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ABSTRACT

We present an adaptive technique for efficient path tracing
on a GPU. The technique improves the efficiency of the
current state of the art parallel path tracing methods. Our
method uses a stream compaction algorithm to generate, in
parallel, a list of pixels to be traced, also called a sample
stream, which may contain multiple samples for each pixel.
To accelerate the convergence, we choose pixels to be traced
by predicting the square error reduction rate, which is com-
puted by comparing the past path tracing result and its fil-
tered version with a bilateral filter. Then, we use traditional
stream compaction path tracing for the generated sample
stream and accumulate the result iteratively, in parallel. We
show that our method is up to 2.6 times faster compared to
previous parallel path tracing techniques for equal-quality
rendering. We also analyze how much improvement has
been achieved in different scenes and discuss the limitations
of our method.

1. INTRODUCTION

Light transport problems used to be practically impossible
to solve interactively because of their complexity. How-
ever, the advances made in general purpose graphics pro-
cessing units (GPGPU), now means these problems can be
solved interactively by using a massive amount of threads
on a GPU.

While a naive GPU implementation can speed up the path
tracing algorithm, this does not take full advantage of the
computing power of the GPU due to the uneven workload
between threads. To solve this, several methods [2] [7] [12]
[11] that make better use of the parallel computing capa-
bility have been implemented. However, little research has
been done on efficient adaptive path tracing on a GPU.

In this paper, we propose a solution to this problem;
we propose adaptive path tracing on a GPU with minimal
synchronization. Our method spends the computing power
on the erroneous pixels, instead of the whole image, and
achieves improvements in the overall path tracing perfor-
mance. From our experiments, we conclude that our method

can increase the computation speed by up to a factor of 2.6
compared to previous parallel path tracing methods with
equal-quality rendering.

Our main contributions are:

• We propose a path tracing method that can adaptively
sample pixels on a GPU and accumulate the results into
an image buffer without any conflicts in memory ac-
cess.

• We demonstrate that our method has higher perfor-
mance than the previous GPU path tracing techniques.

2. RELATED WORK

Our work is split into two main parts: one part is concerned
with the path tracing algorithm and the other with error pre-
diction by filtering the result. Therefore, we split our dis-
cussion on the related work into two parts.

Firstly, there has been little work reported on efficient
thread management for GPU path tracing, which we use and
improve in our research. The Russian roulette technique is
usually used in path tracing [4][5] to probabilistically termi-
nate the path tracing process. However, if we use this algo-
rithm on multiple threads, it will cause an unbalanced work-
load due to the unpredictable termination of the algorithm
on each thread. Novák et al. [7] proposed a path regenera-
tion method to solve this problem. This method regenerates
paths from the originating pixel for each terminated path.
Since then, Wald [12] has presented an active thread com-
paction method to speed up the path tracing process on a
GPU. He used stream compaction [1] to remove terminated
paths from a path list and let the threads efficiently process
these paths. Antwerpen [11] proposed an even more effi-
cient method by combining active thread compaction and
path regeneration techniques, which improves the SIMD ef-
ficiency of path tracing.

Secondly, Monte Carlo path tracing suffers from noise
due to variance. One of the solutions to reduce noise is de-
noising by filtering, which is an active research field [13].
Rousselle et al. presented a denoising method that applies
multiple filters to a noisy result then chooses one of the fil-
ters for each pixel to minimize the mean square error [8] .
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They made further improvements by using non-local mean
filtering [9] and using feature information, such as normal
direction, texture and depth, to filter the input to produce
multiple candidates [10]. Gastal et al. [3] presented a
real-time high dimensional filtering technique by comput-
ing multiple manifolds of the result and denoising the in-
put. Mehta et al. [6] also proposed an image-space filtering
method for interreflections interactively by analyzing sig-
nals in the Fourier domain and using an axis-aligned filter.
While our method builds on these methods, we focus on im-
plementation of an efficient adaptive sampling technique on
a GPU.

