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 a b s t r a c t

We introduce an out-of-core method for multi-GPU path tracing of large-scale scenes, leveraging memory access 
analysis to optimize data distribution. Our approach enables efficient rendering on multi-GPU systems even when 
the combined GPU memory is smaller than the total scene size. By partitioning the scene between GPU and CPU 
memory at the memory management level, our method strategically distributes or replicates scene data across 
GPUs while storing the remaining data in CPU memory. This hybrid memory strategy ensures efficient access 
patterns and minimizes performance bottlenecks, facilitating high-quality rendering of massive scenes. The main 
contribution of this rendering approach is that it enables GPUs to perform accelerated path-tracing for massive 
scenes that would otherwise be rendered only by CPUs. Previous work on this topic has enabled the rendering 
of massive scenes that are distributed among memories of all GPUs on one server. However, in that method, it 
is not possible to render scenes larger than the total size of all GPU memories. In our paper, we show how to 
break this barrier and how to combine the capacity of GPU memories with CPU main memory to render massive 
scenes with only a minor impact on the performance. When applied to a small system with 4xGPUs, the results 
are equivalent to a more powerful system with 16xGPUs if using the same number of GPUs as on the smaller 
system. Therefore, users can use even small systems to render massive scenes.

1.  Introduction

Although GPU memory capacity continues to grow annually, it re-
mains insufficient to meet the high demands of the film industry. As 
a result, most production rendering still relies on CPUs due to their 
greater memory availability. To overcome this limitation, we introduce 
an out-of-core rendering approach that enables GPU-based rendering 
even when the total available GPU memory is insufficient. Our method 
leverages an advanced distribution strategy based on memory access 
patterns and statistical analysis. Previously, a memory management-
level approach [1] replicated frequently accessed scene data on all GPUs 
to optimize performance. Our new approach enhances data distribu-
tion by organizing memory into chunks that can now be efficiently 
offloaded to system RAM, further improving scalability and rendering
efficiency.

The primary contribution of this paper is a unified solution for dis-
tributed and out-of-core GPU rendering that efficiently adapts to vari-
ous hardware architectures integrating CPUs and GPUs. Our approach 
is compatible with specific high-speed interconnects such as NVLink [2] 
and X-Bus [3], ensuring efficient data transfer between processing units. 
Using a unified memory management strategy, our method remains ef-
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fective in different hardware configurations. It enables seamless ren-
dering of both small scenes and massive datasets that exceed the com-
bined memory capacity of all GPUs, making it a versatile and scalable 
solution for GPU-based rendering. The small scenes are straightforward 
since they can be fully duplicated in the memory of each GPU. The so-
lution for massive scenes is to keep part of the scene data out-of-core 
in the main memory of the CPU. We demonstrate that even a standard 
bus, such as PCI-Express Gen 3 and 4, provides sufficient bandwidth for 
our proposed method. Although high-speed interconnects like NVLink 
offer advantages in tightly coupled GPU configurations, our approach 
remains effective even when relying on alternative data transfer mech-
anisms, such as the X-Bus interconnect. Another important technology 
that we utilize for the proposed solution is the CUDA Unified Memory 
[4], which we use to manage the data placement among the memories 
of GPUs as well as data placement in the system memory.

The organization of the paper is as follows. In Section 2, we describe 
work related to the topic of this contribution. In Section 3, the spec-
ification of the implemented method is presented in detail. Section 4 
provides a performance evaluation of the method with a specification 
of the tested scenes and HW architectures that were used. Section 5 
summarizes the results and brings the conclusion.
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2.  Related work

Cinema-quality rendering of computer-generated scenes relies on 
global illumination techniques such as path tracing to produce high-
quality images. As image quality demands increase, so do the require-
ments for scene complexity, including larger geometric structures and 
high-resolution textures. This complexity significantly impacts mem-
ory usage, particularly for large-scale outdoor environments, which can 
quickly exceed the available memory of a single computing device. In 
production renderers [5–9], scene sizes often surpass 256GB-far beyond 
the capacity of even the most powerful GPUs. This limitation makes it 
impractical to render such scenes on a single device or to use multiple 
GPUs while redundantly duplicating the entire scene across each device. 
To address the constraints of local memory, rendering techniques must 
employ one of the following strategies: (i) distributed rendering across 
multiple devices, (ii) out-of-core rendering that utilizes additional sys-
tem memory, or (iii) a hybrid approach combining both methods.

2.1.  Distributed rendering

In distributed rendering, methods can be categorized into two fun-
damental approaches based on when the transformation from scene ob-
ject coordinates to image coordinates occurs during the rendering pro-
cess. This classification, originally introduced by Molnar et al. [10], dis-
tinguishes between sort-first and sort-last techniques, each determin-
ing how rendering workloads are distributed across multiple computing 
units.

In sort-first distributed rendering, the transformation to image co-
ordinates occurs at the beginning of the rendering process. The image 
is divided into distinct regions, with each rendering device assigned a 
specific portion of the scene data based on a predefined or adaptive par-
titioning strategy. This approach aims to balance workload distribution 
while minimizing redundant data processing across devices. During the 
rendering process, portions of the scene are accessed and moved ac-
cording to whether they are required to render a particular part of the 
image. Appropriate preprocessing must ensure that the scene data is dis-
tributed so that the maximum amount of data required to render a part 
of the image on a particular device is held locally and the remaining 
data is distributed to other rendering devices. One extreme case, the 
simplest one, describes the situation where all scene data can be du-
plicated to every device, and no data has to be placed remotely. This 
approach is commonly used for small scenes and represents an embar-
rassingly parallel approach. For large-scale scenes, efficient data distri-
bution and rapid access to remote data are crucial factors in achieving 
high-performance rendering. Several approaches have been proposed 
to handle on-demand data movement in large scene rendering, as ex-
plored in [11–14]. These solutions aim to optimize data transfers, re-
duce latency, and ensure efficient memory utilization across distributed
systems.

