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Abstract

Monte Carlo (MC) path tracing has been widely used to synthesize realistic images. However, it takes

extensive time to render a high-quality image since it requires to sample numerous light paths for each

pixel. Hence, MC image reconstruction methods have been actively studied to remove rendering noises

and recover clean images. This study proposes a light path clustering framework to further improve

MC image reconstruction. Though image-space features (e.g., surface normal, depth, texture maps)

have signi�cantly contributed to MC denoising, direct utilization of high-dimensional light paths has

not yet been su�ciently explored. This paper proposes a contrastive manifold learning framework that

reduces the dimensionality of path space for MC reconstruction models to exploit path-space features

e�ectively. Conventional contrastive approaches utilize discrete data labels to discriminate and cluster

the data. Yet, discrete and exact labeling for light paths remains ill-de�ned due to the continuity and

complexity of path space. We circumvent this issue by weakly-supervised learning; we use reference pixel

colors for continuous pseudo labeling. We apply our framework to the recent reconstruction models and

demonstrate considerable improvements. This thesis is based on the original paper [12].

Keywords Monte Carlo path tracing, deep neural network, manifold learning, image reconstruction
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Chapter 1. Introduction
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Figure 1.1: We propose a path-space manifold learning framework to enhance Monte Carlo reconstruc-

tion networks. In this �gure, KPCN [4] and SBMC [16] are respectively extended to KPCN-Manifold

and SBMC-Manifold by our framework. The manifold models reconstruct an oil bottle holder re
ected

on the kitchen tile or seen through the oil bottle (�rst row) and tailpipes dimly re
ected on the 
oor

(second row) better than their vanilla counterparts, showing lower numerical errors. \My Kitchen" by

tokabilitor under CC0. \Old vintage car" by piopis under CC0.

Image reconstruction such as denoising is an ill-posed problem in computer science. Fortunately, prede-

�ned 3D scenes provide fruitful guidance on Monte Carlo (MC) reconstruction to recover details while

reducing artifacts. Although MC rendering su�ers from severe noise at low sample counts due to its

stochastic nature, reconstruction models often yield visually impressive results thanks to strong con-

straints such as normal, depth, and texture [45]. The geometry bu�er (G-bu�er) has shown a high

correlation with the reference image, especially where di�use re
ections are dominant. As a result,

regression-based reconstruction can e�ectively reduce random noise from MC integration [36, 38]. More-

over, the image-space auxiliary features have led to signi�cant improvements in the recent deep recon-

struction [4, 9, 56, 31].

Most prior methods exploit the �rst bounce features from high-dimensional paths, and some of

them utilize path-space decomposition [60] to obtain indirect features manually when the �rst few in-

teractions are specular or near-specular [4, 16]. We argue that these features do not provide a su�cient

representation of various light phenomena for reconstruction networks. Since path tracing, for example,

involves a sequence of scattering as shown in Fig. 1.1, a representation of light propagation is inherently

high-dimensional. However, learning meaningful patterns between high-dimensional paths and reference

images is still challenging due to the low correlation and high sparsity of path samples. Recent studies

report that deep neural networks often struggle to explore the sparse space [58, 40, 24].
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Figure 1.2: Illustration of our weakly-supervised path-space contrastive learning. (a) For each path,

we extract a path descriptor, a sequence of the path's radiometric quantities at each vertex. Pseudo

colors highlight the similarity between paths. (b) We use a sample-based convolutional network to

transform path descriptor vectors into a low-dimensional space. (c) The network initially produces a

poorly-structured manifold space. (d) As training goes on, our contrastive manifold learning framework

re�nes the manifold space by the proposed sample-to-sample optimization; paths cluster together if they

are sampled from pixels with similar reference colors, while pushing each other away in the opposite case.

That is, we use reference pixel radiance as pseudo labels for path clustering. Our path-space contrastive

learning separates the overlapped path distributions, providing distinguishable yet compact features to

MC reconstruction networks. The embeddings are fed to a reconstruction network along with G-bu�er

to help MC reconstruction.

