effective to freeze the en-
coder and use it directly to produce the DCV fed into our kernel
decodeD(j ), rather than retraining it from scratch.

CPPM NPPM Reference

Model hyperparameters and optimization. Our feature extrac-
tor networkF(q) is a 3-layer MLP with Tanh activations, while
our decodeD(j ) shares the same characteristics. We eise32
dimensions for our deep context vectors.

We use the Adam optimizeKB15] with a learning rate of 10%. 0.116/1.17 /439
To manage memory usage during training, we subsample 50% of ™~ e el k. - i il
the image pixels, as backpropagation over all gathered photons ex-
ceeds our GPU memory capacity. We minimize tHeoss com-
puted between the predicted and target radiance values, both passe
through the compression function

L 7! log(1+ pL) log(1+ W; (12)

wherep = 5000, following Zhu et al. ZXJ 20]. We initialize the
network to produce small kernels at the start of training, as we
observed that large initial kernels often cause the optimization to
converge to poor local minima. We optimize our model for only
10 epochs on an NVIDIA RTX 3080 GPU. This takes roughly 90
minutes, a stark contrast with DPM reporting two days of training.

Figure 5: Equal-time comparison over ve minutes of CPPM
[LLZ 20] and NPPM in the CLASSROOMScene. The scene con-
tains several glossy materials, including the whiteboard, chairs,
and desks. Glossy surfaces are challenging for photon mapping
5. Results methods, particularly at grazing angles such as those observed on

Implementation details. We use Mitsuba 3JSR 22] to perform the chair seats and desks.

the eye pass and the photon tracing pass. We then execute our radius

search on the GPU using a custom CUDA implementation of xed-

radius nearest neighbors search by RaRanil4. We use Py-

Torch [PGM 19| and fully-fused MLPs121] for acceleration dur- by averaging multiple density estimates to make the bias more ap-
ing training. All our test references are computed with stochastic parent. The improvement of our method diminishes with smaller
progressive photon mapping (SPPNYJD9 to have fresh gather kernels, unsurprisingly, as the assumption of uniform density holds
points at every iterations. We reimplemented DPEKJ 20] as in this regime. When the radius falls below a certain threshold (1.0
no open source codebase is available. Similarly, we reimplementedray differential radius), we switch to a box kernel to maintain nu-
CPPM LLZ 20Q]in Mitsuba 3. All learning methods are trained on  merical stability and reduce computational cost.

our dataset described 8ection 4.5We will release our implemen-

tation and our generated dataset upon publication. Consistent method comparions.Figure 6shows the comparison

To evaluate our approach we use Mean Squared Brfrand between our methods with anisotropic 2D kernels, SPPNDJ
Mean Relative Squared Error (MRSE) withke 10 2. We alsoused ~ and CPPM[LZ 20]. We omit DPM [ZXJ 2(Q] since it cannot be
the Symmetric Mean Absolute Percentage Error (SMAPE) to eval- made consistent. CPPM has a different reduction policy based on
uate re ies in the unbiased application. All results were obtained thec?-test, which often reduces the radius faster than SPPM, hence
under equal iteration counts or equal runtime conditions. For the reducing the overall bias. Our method NPPMses the same re-
photon encoding, we use range query with 50 maximum photons. duction policy as APA, so that each iteration gather the same set of
SPPM, CPPM, and our NPPM use all photons. We trace 2M pho- Photons. Due to a more expressive kernel, our method can achieve
tons/iteration for the @AB DoOF and QRAB scenesKigs. 1, 6 improved convergence with signi cantly lower bias. We also in-
and11); all other scenes use 400K photons/iteration. For glossy Clude results for our method NPPMThis more aggressive reduc-
materials, we use: as minimum roughness to deposit photons and tion strategy reduces bias by employing smaller bandwidths. Un-
gather points. No guiding is performed during the tracing. DPM like CPPM, this strategy does not rely on a statistical test; instead,

contains a total of 6.2K parameters, whereas ours only has 2.5Kthe radius is reduced geometrically once a minimum photon count
parameters. is reached. The rendered imaged-ig. 6 show results compara-

ble to CPPM. In scenes with depth of eld effects, such aa&s
Sensitivity to range query size.Figure 4shows how our method DoF, CPPM's per-pixel statistical assumption breaks down, pro-
is more robust to the scale of the range query compared to the non-ducing blurrier caustics compared to our method. However, in uni-
adaptive box kernel from SPPM. All closeup images are produced formly lit regions, our method performs slightly worse than CPPM.