In sort-last distributed rendering, pixel composition occurs at the fi-
nal stage of the rendering pipeline. Unlike sort-first methods, the scene 
data is initially distributed across all devices and remains fixed through-
out the rendering process. When necessary, individual rays in the path 
tracing algorithm are exchanged between devices to ensure correct 
shading and visibility. This approach has been widely adopted in pro-
duction rendering [15,16] and large-scale scientific visualization [17], 
where efficiently handling vast datasets is crucial for performance and
scalability.

Hybrid approaches that combine elements of sort-first and sort-last 
rendering have also been explored. For instance, dynamic ray schedul-
ing, as proposed in [18,19], adapts rendering workloads based on real-
time data access patterns. This method has been effectively applied to 
distributed memory systems, including supercomputers, to optimize ren-
dering performance by dynamically balancing computational load and 
memory usage across multiple nodes.

2.2.  Out-of-core rendering

In out-of-core rendering, scene data is typically loaded dynami-
cally as needed [5,20]. This approach is particularly beneficial for GPU 
rendering, where memory constraints often prevent storing the entire 
scene in GPU memory. Instead, less frequently accessed portions of the 
scene are offloaded to system RAM, significantly reducing GPU memory
requirements. However, to maintain performance, an efficient data man-
agement system must be implemented to ensure low-latency data trans-
fers between RAM and the GPU, allowing seamless retrieval of out-of-
core data when required for rendering.

Several approaches have been developed to address out-of-core ren-
dering in both single and multi-GPU environments. Budge et al. [21] 
introduced a path tracing method for heterogeneous architectures com-
posed of multiple CPU and GPU nodes, incorporating out-of-core data 
management. A similar strategy was later refined by Son et al. [22].

For single-GPU rendering, Garanzha et al. [23] proposed an effective 
out-of-core solution, while Wang et al. [24] extended this approach to 
support both geometry and lights. Harada et al. [25] developed a frame-
work designed to facilitate the conversion of in-core GPU path tracing 
implementations into out-of-core implementations, utilizing a software 
virtual memory system to manage page requests. However, their method 
considers out-of-core memory to be read-only.

In hybrid rendering approaches, Mattausch et al. [26] introduced a 
ray-tracing technique that integrates seamlessly with a streaming raster-
ization pipeline, supporting both dynamic and out-of-core scenes. Kim 
et al. [27] developed an interactive global illumination technique us-
ing heterogeneous computing resources (CPU and GPU), reducing costly 
CPU-GPU data transfers by implementing separate, decoupled data rep-
resentations for each processor.

For large-scale ray tracing, Hunter et al. [28] presented a parallel 
architecture for efficiently distributing geometry and constructing ac-
celeration structures, enabling the rendering of massive models within 
an out-of-core memory framework. Their method was applied to radia-
tive transfer modeling (infrared imaging).

Several works focus specifically on multi-GPU out-of-core rendering. 
Zhou et al. [29] developed a system for handling large textures across 
multiple GPUs, while Pantaleoni et al. [30] introduced an out-of-core 
multi-GPU ray tracing algorithm. Eilemann et al. [31] proposed a paral-
lel rendering framework that supports both multi-GPU and out-of-core 
techniques using a hierarchical data structure. However, their method 
relies on sequential traversal, resulting in significant memory overhead.

More recently, Dong et al. [32] presented a promising multi-GPU 
out-of-core rendering technique that optimizes data transfer between 
the CPU and GPUs. However, their approach is tailored specifically for 
rasterization-based rendering, limiting its applicability to ray-tracing 
workloads.

2.3.  Distributed shared memory systems

To contextualize our proposed solution within large-scale render-
ing, we employ a distributed GPU rendering approach that utilizes the 
sort-first method to distribute workloads efficiently. Additionally, we 
extend the total available memory for scene data by leveraging sys-
tem RAM, following an out-of-core strategy. A key component of our 
method is the use of NVIDIA Unified Memory (UM) [4,33], a hard-
ware/software technology that creates a single unified memory address 
space across all devices in the system, including CPUs, GPUs, or hybrid
architectures.

The concept of Unified Memory builds on principles of Distributed 
Shared Memory (DSM) systems, which were widely explored in the 
1990s when they first became commercially available [34]. DSM sys-
tems provide a logical shared-memory abstraction over physically dis-
tributed memory, allowing applications to function as if they were op-
erating in a traditional shared-memory environment [35]. However, 
such systems are inherently affected by Non-Uniform Memory Access 
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(NUMA), where data is distributed across multiple devices with varying 
access speeds, leading to higher latency for remote data access.

To mitigate NUMA-related performance bottlenecks, data locality 
plays a critical role in DSM-based systems. Prior research has explored 
data replication and migration techniques to optimize memory access 
patterns and improve performance [36]. These principles have also been 
carefully considered in the design of our solution to ensure efficient data 
distribution, minimal memory access overhead, and improved overall 
rendering performance.