3. EFFICIENT ADAPTIVE PATHTRACING

A naive path tracer shoots rays over a whole image uni-
formly. However, in many cases, some pixels need more
samples than others in order to converge faster to the cor-
rect result. For example, a pixel through which a tracing
path hits a glossy reflective surface requires more paths than
pixels corresponding to a highly reflective surface, which
reflects an incident ray into a narrower path. Thus, there
much research has been done on adaptive path tracing in
which pixels to be sampled are chosen according to the esti-
mated errors [13]. However, there has not been much work
done in the area of thread management.

There are two main problems in adaptive path tracing on
a GPU: thread-pixel assignment and the accumulation of re-
sults. The assignment problem is how to assign a pixel to
each thread. It is complicated to efficiently assign pixels
to each thread because we have to do everything in par-
allel, implying that we do not have synchronization be-
tween threads, since the parallel adaptive method usually
processes one pixel on multiple threads; thus a naive adap-
tive implementation uses atomic operations to assign sam-
ples to threads. Next, the accumulation problem is in regard
to the output from adaptive path tracing; it is most likely that
we get multiple results for the same pixel because we try to
trace erroneous pixels multiple times. With these results for
the same pixel, we should not naively write the result to the
image buffer simultaneously because a memory access con-
flict will occur and this slows down the computation.

We have developed a technique that can efficiently gen-
erate a list of pixels to be traced, which we call a sample
stream. This sample stream is proportional to the estimated
error reduction ratio for each pixel and the result can still
be efficiently accumulated from a path tracer to the image
buffer in parallel without causing conflict.

3.1. METHOD OVERVIEW

Figure 1 illustrates our method. Our method begins with
creating an initial image by tracing a set of paths for each

pixel. The number of paths is the same for all pixels. We
use the light vertex cache bidirectional path tracing method
developed by Davidovic et al. [2] because it is the most ef-
ficient GPU path tracing method we have tested. The image
obtained by this process is then filtered with a bilateral fil-
ter. We calculate the difference between the unfiltered and
filtered intensities of the pixels then use this to estimate the
error reduction, which tells us how much the difference be-
tween the final result and the current result will be reduced
by after some additional samples. After that, we use the
error reduction data as a probability to determine whether
additional paths from the viewpoint (eye paths) should be
traced for each pixel or not. Next, we generate multiple sets
of pixels to be traced iteratively based on the probability,
which we will explain in detail in Section 3.3, and combine
all these sets together and call this a sample stream. We
then trace the eye paths for the pixels in the sample stream
and accumulate the contributions from each set in the image
buffer.

Figure 1: An overview of our method.

3.2. SQUARE ERROR REDUCTION ESTIMATION

We want to create an accurate image as fast as possible. In
order to achieve this, we estimate the degree of error re-
duction that can be achieved by tracing additional paths for
each pixel. We compute the square error (or SE) of the path
tracing result in a similar way to Rousselle et al. [8] [9]. Ini-
tially, we render an image of a scene by tracing a small num-
ber of paths for each pixel, which would generally result in
a very noisy image. Then we apply a high-dimensional bi-
lateral filter to this noisy image. SE is then obtained by
calculating the difference between the filtered and the unfil-
tered images. Next, we estimate a reduced SE that would be
obtained by tracing n additional eye paths. Since SE is in-
versely proportional to the total number of eye paths traced,
SE is reduced by a factor of n / (n + ns) where n is the
number of additional eye paths and ns is the total number
of paths. The reduced SE can be estimated by:
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Ere = Ecur ×
n

n+ ns
, (1)

where Ere is the amount of error reduced by adding more
n samples and Ecur is the current SE. We compute Ere for
each pixel and use it to determine the number of additional
eye paths to be traced, as described in the next section.

3.3. SAMPLE STREAM GENERATION

We use the estimated reduced error Ere to determine the
number of additional eye paths to be traced through each
pixel. We generate a list of pixels, which we call the sample
stream, to indicate the pixels to be traced. We have devel-
oped a technique to efficiently create the sample stream on
a GPU.