© 2026 Eurographics - The European Association
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Reference SPP# NPPM CPPM NPPM Reference

L2/MRSE/|t0199/240/439 0053/099/28623/0 19/489 0.033/0.44 /583

- [
L2/MRSE/it:0.34/2.34 /516 0.150/1.43/48939/0.32/490 0.035/0.41/512

L2 /MRSE /it:3.44/7.34/319 0.53/1.05/239.05/0.26/355 0.04/0.20/373

Glass DoF e - | ‘
L2/MRSE/it: 0.45/0.52 /413 0.07/0.15/ 29903/ 0.06 / 400 0.03/0. 10/500

Figure 6: Comparison for NPPM with SPPMHI09 and CPPM [LLZ 20] at equal-time (30 seconds) with different radius reduction
strategies. Our method produces sharper caustic details than SPPM. In some cases, CPPM tends to blur more complex caustic patterns (e.g
ARTWARE, GLASS DOF); however, its radius reduction strategy better preserves uniform, well-lit regions, which can lead to lower overall
error.
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Table 1: Performance breakdown between SPPM and our method (N Rivitwo representative scenes at different iteration counts (5 / 50
/500 it.). All values are in milliseconds. Tracing time includes both eye and photon passes. Overhead is computed relative to the total SPPM
time (Tracing + SPPM Eval.) compared to our method (Tracing + Enc. + Dec. + NPPM Eval.).

Scene Tracing SPPM Eval. Enc. + Dec. NPPM Eval. Overhead (%)
ARTWARE  60:0 703/421/225 343/271/15 1071/695/336 545%/533% /152%
CRAB 532 79/49/37 128/115/15 219/176/59 44:3% / 460% / 65%
Artware Crab stance, using a hash grid similar to Binder et BEFK20] or other
spatially accelerated data structures would likely reduce our over-
head further.

Time

Unbiased estimators Explicit control over the kernel bandwidth
is required for unbiased density estimation via telescopic se-
ries [MBGJ23, which is naturally supported by our adaptive kernel

) ) approach. For this application, we adapt our parametric kernel with
Iteration Iteration

CPPM SPPM NPPM NPPM Q") = 1g(d) (1 d)' Zeone; (13)

so that it mimics a parametric cone kernel, yielding smaller asymp-
totic variance compared to constant kernd8[5J23. We obtain

the normalization ternZcone= ﬁh by analytically integrat-

ing the kernel function. Our neural architecture is optimized to pro-
duce a suitablé > 0:1 for adaptive density estimation, in the same
way asQ2PC. This experiment also illustrates how our framework
can be extended to other parametric kernels, highlighting its poten-

tial for generalization.

Figure 7: Per-iteration runtime for all methods oARTWARE and
CRAB. Runtimes are smoothed with an exponential moving aver-
age, and timings before the 5th iteration are excluded for improved
readability.