Our approach further extends the work in [37] by Jaros et al., which 
introduced an out-of-core method for multi-GPU path tracing using 
memory access analysis to efficiently distribute scene data across GPU 
and CPU memory. Their approach enables the rendering of large scenes 
on multi-GPU systems by partitioning scene data at the memory man-
agement level, either replicating or distributing data among GPUs and 
offloading the remaining portion to CPU memory. Here, we perform a 
more in-depth analysis of the out-of-core method and confirm its gen-
eral applicability by testing it on another multi-GPU system as well as 
focusing on a suitable solution that can tackle not only static frames but 
also animations.

3.  Multi-GPU path tracing with out-of-core data distribution

In this section, we build upon the method proposed by Jaros et 
al. [1], introducing enhancements that reduce the negative impact of 
remote memory accesses at the algorithmic level while maximizing 
performance and scalability in multi-GPU path tracing. Our approach
optimizes data distribution to efficiently utilize all available memory 
resources, including both GPU memory and system RAM, enabling the 
rendering of massive scenes that exceed the total GPU memory capac-
ity. By strategically managing memory access patterns and minimizing 
costly data transfers, our method significantly improves load balancing 
and computational efficiency across multiple GPUs.

Our method has been implemented and evaluated within Blender 
Cycles [38], a production-grade path tracing renderer chosen for its 
open-source availability and adaptability to High-Performance Comput-
ing (HPC) clusters. However, the choice of renderer is not a prerequisite 
for our approach. As our method operates at the memory management 
level, it remains independent of any specific rendering engine, making it 
highly versatile and applicable to a wide range of GPU-based rendering 
frameworks. This universality allows seamless integration into various 
rendering pipelines without requiring fundamental modifications to the 
renderer itself.

3.1.  Out-of-core algorithm based on memory access pattern

CUDA Unified Memory [39] supports several modes for memory 
management and the placement of data structures in GPU memory, sys-
tem memory, or a combination of both. The cudaMallocManaged func-
tion provides memory allocation within the unified memory model, 

while the recommended function for specific memory placement is cu-
daMemAdvise.

In our approach, we utilize cudaMemAdvise to optimize data distri-
bution:

• cudaMemAdviseSetReadMostly is applied for data replication across 
multiple GPUs.

• cudaMemAdviseSetPreferredLocation with a specified GPU device en-
sures targeted data distribution.

• cudaMemAdviseSetPreferredLocation with CU_DEVICE_CPU places 
data in main system memory when GPU memory is insufficient.
To further enhance performance, we introduce memory access coun-

ters, which track the frequency of data accesses per device during ren-
dering. These counters allow for dynamic adjustments in data place-
ment, ensuring that frequently accessed data remains closer to the GPU 
that requires it. This strategy helps to minimize costly remote memory 
accesses and improve overall rendering efficiency.

Blender Cycles incorporates multiple CUDA kernels for rendering, 
which we extended with software memory access counters to analyze 
memory usage patterns. However, these counters introduce additional 
computational overhead, reducing overall performance. To mitigate 
this, the modified kernels with memory access counters are used only 
during the initial statistics-gathering phase. Once data distribution be-
tween GPUs and main memory is optimized based on the collected ac-
cess patterns, the rendering process resumes using the original, unmod-
ified kernels, ensuring maximum efficiency without the performance 
penalty of continuous memory tracking.

The workflow of the out-of-core algorithm is as follows (see Fig. 1):
1. Allocate system memory using unified memory functions.
2. Load the scene from disk and store the entire scene in main memory.
3. Execute the path-tracing kernel with memory access counters to col-
lect memory access statistics.

4. Determine the optimal placement for each chunk using Algorithm 1.
5. Redistribute the data structures across all GPUs and retain the re-
maining data in RAM based on the collected memory access statis-
tics.

6. Launch the original path-tracing kernel with the redistributed data 
for rendering.
Algorithm 1 processes a three-dimensional array of memory access 

counters, denoted as AccessCounters[𝐺][𝑆][𝐶], where:
• 𝐺 represents the set of GPU indices,
• 𝑆 is the set of all data structures,
• 𝐶 denotes the set of chunks within each data structure 𝑠.
The algorithm takes two additional input parameters: the scene size 

𝐷scene and the replication ratio 𝑅𝑟. The output of the algorithm provides 
an efficient heuristic placement for each chunk. A chunk can be assigned 
to one of the following memory locations:

Fig. 1. The workflow of the out-of-core algorithm. The process begins with scene allocation and loading into main memory. Next, a specialized kernel tracks memory 
accesses during path tracing using memory access counters, collecting statistics on data usage (e.g., a value of 7 indicates the number of accesses for the last chunk). 
Based on these statistics, the optimal data placement is determined: frequently accessed chunks (e.g., chunk 9, the most accessed, is replicated across all GPUs), while 
less frequently accessed chunks (e.g., chunk 1, which lacks space on the GPUs) remain in main memory. Finally, the original path tracing kernel is executed using 
the redistributed scene data to ensure efficient rendering.
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Algorithm 1: Out-of-core algorithm.
Input :  Access counters AccessCounters[𝐺][𝑆][𝐶], where 𝐺 is a set of the GPU indices, 𝑆 is a set of all data structures, 𝐶 is a set of the 

chunks per data structure 𝑠; 𝐷𝑠𝑐𝑒𝑛𝑒 is a scene size; 𝑅𝑟 is a replication ratio.
Output:  Chunk distribution 𝑐place ∈ {“Replicated”, “Distributed”, “CPU”} with optimal placement

𝑖 = 0
foreach 𝑐 ∈ 𝐶, 𝑠 ∈ 𝑆 do

𝑎𝑠𝑢𝑚 =
∑

𝑔∈𝐺 AccessCounters[𝑔][𝑠][𝑐] For chunk 𝑐 in data structure 𝑠, sum accesses to it by all GPUs and save it to 
𝑎𝑠𝑢𝑚.