Main contributions. This study proposes a manifold learning framework that allows MC reconstruc-

tion models to fully utilize paths, containing not only �rst bounce features but also multi-bounce features

(Fig. 1.2). Moreover, our framework aims to extract compact and useful embeddings of high-dimensional

path features to remedy the sparsity of path-space. To achieve this goal, we leverage the recent deep

manifold learning studies and their contrastive approaches, which cluster input data for downstream

tasks such as classi�cation and regression [11, 47, 10, 55]. In the end, we successfully identify dense

clusters in path manifold (Fig. 4.1) and exploit the information in the image- and sample-space MC

reconstruction. Our contributions are as follows:

ˆ We propose weakly-supervised contrastive learning, an orthogonal design to vanilla regression

framework, to leverage path-space features for improving MC reconstruction (Sec. 4).

ˆ We present path disentangling loss to directly learn the correlation between paths and alleviate the

sparsity of path space (Sec. 4.3).

ˆ We demonstrate that our training framework supplements vanilla image- and sample-space models,

producing numerically and visually improved results (Sec. 6, Fig. 6.1, and Fig. 6.2).

We hope that our work takes a meaningful step toward utilizing path-space and triggers fruitful

future work (Sec. 7).

2



Chapter 2. Related Work

This section discusses the recent trend in deep learning-based reconstruction methods for MC path

tracing, followed by manifold learning approaches in computer vision and graphics applications.

2.1 MC Reconstruction with Deep Learning

Machine learning techniques to reconstruct smooth images from noisy inputs have been widely

studied for the past few years [28, 9]. Recently, convolutional neural network (CNN) approaches to

predict per-pixel �ltering kernels have been presented [4, 50]. They are further extended to predict

per-sampling �ltering kernels [16]. This sample-based method shows substantial results in suppressing

high-energy outliers compared to prior pixel-based methods, which only take low-order statistics (e.g.,

mean and variance) of radiance samples. The main drawback of the sample-based approach was the high

computational cost and memory consumption, but a cost-e�cient reconstruction method distributing

samples into multiple image layers is recently proposed [41]. Also, it is demonstrated to separate auxiliary

features into image- and sample-space and feed them into separate feature extractors to predict detail-

preserved images [34].

Aside from the studies exploring the network structures, novel input features such as image gradient

bu�ers are also proven useful to guide a reconstruction network [31]. They demonstrated that the

frequency information in image gradients helps the deep network infer image smoothness at the cost

of producing the auxiliary inputs. Also, a recent work shows that each G-bu�er channel a�ects their

network's convergence to di�erent extents [9].

Despite the large body of MC reconstruction research, most CNN-based denoisers are trained on

a single task: regression. Although several reconstruction losses have been proposed [9, 50, 31], previ-

ous techniques essentially optimize the distance between output images and reference images, except a

recent adversarial approach [56]. Nevertheless, when training deep networks with a single regression-

based objective, complexity and sparsity of path-space degrade the utilization of path features. As

such, we propose a novel task,path-space manifold learning, to o�er additional guidance to CNN-based

reconstruction models (Sec. 4).

2.2 Supervised Manifold Learning

Manifold learning, also known as metric learning, analyzes the similarity between data to remove

redundant dimensions while preserving useful information. Since manifold learning can handle high-

dimensional data cost-e�ciently, it has been applied in various domains, such as image recognition [18]

and image retrieval [52]. Its detailed discussions are available at a recent survey [30]. We focus here on

the most relevant supervised manifold learning techniques employing CNNs.

One of the intuitive applications of manifold learning is age estimation. Intuitively, even high-

dimensional face images can be mapped onto a one-dimensional number line in order of age. The ordinal

relation between ages is utilized to provide valuable supervision to age estimation [25]. They successfully

observe a near-one-dimensional distribution in the embedded face image space.
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Recently, a series of contrastive approaches has been proposed in the computer vision domain [14,

11, 32]. These methods exploit contrastive losses, which manipulate the distance between embedding

pairs according to their label similarities, to learn the a�nity of inputs. These approaches induce useful

embedding spaces and provide improved results when the embeddings are used as intermediate features

for their target tasks (e.g., face recognition, image classi�cation, and shape correspondence). Also,

contrastive learning has been proven useful, especially when a dataset is sparse (i.e., a limited number

of data for each label). For example, a popular face recognition benchmark LFW [23] contains 13,000

images, including photos of 1,680 di�erent people.