Support for glossy materials. We support a microfacet conductor
BSDF (GGX) in our GPU implementation. Figubedemonstrates Figure 8 compares progressive estimators obtained with our
our method on glossy surfaces in theASsrRoom scene. While  method and with standard density estimation, along with their un-
our method exhibits some low-frequency noise on glossy surfaces, hiased variants. We use the same random numbers to correlate the
it outperforms CPPM, which tends to overblur sharp caustics. Graz- stochastic radius selections and the photon map generations, since
ing view angles produce noisy results across all our tests. Including unbiased variants often exhibit instability in convergence curves
roughness information in the DCV or Combining our method with due to rare un|ike|y very small radii Samp|ed. The comparison
vertex connection and merging (VCMBKDS12 may be promis-  demonstrates that our method bene ts both progressive and unbi-
ing directions for further improving results on such surfaces. ased estimators by reducing overall error. While unbiased estima-
tors show larger error than their biased counterparts, the resulting
Timings. Table 1quanti es the inference time of our NPPM ap- images remain compatible with existing denoising methods. It is

proach compared to SPPM on thekPWARE and (RAB scenes. important to note that, in theory, correlations between kernel esti-
ARTWARE exhibits highly heterogeneous photon density, with cer- mations and local statistics during the grid construction phase may
tain regions containing very high photon counts. In contrar introduce bias. However, we did not observe clear bias both visu-

features a more homogeneous and sparse photon distribution acrosslly and quantitatively.

the scene. As a result,R3B yields shorter range query and eval-

uation times than ATWARE, as it produces a more uniform and Convergence analysisFigure 9shows the evolution of L2 and
smaller workload on the GPU. During the rst phase, in which we MRSE for our methods, SPPM, and CPPM over rendering time.
encode 10% of the gather points and update the grid, our methodThese results reinforce the trends observeHigure 6 the intro-
represents a 45-55% overhead. This phase lasts for only 50 itera-duction of depth of eld reduces the performance gap between our
tions, after which we simply read the DCV from the grid and de- approach and CPPM. Notably, our method consistently achieves
code it. This results in a nal overhead ranging from 6-193%- lower error rates at shorter durations, which is advantageous for
ure 7provides a broader view of per-iteration cost during progres- preview settings. At longer durations, our method delivers render-
sive rendering. For both NPPMand CPPM, the range query radius  ing quality that is on par with, or slightly below, that of CPPM on
decreases more rapidly, leading to faster evaluation and further re-average.

ducing overhead. However, the highly heterogeneous query sizes
introduced by CPPM's radius reduction scheme can cause GPU
performance slowdowns. In contrast, our method makes more ef-
cient use of GPU memory, enabling higher iteration counts under Range-query versus K-NN Figure 10shows a comparison be-
the same time budget. Further optimizations are possible; for in- tween photon mapping, DPMZKJ 20] and our method with

5.1. Ablation study

© 2026 Eurographics - The European Association
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Progrestli)\(/%d Con%};girgséd proggg;?\,gone KerrTsilased Table 2: Effect of number of iterations for the DCV averaging for
100passes in thé& RTWARE with NPPM.
lterations MRSE ( 10 %) MSE( 10 % Time (s)
1iter. 883 286 1241
10 iter. 284 140 1259
100 iter. 260 111 1357

N 7 Table 3: Impact of grid resolution on rendering error for theRT-

- g WARE scene using NPPRwith 100iterations. The400® con gu-
ration corresponds to the maximum resolution that ts within our
hardware.

Iterations Iterations - - 3 2
NPPMcone PPMcone Unbiased NPPM  Unbiased PM Grid Resolution  MRSE (10 ) MSE( 10 %)
643 3:00 174

Figure 8: Comparison between our method using an adaptive cone 1263 235 136

kernel, SPPM IHJ09, and Unbiased PM [MBGJ23, both using 256 2:31 133

xed cone kernels. Our method reduces bias in sharp caustic re- )

400° 1:99 121

gions and decreases re ies in the unbiased case. Error maps show
MRSE for progressive methods and SMAPE for unbiased counter-
parts.