Hcomb[𝑖++] = (𝑎𝑠𝑢𝑚, 𝑠, 𝑐) Put all per chunk counter values 𝑎𝑠𝑢𝑚 to one array so that it can be sorted by number of 
accesses.

end 
H> = sort(Hcomb) by 𝑎𝑠𝑢𝑚 Descending sort by 𝑎𝑠𝑢𝑚.
𝑚𝑡 = 𝑅𝑟 ∗ 𝐷𝑠𝑐𝑒𝑛𝑒 Find replication memory threshold 𝑚𝑡 from the replication ratio 𝑅𝑟 and scene size 𝐷𝑠𝑐𝑒𝑛𝑒.

𝑐sum = 0 The size of all processed chunks.
foreach (𝑎𝑠𝑢𝑚, 𝑠, 𝑐) ∈ H> Process all chunks from the highest number of accesses to the lowest one.
 do

𝐺𝑓 = {𝑔𝑓 | GPU 𝑔 has a free memory 𝑚𝑓 > 𝑐size} Find GPUs that have free memory 𝑚𝑓  for chunk 𝑐 with size of 𝑐size.
if 𝑐sum < 𝑚𝑡 and |𝐺| == |𝐺𝑓 | and 𝑎𝑠𝑢𝑚 > 0 then

𝑐place = “Replicated” When the memory threshold 𝑚𝑡 has not been exceeded
and memories of all GPUs have a space for chunk 𝑐, the chunk is replicated.

else if 𝑎𝑠𝑢𝑚 > 0 and |𝐺𝑓 | > 0 then
𝑔𝑑 = max

𝑔∈𝐺𝑓
AccessCounters[𝑔][𝑠][𝑐] Find a GPU 𝑔𝑑 that has the highest number of accesses to chunk 𝑐 in 𝑠 and has 

free memory.
𝑐place = “Distributed” The chunk is marked as distributed.

else if 𝑎𝑠𝑢𝑚 == 0 and |𝐺𝑓 | > 0 then
𝑔𝑑 = 𝑔𝑟𝑟 ∈ 𝐺𝑓 Chunks with zero accesses are distributed in a round robin fashion among GPUs.
𝑐place = “Distributed”

else
𝑐place = “CPU”. When memories of all GPUs are full, place the chunk into the CPU memory.

𝑐sum = 𝑐sum + 𝑐size Add the current chunk size 𝑐size to the sum of the processed chunk sizes 𝑐sum.

if 𝑐place == “Replicated” then
set chunk 𝑐 of data structure 𝑠 as replicated 

if 𝑐place == “Distributed” then
set chunk 𝑐 of data structure 𝑠 as distributed and set its preferred location to GPU 𝑔𝑑

if 𝑐place == “CPU” then
set chunk 𝑐 of data structure 𝑠 as out-of-core and set its preferred location to CPU 

end 

• Replicated - The chunk is copied to all GPU memories, allowing fast 
access across multiple devices.

• Distributed - The chunk is placed in the memory of a specific GPU with 
an assigned ID 𝑔𝑑 , meaning it is stored on a single GPU to optimize 
memory usage.

• CPU - The chunk remains in system RAM, typically for less frequently 
accessed data or when GPU memory is insufficient.

In the first part of Algorithm 1, the GPU access counters are summed 
to compute the total number of accesses 𝑎𝑠𝑢𝑚 for each chunk 𝑐 ∈ 𝐶
within each data structure 𝑠 ∈ 𝑆. These results are represented as tu-
ples (𝑎𝑠𝑢𝑚, 𝑠, 𝑐), where:

• 𝑎𝑠𝑢𝑚 denotes the total number of accesses to a specific chunk,
• 𝑠 represents the data structure to which the chunk belongs,
• 𝑐 is the chunk index within the data structure.

All tuples (𝑎𝑠𝑢𝑚, 𝑠, 𝑐) are then inserted into a single 1D array H𝑐𝑜𝑚𝑏. 
This array is subsequently sorted in descending order based on 𝑎𝑠𝑢𝑚, 
prioritizing chunks with the highest number of memory accesses. The 
sorted array is stored in H>.

In the second part of Algorithm 1, we define the replication memory 
threshold 𝑚𝑡 based on the scene size 𝐷𝑠𝑐𝑒𝑛𝑒 and the replication ratio 𝑅𝑟. 
The placement of each chunk is determined as follows:

• If the total size of all processed chunks, denoted as 𝑐𝑠𝑢𝑚, is less than 
the replication memory threshold 𝑚𝑡, the corresponding chunk is set 
as Replicated, meaning it is copied to all GPU memories.

• If 𝑐𝑠𝑢𝑚 exceeds the memory threshold 𝑚𝑡, the chunk is set as Dis-
tributed, and it is assigned to the GPU 𝑔𝑑 with the highest number of 
accesses to that chunk.

• If the access counter value 𝑎𝑠𝑢𝑚 = 0 (i.e., the chunk is not accessed by 
any GPU), it is distributed in a round-robin fashion among available 
GPUs to balance memory usage.

• If no GPU has sufficient memory to store a given chunk, the chunk 
is placed in system RAM to ensure all scene data remains accessible 
for rendering.

4.  Performance

In this section, an evaluation of the performance of the proposed 
method is conducted on four systems with different architectures, uti-
lizing NVIDIA V100 and A100 GPUs.
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Table 1 
The key parameters of GPU systems used 
for the tests.