The basic idea is as follows. We first prepare a pixel in-
dex buffer that stores indices of pixels through which ad-
ditional eye paths should be traced. The size of the pixel
index buffer is the same as that of the image. Our method
then compares Ere for each pixel with a random number.
The range we set for this random number is discussed be-
low. If Ere is larger than the random number, the pixel is
identified as ‘to-be-traced’ (we call these trace-pixels) and
its pixel index is stored in the corresponding element of the
pixel index buffer. Otherwise, the pixel is identified as ‘not-
to-be-traced’ (we call these untrace-pixels) and an invalid
pixel number (-1) is stored in the pixel index buffer. This
process is performed in parallel for each pixel. Then, using
a stream compaction algorithm [1], our method creates the
sample stream from the pixel index buffer by removing the
invalid pixel numbers.

By repeating the above process, we can spend more com-
putation power on the pixels with high errors since those
pixels are more likely to be chosen as trace pixels. However,
this method does not make the most of the parallel comput-
ing capability of the GPU unless we choose an appropriate
range for the random numbers. One simple choice is to set
the range from zero to the maximum of Ere. However, from
our experiments, this does not work well; more than 98% of
the pixels were identified as untrace-pixels. This means that
the only a small number of eye paths are traced and many
GPU threads are unused. To fully exploit the GPU capabil-
ity, we use a binary search algorithm to determine the range
of random numbers, as described below.

We initially set the search range to be from 0 to twice the
maximum of Ere, and set the range of the random numbers
to be from 0 to the middle value of the search range. A sam-
ple stream is then created by the method described above.
Next, the search range is modified when the number of the
trace pixels is not equal to the number of threads. When the
number of trace pixels is smaller (or larger) than the number
of threads, the maximum (or the minimum) of the search
range is replaced by the middle value of the search range

and the random number range is updated to be from 0 to the
new middle value of the search range. Then, another sample
stream is created. These processes are repeated and mul-
tiple sample streams are created until the number of trace
pixels becomes the number of threads. Note that the pixels
with higher errors appear multiple times in different sam-
ple streams and thus adaptive sampling of eye paths can be
achieved.

3.4. SAMPLE RESULT ACCUMULATION

We now describe an efficient, conflict-free method for ac-
cumulating contributions of the eye paths generated for the
trace pixels. Let us assume that the number of sample
streams computed in the previous section is m. We first
create a long sample stream by concatenating m sample
streams. We apply path tracing in parallel to all the trace
pixels listed in the concatenated sample stream. After trac-
ing the paths, the contributions of the paths need to be accu-
mulated in the image buffer. However, care must be taken
in order to avoid a memory write conflict, which reduces
the parallel computation performance. We address this by
making use of the nature of the sample streams, that is, in
each sample stream i, no trace pixels appear multiple times.

We prepare a temporal buffer whose size is the same as
that of the concatenated sample stream. The contribution
obtained by tracing an eye path for each trace pixel in the
concatenated sample stream is stored in the corresponding
entry of the temporal buffer. We then accumulate in parallel
the contributions for the trace pixels listed in sample stream
1. Next, the contributions for the trace pixels in sample
stream 2 are accumulated in parallel. These processes are
repeated for i = 0, 1, · · · ,m− 1. Since no trace pixels ap-
pear multiple times in the i-th sample stream, this process
can be done in parallel without causing conflict.

4. RESULT

We implemented our method on a Nvidia CUDA 7.5. We
initially sampled a scene with the stream compaction path
tracing method with 5 samples per pixel, then filtered it
with the bilateral filter that uses pixel positions, 3D posi-
tions, normal vectors and diffuse texture data. We tested
our method on three scenes: The Cornell box with a ball,
Sibenik cathedral and a Conference room. We used a ma-
chine with an Intel Core i7-4790K 4.00GHz, 32 GB of
memory and a single Nvidia GeForce GTX TITAN X. We
tested each scene with the output resolution at 800x600;
the filter parameters were chosen experimentally for each
scene.