the nal image. Conversely, higher resolutions increase memory
consumption and slightly raise the cost of retrieval and updates.
range-query and-NN. We can see that adopting a progressive Table'3sur_nn_1a.r|z§s the impact of grid resoIL_ltlon onimage quality,
approach is important in order to reduce bias. In this scenario, Showing diminishing ret;éns. beyond a certain resolution. In all our
DPM diverges since nothing in its design enforces the normaliza- €XPeriments, we use a 25grid, which ts comfortably within the
tion of the kernel; consequently its consistency suffers. Our ap- GPU memory.
proach strongly reduces bias on sharp caustics while preserving  Figure 5and Figure 11demonstrate that the uniform grid can
smooth lighting in uniform density regions. Thus making it effec- aiso handle larger scenes. For even larger environments, we recom-
tive in range queries and progressive settings thanks to our normal-mend using adaptive data structures, such as sparse grids, octrees,

ized kernels. or kD-trees constructed from gather-point statistics during a pre-
) ] ] ] processing stage. These structures would signi cantly improve the
Number of iterations for DCV averaging. While our method memory ef ciency of DCV storage, although computation speed

does not require online training during inference, DCV formation may be reduced due to the logarithmic traversal complexity. Ex-

remains & major bottleneck since its cost grows linearly with the poring such data structures and implementing the corresponding
number of gathered photons. To mitigate this, our approach relies pcy interpolation are left for future work.

on spatial latent averagingéction 4.4 and gatherpoint subsam-
pling. Table 2illustrates the diminishing impact of the number of
averaging iterations on both error reduction and rendering time. 6. Conclusions

Based on these results, we select 50 iterations as a practical COMyve have presented neural progressive photon mapping (NPPM),
promise between computational overhead and overall accuracy. a learning-based framework that addresses kernel parameter se-
lection challenges in density estimation through spatially adap-
tive, analytical kernels. Our lightweight neural model ef ciently
adapts to local photon distributions while maintaining compatibil-
ity with progressive rendering work ows and consistent estimators.
NPPM represents the rst learning-based progressive photon map-
ping method, providing a practical solution for high-quality caustic
rendering that combines neural adaptivity with the controllability
required for robust light transport simulation.

Grid resolution. The resolution of the grid used to store the DCV
spatially is an important hyperparameter. Low resolutions tend to
over-blur the latent codes, resulting in poorly tted kernels and vis-
ible bias in the nal image. Conversely, higher resolutions increase
memory consumption and slightly raise the cost of retrieval and
updatesTable 3summarizes the impact of grid resolution on im-
age quality, showing diminishing returns beyond a certain resolu-
tion. In all our experiments, we use a fs@rid, which ts com-

fortably within the GPU memory. More optimized data structures, Limitations and future work. Although independent truncated

such as hash grids or tree-based layouts, could further improve per- . : -
. N : Gaussians produce consistent estimators, our kernels actually de-
formance while maintaining a comparable memory footprint.

pend on the photon distribution and are therefore correlated. As

The resolution of the grid used to store the DCV spatially is an such, we cannot claim theoretical consistency for our estimator. In
important hyperparameter. Low resolutions tend to over-blur the practice, this does not cause issue with NPRMIs shown in the
latent codes, resulting in poorly tted kernels and visible bias in convergence plots iRig. 9.

© 2026 Eurographics - The European Association
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Crab DoF Box Crab Artware Glass DoF

L2

MRSE

Time Time Time Time Time
CPPM SPPM NPPM NPPM

Figure 9: Convergence curves per time step (seconds) of our methods NPPM, $RIP8} 4nd CPPM [LLZ 20] over ve minutes. Our

method with the APA radius reduction scheme NPRuhibits consistent convergence and higher quality renders than SPPM. Although
NPPM demonstrates superior performance over CPPM in short-duration scenarios, the hypothesis testing scheme of CPPM leads to lower
or equivalent long-term error rates.
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Figure 10: Comparison between our method, DPEMJ 20] and Figure 11: Equal-iteration comparison of different grid resolutions

SPPM HJ09. Neural methods outperform box kernel for single for a larger version of th&€€RAB scene across multiple zoom levels.
queries. However, due to its non-progressive design, DPM diverges The renderings were obtained with 2M photons per iteration and
when radius reduction is applied. We show the SMAPE in false identical initial radii.

color; numbers refer to £ and MRSE scores, respectively.
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