 DGX-2  Karolina
 # of GPUs  16×V100  8×A100
 GPU memory  16×32GB  8×40GB
 CPU  Intel8168a  AMDb
 System memory  1.5 TB  1TB

 Barbora  M100
 # of GPUs  4×V100  4×V100
 GPU memory  4×16GB  4×16GB
 CPU  Intel6126c  IBMd

 System memory  192GB  256GB
a Intel® Xeon® 8168
b AMD EPYC™ 7763
c Intel® Xeon® 6126
d IBM® POWER9 AC922

Fig. 2. NVLink GPU interconnect with Intel QPI in the DGX-2 system.

4.1.  Multi-GPU systems

In this paper, we use four platforms with multiple GPUs (see Table 1): 
DGX-2 System, Karolina GPU Server, Barbora GPU Server, and M100 
GPU Server.

4.1.1.  DGX-2 system
The NVIDIA DGX-2 [40] is a high-performance computing server de-

signed for processing massive scenes with up to 2TB of unified memory 
(1.5 TB of CPU RAM and 512GB of GPU memory). It features 16 Tesla 
V100 GPUs, each equipped with 32GB of memory, and utilizes NVLink 
connectivity for high-speed GPU communication.

A key advantage of the DGX-2 is its NVSwitch interconnect architec-
ture [41], which enables high-bandwidth connectivity between all 16 
GPUs (see Fig. 2). The NVSwitch-based link facilitates a one-way band-
width of 150GB/s and a bidirectional bandwidth of 300GB/s between 
any two GPUs. This is achieved by leveraging all six NVLink 2.0 con-
nections per GPU. Each GPU maintains a total measured bandwidth of 
145GB/s across all peer GPUs. Additionally, the local memory band-
width reaches 790GB/s, which is 5.4× higher than the remote memory 
bandwidth (see Table 2).

For comparative performance evaluations, we conducted tests using 
both the full 32GB memory capacity per GPU and a restricted 16GB per 
GPU configuration. The unrestricted measurements are labeled DGX-2, 
while the memory-limited tests are denoted as DGX-2 (16 GB).

4.1.2.  Karolina GPU server
Karolina GPU Server is equipped with DGX-A100 nodes, which repre-

sent the next generation of NVIDIA’s DGX-2 system and are designed for 

Table 2 
The measured bandwidths of GPU systems used 
for the tests.
 Bandwidth  DGX-2  Karolina
 Local CPU memory  76GB/s  92GB/s
 Local GPU memory  790GB/s  1193GB/s
 GPU to GPU  145GB/s  255GB/s
 CPU to GPU  12GB/s  24GB/s

 Barbora  M100
 Local CPU memory  82GB/s  108GB/s
 Local GPU memory  740GB/s  715GB/s
 GPU to GPU  48GB/s  70/33GB/s
 CPU to GPU  12GB/s  68GB/s

Fig. 3. NVLink GPU interconnect with Infinity fabric in the Karolina GPU 
server.

high-performance computing workloads. Each DGX-A100 node features 
8 Tesla A100-SXM4 GPUs. Every Tesla A100 includes 12 NVLink 3.0 
ports, each providing a theoretical bidirectional bandwidth of 25GB/s. 
The DGX-A100 incorporates 6 NVSwitches, with each GPU connected 
to all NVSwitches via two NVLinks (see Fig. 3). This architecture en-
ables the A100 GPU to achieve 300GB/s unidirectional and 600GB/s 
bidirectional peer-to-peer throughput over NVLink.

Benchmark results using STREAM [42] show that the effective re-
mote memory bandwidth between any pair of GPUs is approximately 
255GB/s. The local memory bandwidth is approximately 1193GB/s.

4.1.3.  Barbora GPU server
The BullSequana X410-E5 NVLink-V [43] is a blade server equipped 

with four Tesla V100 GPUs, each featuring 16GB of HBM2 memory. This 
system is part of the Barbora HPC cluster, located at the IT4Innovations 
national supercomputing center [44], and is referred to as Barbora in 
our study.

The Barbora server features two Intel Xeon Gold 6126 processors and 
192GB of RAM, with all components interconnected via PCI-Express 3.0. 
A key component of this architecture is the NVLink 2.0 interconnect, 
which enhances GPU-to-GPU communication (see Fig. 4). Each Tesla 
V100 GPU includes six NVLink 2.0 ports, each providing a theoretical 
bandwidth of 25GB/s per direction. As a result, each GPU is connected 
to three other GPUs, with a total measured bandwidth of 48GB/s across 
all connections.

In terms of memory access efficiency, the local memory bandwidth 
reaches 740GB/s, which is 15.4× higher than the remote memory band-
width (see Table 2). The Barbora server provides up to 256GB of unified 
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Fig. 4. NVLink GPU interconnect with Intel QPI in the Barbora GPU server.

Fig. 5. NVLink GPU interconnect with POWER9 and X-Bus interconnect in the 
M100 GPU server.

memory (64GB GPU memory and 192GB RAM), supporting efficient 
memory management for large-scale GPU workloads.

4.1.4.  M100 GPU server
The IBM POWER9 [3] platform, referred to as M100, is part of the 

Marconi 100 (M100) cluster at Cineca, Italy’s largest supercomputing 
center [45]. It features four NVIDIA Tesla V100 GPUs, each with 16GB 
of memory, and provides a total of 320GB of unified memory (64GB 
GPU memory and 256GB RAM).