Figure 2 shows the root mean square error (RMSE) of
the result using our method, compared with the stream
compaction method [1] and the adaptive atomic instruc-
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tion method, plotted against rendering time for three scenes.
The adaptive atomic instruction method was implemented
by initially sampling a scene, filtering it with the bilateral
filter then calculating the square error value of each pixel
just as in our method. However, instead of iteratively gen-
erating a path sample list, each pixel inserted its own pixel
into a global sample stream by using atomic instructions on
a GPU. The number of inserted samples of each pixel was
determined according to this equation:

PixelTraceN(x) = TraceN ∗ Epixel(x)∑
Epixel(x)

, (2)

where x is a pixel, TraceN is the thread size or the trac-
ing budget and Epixel is the predicted error for each pixel.
After that we traced the global sample stream and simply
accumulated the result via atomic instructions on a GPU.
As demonstrated by Figure 2, the convergence speed using
our method is faster than those using the other methods. For
example, when compared to the methods using stream com-
paction and atomic instructions only, our method was up to
2.6 and 3.0 times faster, respectively. The method using
atomic instruction underperformed when the system could
not approximate the error of each pixel accurately enough.
The method failed because it trusts the estimated error data
and manages all of its threads according to this data un-
like our method, which is more tolerant to an estimation
failure by using probability to choose sample pixels. Due
to the similarity of our method and the atomic instruction
method, we also compared these and we show their perfor-
mance breakdowns in Table 1. According to the table, the
atomic instruction method is able to perform path tracing
more than 2 times faster than our method. The only reason
for this is that, in contrast to our method, generated sample
streams from the atomic instruction method puts samples
from the same pixel next to each other. This enables the
GPU to perform caching efficiently and compute path trac-
ing of this stream very quickly. We should be able to im-
prove our method efficiency by adjusting the sample stream
layout, but due to the time limitation, we plan to adjust it
in future work. A visual comparison of the rendering result
using our adaptive method with the results using the other
methods is shown in Figure 3.

5. CONCLUSION

We have proposed an efficient adaptive path tracing method
on a GPU. Our method outperforms the previous state of the
art GPU path tracing techniques in that it is up to 2.6 times
faster for equal-quality rendering. The outperformance con-
tinues as long as the filtered image can faithfully estimate
the square errors of the result. However, due to the time lim-
itation we cannot compare our method against other novel
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Figure 2: Convergence-time plot of the three scenes in log-
arithmic scale.

adaptive path tracing methods, which we plan to do in future
work. Our filter may fail to faithfully estimate the square
errors when we use parameters inappropriate for the scene
to be rendered. Our filter requires many parameter adjust-
ments, which are not intuitive and may be a tedious task.
It is interesting to solve this problem by using a machine
learning approach or more advanced filters. Our method
can also be improved by adjusting the sample stream layout
to be more cache friendly and thereby increase its perfor-
mance.
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Table 1: Performance Breakdown
Scene Method Stage Average Time(ms)
Conference Our Method Path Generation 15.9242

Path Tracing 98.6969
Result Accumulation 3.28532

Atomic Method Path Generation 33.9067
Path Tracing 44.1767
Result Accumulation 1.05989

Sibenik Our Method Path Generation 11.6567
Path Tracing 175.384
Result Accumulation 3.26131

Atomic Method Path Generation 12.9999
Path Tracing 76.6641
Result Accumulation 1.43767

Cornell Box Our Method Path Generation 21.0712
Path Tracing 46.529
Result Accumulation 3.15267

Atomic Method Path Generation 2.08057
Path Tracing 8.22957
Result Accumulation 0.736866

Figure 3: This figure shows a comparison between the re-
sults of our method and those of the other methods. The
second and third rows show the results and square errors for
5 seconds of execution. Our method shows more accurate
and noiseless results. Except for the B scene, the result from
the atomic instruction method has less error than the result
from our method. However, according to Figure 2, after 10
seconds, our method will outperform the atomic instruction
method.
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Dabrovic. This work was supported by JSPS KAKENHI
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