Our work also designs a contrastive loss in addition to a regression loss to remedy the sparsity of

path-space and extract more expressive path embeddings for improving MC reconstruction. Since we

cannot clearly de�ne path labels to distinguish between intra-class pairs and inter-class pairs, path-space

contrastive learning creates new challenges, distinctive from typical image or point cloud processing.

Hence, this paper adopts a weakly-supervised approach [59] to lessen the strict constraint on contrastive

labeling (Sec. 4.3).

2.3 Manifold Techniques in Graphics

Due to the inherent complexity of path-space, e�cient handling of light paths has been a central

question in MC rendering. Researchers have exploited analytic constraints of path-space, reducing its

dimensionality. Manifold exploration is a path sampling method based on Fermat's principle on specular

surfaces [26]. This approach scales down the dimensionality of path integration by analyzing the manifold

of specular transport at the cost of computing the Jacobian.

Half vector space light transport (HSLT) [29] perturbs half vectors stochastically along a sequence of

path vertices. Unlike manifold exploration, HSLT performs importance sampling on those half vectors

from BSDFs and geometries, facilitating path-space exploration. Breakup mutation strategy further

extends HSLT to displaced geometries [20].

The specular manifold space is analyzed to complement next event estimation (NEE), combined with

MC path tracing [19]. In the spirit of manifold NEE, Specular manifold samplingpresents a method

for rendering specular microgeometry and complicated surfaces induced by normal and displacement

mappings [57]. Nonetheless, these techniques are not based on data-driven learning approaches.

Beside the MC rendering, various data-driven methods have been discussed, thanks to recent ad-

vances in machine learning. Font synthesis is one of the intuitive and valuable applications of manifold

learning. A stroke-based representation of fonts learns the manifold of typefaces by applying a machine

learning-based manifold method [5]. Gaussian material synthesisalso leverages the same algorithm to

explore the two-dimensional manifold of material appearances and synthesize unseen materials [61].

As far as we know, data-driven manifold techniques have not yet been studied for MC reconstruction,

even though they have begun to be applied in other graphics sub-�elds. Hence, we explore its potential

by employing contrastive learning to MC reconstruction.

4



Chapter 3. Overview

We now present the main intuition of path-space manifold learning for MC reconstruction. We then give

an overview of our framework to train deep reconstruction models.

Path-space deep neural network. While the auxiliary features have proven valuable to high-quality

MC reconstruction, high-dimensional data processing techniques are inevitable to e�ciently utilize the

information on light paths, another important piece of MC rendering. Due to the sparsity and complexity

of paths, e�cient training in path-space is di�cult for deep neural networks. One brute force solution is

to collect training samples as dense as possible. However, it often requires a large amount of data and

long training time, exponentially growing with data dimensions for stable and reliable results.

Why manifold learning? The classic solutions of MC reconstruction, such as cross bilateral �lter-

ing [15], non-local means �ltering [8], ray histogram fusion [13], and adaptive regression [36], share the

same philosophy; they de�ne similarity metrics of pixels and take average colors of surroundingsimilar

pixels. As an example of the metrics, non-local means �ltering uses patch-wise mean luminance, and

ray histogram fusion exploits Chi-Square distance between two radiance histograms. When extending

the pioneering intuition to path-space, it is troublesome to de�ne the a�nity metric analytically due to

the complexity of path-space. Some previous deep learning-based MC reconstruction methods [16, 34]

have tried to leverage of path-space information via image-space regression, but gains limited e�ects.

Therefore, we propose a data-driven manifold learning method so that a reconstruction model can learn

the a�nity between paths and exploits the information in inferring its optimal parameters.

Manifold v.s. regression learning. The path-space contrastive learning aims to learn directsample-

to-sample correlation to discriminate overlapped path distributions (Fig. 1.2), which leads to more crisp

embeddings. On the other hand, image-space regression learns correlation between inputpixels and

target pixels, and a sample-space model learns that between inputsamples and target pixels. These

approaches may fail to reconstruct images in pathological cases where two pixels with similar color

distributions converge to a di�erent color, or pixels with di�erent distributions converge to the same

color.