Unlike the Barbora GPU server, which uses a fully interconnected 
NVLink 2.0 topology, the M100 server connects its four GPUs in pairs 
via NVLink, with inter-pair communication handled by the X-Bus in-
terconnect (see Fig. 5). This architecture results in a measured band-
width of 70GB/s between directly connected GPUs. However, commu-
nication between non-neighboring GPUs via X-Bus is 33GB/s, which 
is 2.1× lower than direct NVLink bandwidth and 1.5× lower than the 
Barbora server’s inter-GPU communication speed (see Table 2).

Despite these interconnect limitations, M100’s high-capacity unified 
memory and heterogeneous architecture provide an efficient platform 
for large-scale GPU workloads.

4.2.  Benchmark scenes

We selected a diverse set of interior and exterior scenes with varying 
geometry-to-texture size ratios to evaluate our approach (see Fig. 6). The 
benchmark includes:

• Moana Island Scene [46] (Moana 169 GB)
• Natural History Museum [47–49] (Museum 124 GB)
• Agent 327: Operation Barbershop [50] (Agent 167 GB)
• Spring [51] (Spring 137 GB)
• Galaxy (Galaxy 137 GB) – an example of a Milky Way-type galaxy, 
as described in Wissing et al. [52].

Table 3 
Scene parameters used for scalability testing and perfor-
mance evaluation.
 Scene  Moana 169 GB  Museum 124 GB
 Memory used
 for path-tracing  169GB  124GB
 Image resolution  5120×2560  5120×2560
 Geometry size  90GB  69GB
 Triangles count  673M  610M
 Total textures size  58GB  46GB
 Number of textures  3421  22
 Scene  Agent 167 GB  Spring 137 GB
 Memory used
 for path-tracing  167GB  137GB
 Image resolution  5120×2560  5120×2560
 Geometry size  57GB  48GB
 Triangles count  468M  395M
 Total textures size  101GB  74GB
 Number of textures  118  96
 Scene  Galaxy 137 GB
 Memory used
 for path-tracing  137GB
 Image resolution  5120×2560
 Geometry size  0
 Triangles count  0
 Total textures size  137GB
 Number of textures  1

Detailed parameters of these scenes are provided in Table 3. The 
scene sizes range from 124GB to 169GB, exceeding the memory capac-
ity of a single GPU on any of the evaluated systems.

On both the Barbora and M100 systems, the total available GPU 
memory is insufficient to store any of these benchmark scenes entirely. 
As a result, an out-of-core rendering approach is required to efficiently 
offload excess scene data to system memory, ensuring successful render-
ing of these large-scale environments.

4.3.  Preprocessing steps evaluation

By preprocessing steps, we specifically mean evaluation of steps 3-5 
from the main algorithm workflow (see Section 3). Assessment of these 
steps includes:

• 1spp pre-pass (CPU): Time required to render the scene with 1 sam-
ple per pixel to gather initial statistics.

• Algorithm runtime: Time taken by Algorithm 1 to compute the final 
scheduling or distribution strategy based on the gathered statistics.

• Chunk redistribution: Time required to redistribute the scene chunks 
across GPUs.

The cost of this preprocessing is shown in Table 4, which presents 
the breakdown of preprocessing times for five large-scale scenes (Moana 
169 GB, Museum 124 GB, Agent 167 GB, Spring 137 GB, and Galaxy 
137 GB) on two systems for reference: DGX-2 (16 GPUs) and Karolina 
(8 GPUs).

The DGX-2 system uses a chunk size of 64 MB with a replication 
ratio of 10 %, while the Karolina system uses a chunk size of 2 MB with 
a replication ratio of 10 %.

4.4.  Scalability evaluation

The scalability of the proposed approach was evaluated on all four 
servers (DGX-2, Karolina, Barbora, and M100).

The scalability results are shown in Figs. 7, 8, 9, 10, and 11. For 
each of the evaluated systems, we found a pattern for chunk sizes and 
replication ratios (see Table 5). This pattern provides the best rendering 
times for the selected number of GPUs.
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Fig. 6. Rendered examples of benchmark scenes using our modified version of the Blender Cycles path tracer.

Table 4 
The preprocessing was performed on two systems with 
the following configurations: DGX-2 system with 16 GPUs, 
a chunk size of 64 MB and a replication ratio of 10 %; 
Karolina GPU server, using 8 GPUs, a chunk size of 2 MB, 
and a replication ratio of 10 %.
 Scene  Moana  Museum  Agent

 169 GB  124 GB  167 GB
 Preprocessing on DGX-2
 1spp pre-pass (CPU)  10.1 s  7.7 s  9.3 s
 Algorithm runtime  0.18 s  0.01 s  0.02 s
 Chunk redistribution  67.1 s  28.6 s  51.9 s
 Preprocessing on Karolina
 1spp pre-pass (CPU)  6.7 s  2.5 s  4.5 s
 Algorithm runtime  0.18 s  0.01 s  0.02 s
 Chunk redistribution  31.4 s  25.2 s  28.4 s

 Spring  Galaxy
 137 GB  137 GB

 Preprocessing on DGX-2
 1spp pre-pass (CPU)  28.9 s  9.2 s
 Algorithm runtime  0.02 s  0.02 s
 Chunk redistribution  32.9 s  31.8 s
 Preprocessing on Karolina
 1spp pre-pass (CPU)  9.7 s  5.8 s
 Algorithm runtime  0.02 s  0.02 s
 Chunk redistribution  25.3 s  23.4 s

Fig. 7. Scalability of the Blender Cycles path tracer on the DGX-2 system, 
Barbora GPU server, M100 server and Karolina GPU server for Moana 169 GB
scene. The rendering time is for 1 sample and the resolution is 5120×2560. Lin-
ear scalability for each server is presented as dashed lines.

Fig. 8. Scalability of the Blender Cycles path tracer on the DGX-2 system, 
Barbora GPU server, M100 server and Karolina GPU server for Museum 124 GB
scene. The rendering time is for 1 sample and the resolution is 5120×2560. Lin-
ear scalability for each server is presented as dashed lines.

Fig. 9. Scalability of the Blender Cycles path tracer on the DGX-2 system, 
Barbora GPU server, M100 server and Karolina GPU server for Agent 167 GB
scene. The rendering time is for 1 sample and the resolution is 5120×2560. Lin-
ear scalability for each server is presented as dashed lines.

Scalability is linear on the Karolina system, which has the fastest 
NVLink of the tested systems, while other systems exhibit superlin-
ear behavior. In superlinear cases, adding more GPUs not only in-
creases computing power but also expands the available GPU mem-
ory, which is a critical resource. This reduces data transfer between the 
CPU and GPU and increases communication between GPUs. Since GPU
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Fig. 10. Scalability of the Blender Cycles path tracer on the DGX-2 system, 
Barbora GPU server, M100 server and Karolina GPU server for Spring 137 GB
scene. The rendering time is for 1 sample and the resolution is 5120×2560. 
Linear scalability for each server is presented as dashed lines.

Fig. 11. Scalability of the Blender Cycles path tracer on the DGX-2 system, 
Barbora GPU server, and Karolina GPU server for Galaxy 137 GB scene. The 
rendering time is for 1 sample and the resolution is 5120×2560. Linear scalabil-
ity for each server is presented as dashed lines.

interconnects offer significantly higher bandwidth, this shift leads to in-
creased performance.

The pattern in Table 5 shows that Barbora and DGX-2 (16 GB) have 
the same settings (chunk size, replication ratio). In Figs. 7, 8, 9, 10, 
and 11, we can see that rendering times and even the scalability were 
the same for both platforms as well. On the Karolina system, a chunk 
size of 2 MB is used in all cases, as the A100 GPU features a newer 
architecture optimized for unified memory. This proves the repeatability 
of the proposed concept on similar architectures.

In Table 6, we present the speedup evaluation for each platform 
based on the number of GPUs utilized. The baseline for comparison is 
the runtime of DGX-2 (16 GB) using a single GPU for each scene sepa-
rately. The baseline runtimes for the benchmark scenes are as follows:

• Moana 169GB: 14225ms
• Museum 124GB: 3947ms
• Agent 167GB: 10559ms
• Spring 137GB: 13355ms
• Galaxy 137GB: 34598ms

These values serve as reference points for assessing the scalability 
and performance improvements across different platforms and GPU con-
figurations.

Table 5 
Chunk size in MB and replication ratio used for the scalability 
test for all scenes. It is set up for scalability test of the Blender 
Cycles path tracer on DGX-2, Karolina, Barbora, and M100.
 #GPUs  DGX-2  DGX-2  Karolina  Barbora  M100

 (16 GB)
 Chunk size [MB]
 1  2  2  2  2  2
 2  2  32  2  2  2
 4  32  32  2  32  16
 8  32  32  2  –  –
 16  32  64  –  –  –
 Replication ratio
 1  0%  0%  0%  0%  0%
 2  0.1%  2%  5%  0.1%  0.1%
 4  0.5%  5%  7%  0.5%  2%
 8  2%  7%  10%  –  –
 16  5%  10%  –  –  –

Table 6 
Speedup for various GPU configurations in the scalability test. 
The baseline for speedup calculation is the runtime of DGX-2 
(16 GB) with a single GPU.
 #GPUs  DGX-2  DGX-2  Karolina  Barbora  M100

 (16 GB)
 Moana 169 GB
 1  1.0  2.9  11.5  1.0  1.3
 2  4.5  9.2  22.2  4.6  5.3
 4  16.7  18.9  42.7  17.1  10.6
 8  36.4  38.2  86.2  –  –
 16  71.5  74.4  –  –  –
 Museum 124 GB
 1  1.0  1.5  3.6  1.0  1.2
 2  2.7  4.8  6.9  2.7  3.0
 4  8.6  10.9  13.7  8.4  7.6
 8  21.2  21.9  26.9  –  –
 16  42.5  43.1  -  –  –
 Agent 167 GB
 1  1.0  1.8  2.0  1.0  1.4
 2  3.1  4.2  4.0  3.1  3.6
 4  8.1  8.9  8.0  7.9  7.8
 8  17.4  17.7  15.8  –  –
 16  34.4  34.8  –  –  –
 Spring 137 GB
 1  1.0  1.7  2.1  1.0  1.3
 2  2.9  3.4  4.2  3.0  3.2
 4  6.7  6.8  8.3  6.5  6.4
 8  13.5  13.6  16.5  –  –
 16  26.8  27.0  –  –  –
 Galaxy 137GB
 1  1.0  1.1  4.5  1.0  –
 2  2.0  2.5  19.9  2.1  –
 4  4.9  6.1  79.6  4.7  –
 8  13.0  14.8  191.2  –  –
 16  34.5  36.4  –  –  –

By further analyzing the scalability results across different architec-
tures (Table 6), we observe the following:

• The Karolina system consistently demonstrates excellent scalability 
in all tested scenarios. This behavior is primarily attributed to two 
key architectural advantages: high-bandwidth NVLink interconnects 
between A100 GPUs and larger GPU memory (40 GB per GPU). These 
factors enable efficient data sharing between GPUs and reduce host 
memory dependency, significantly increasing performance. For sce-
narios such as Galaxy 137 GB and Moana 169 GB, Karolina exhibits 
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near-perfect or even superlinear scaling (e.g., speedup 191× on 8 
GPUs for Galaxy against DGX-2 (16 GB) with one GPU), indicating 
that not only is computational scalability good, but also data locality 
and GPU memory availability reduce the overhead of data transfers.