Joint manifold-regression training. To achieve our goal, we present a joint manifold-regression

training scheme for MC reconstruction networks. As shown in Fig. 3.1, we attach the proposed man-

ifold learning module to a target MC reconstruction network. First, MC path tracing produces high-

dimensional path descriptors, which represent the radiometric properties of individual paths. Then, we

feed path descriptors into path embedding networkserving the feature extractor. The feature extractor

learns the a�nity between paths and a low-dimensional structure of path-space by our manifold loss,

path disentangling loss, built on top of contrastive losses. Since a contrastive loss requires labels to

distinguish inter-class paths, we use reference pixel radiance as our weak pseudo labels (Fig. 3.1 (b)). We

call the low-dimensional output P-bu�er as analogous to G-bu�er. P-bu�er is fed into the reconstruction

network together with G-bu�er. Finally, the feature extractor and the reconstruction model are trained

simultaneously on the manifold loss and an ordinary regression loss (e.g., relative L2).

5



Figure 3.1: Schematic of our joint manifold-regression training framework. The suggested manifold

learning module (orange enclosure) is attached to an existing reconstruction network (black enclosure) to

utilize path-space features better. The path embedding network in our framework is jointly optimized on

two tasks: contrastive manifold learning and regression. (a) We pair not only two adjacent embeddings

but also two distant embeddings in image space. (b) We label embeddings with the reference radiance

at the pixel where each path is sampled. (c) Finally, path disentangling loss aims to adjust the distance

between two embeddings according to the labels. (d) Meanwhile, the path embeddings (i.e., P-bu�er)

proceed to the reconstruction model along with auxiliary features and optimize the given regression loss.

6



Chapter 4. Manifold Learning for MC Reconstruction

We propose a novel manifold learning framework to improve MC reconstruction models via weakly-

supervised contrastive learning. The proposed framework can be adopted to both image- and sample-

space deep learning-based reconstruction models. We illustrate our framework in Fig. 3.1.

4.1 Path Descriptor

Con�guring the path descriptor is an essential prerequisite for e�ective path manifold learning. The

proper path descriptor should provide enough information to the manifold learning module to distinguish

each path, and the information should help image reconstruction as well.

The following information has been known as some useful path descriptors. First, as shown in

Fig. 1.2, light transports on di�use paths (orange) and caustic paths (green) should have vastly distinct

radiance variances and intensities. Therefore, they need to be processed separately throughout network

layers. In fact, paths can be classi�ed by material properties at each vertex, according to the Heckbert's

regular expression [22]. Second, recent sample-based MC reconstruction methods also utilize some of the

per-vertex material properties [34, 16].

Referring to these studies, we hypothesize that the features, such as a bidirectional scattering dis-

tribution function (BSDF) at each path vertex and photon energy propagated through the path, play an

important role in path classi�cation and image noise removal as well. Consequently, we construct our

path descriptor with �ve channels of per-vertex features representing a BSDF of each path vertex and

six channels of per-path features representing each path's lighting condition. Additionally, one channel

of path sampling probability is also collected.

A radiance �eld at equilibrium can be de�ned by an integral equation, called rendering equation [27]:

L r (x; ! o) =
Z



L(x; ! )f s(x; ! o; ! ) jcos(� )j d!; and (4.1)

L o(x; ! o) = L e(x; ! o) + L r (x; ! o); (4.2)

where L r ; L; L o; and L e are respectively the re
ected, incident, outgoing, and emitted radiances,f s is

the BSDF, ! o and ! are respectively the outgoing and incident directions at a surface pointx, and �

is the angle between the incident direction and the surface normal. Using MC estimation, Eq. 4.1 is

approximated with a sampling density q(! jx; ! o) (i.e., backward path tracing) as follows:

L r (x; ! o) =
1
N

NX

i =1

L(x; ! i )f s(x; ! o; ! i ) jcos(� i )j
q(! i jx; ! o)

: (4.3)

Suppose we have a path that is bouncedk times from the eye x ( � 1) to a point on a light x (k )

and let �x = x ( � 1) x (0) � � � x (k ) denotes such path. LetL e(x ( l ) ; ! ( l )
o ) is the emitted radiance from x ( l ) to

x ( l � 1) , where ! ( l )
o = ! x ( l ) ! x ( l � 1) and 0 � l � k. Then, our path descriptor is (5k + 6)-dimensional and

constructed as follows:

ˆ three channels per vertex for the attenuation;

f s(x ( l ) ; ! ( l )
o ; ! ( l ) )

�
�cos(� ( l ) )

�
� ; 80 � l � k � 1,
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