• The Barbora server and DGX-2 (16 GB) exhibit significantly lower 
performance compared to the full DGX-2 when using only one or two 
GPUs. This is primarily due to their limited GPU memory capacity 
(16GB per GPU), whereas DGX-2 provides 32 GB per GPU. Addition-
ally, both systems suffer from a narrow 12GB/s bandwidth between 
the GPU and CPU, which becomes a bottleneck as most scene data 
remains in system memory during rendering.

• If we compare the speedup on a single GPU on the DGX-2 system and 
the M100 server, we can see that the effect of larger memory has a 
greater impact than the higher bandwidth (12 vs 68 GB/s) between 
CPU and GPU. The described behaviour is observed also if the second 
GPU is used for rendering.

• Interesting change appears between M100 and Barbora architecture 
when 4 GPUs are brought to play. We can observe that in that case, 
Barbora outperforms M100. This is mainly caused by the fact that 
GPUs at M100 are forced to communicate over the X-Bus when ac-
cessing the second pair of GPUs (see Fig. 5 in the Section 4.1.4) in 
contrast to NVLink interconnect topology on the Barbora server that 
connects all GPUs directly (see Fig. 4 in the Section 4.1.3).

4.5.  Performance evaluation

In this section, we analyze the impact of the replication factor on 
rendering performance and examine performance trends under varying 
replication ratios. Additionally, we compare the performance of our pro-
posed algorithm with the approach introduced in [1], highlighting key 
differences in data distribution and efficiency.

All results are measured for rendering at 1 sample per pixel with 
a resolution of 5120×2560. The corresponding performance results are 
presented in Figs. 12, 13, 14, 15, and 16. As discussed in the scalabil-
ity evaluation (Section 4.4), performance is significantly influenced by 
the choice of chunk size. Table 7 provides an overview of the optimal 
chunk size for different replication ratios, demonstrating its impact on 
rendering efficiency.

The following conclusions can be made from the results shown in 
Figs. 12, 13, 14, 15, and 16:

• The DGX-2 (16 GB) system with 16 GPUs gives from 2% to 5% of the 
replication ratio the optimal performance for all evaluated scenes.

Fig. 12. Comparison of path tracing times for Moana 169 GB scene running on 
16 GPUs of the DGX-2 system, on 4 GPUs of the Barbora GPU node, on 4 GPUs 
of the M100 node, and on 8 GPUs of the Karolina GPU node (Note. different 
colour represents a different system with specific chunk size from Table 7).

Fig. 13. Comparison of path tracing times for Museum 124 GB scene running on 
16 GPUs of the DGX-2 system, on 4 GPUs of the Barbora GPU node, on 4 GPUs 
of the M100 node, and on 8 GPUs of the Karolina GPU node (Note. different 
colour represents a different system with specific chunk size from Table 7).

Fig. 14. Comparison of path tracing times for Agent 167 GB scene running on 
16 GPUs of the DGX-2 system, on 4 GPUs of the Barbora GPU node, on 4 GPUs 
of the M100 node, and on 8 GPUs of the Karolina GPU node (Note. different 
colour represents a different system with specific chunk size from Table 7).

Fig. 15. Comparison of path tracing times for Spring 137 GB scene running on 
16 GPUs of the DGX-2 system, on 4 GPUs of the Barbora GPU node, on 4 GPUs 
of the M100 node, and on 8 GPUs of the Karolina GPU node (Note. different 
colour represents a different system with specific chunk size from Table 7).
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Fig. 16. Comparison of path tracing times for Galaxy 137 GB scene running on 
16 GPUs of the DGX-2 system, on 4 GPUs of the Barbora GPU node, and on 8 
GPUs of the Karolina GPU node (Note. different colour represents a different 
system with specific chunk size from Table 7).

Table 7 
Chunk size in MB for all scenes for performance evaluation. It is 
set up for the comparison of path tracing times running on 16 
GPUs of DGX-2, on 8 GPUs Karolina, on 4 GPUs of Barbora and 
on 4 GPUs of M100.
 Replication  DGX-2  DGX-2  Karolina  Barbora  M100
 ratio  (16 GB)
 0%  2  2  2  32  2
 0.1%  4  4  2  32  2
 0.2%  8  8  2  32  2
 0.5%  16  16  2  32  4
 1%  32  32  2  32  16
 2%  32  32  2  32  16
 5%  32  32  2  2  16
 7%  2  64  2  2  2
 10%  2  64  2  2  2
 #GPUs  16  16  8  4  4

• The DGX-2 system with 16 GPUs gives from 2% to 10% of the repli-
cation ratio the optimal performance for all evaluated scenes.

• The Karolina server with 8 GPUs gives from 0.1% to 10% of the 
replication ratio the optimal performance for all evaluated scenes.

• The Barbora server with 4 GPUs gives from 0.1% to 1% of the repli-
cation ratio the optimal performance for all evaluated scenes.

• The M100 server with 4 GPUs and 2% of the replication ratio gives 
the optimal performance for all evaluated scenes. The rendering time 
on the M100 server after a certain replication value is close to the 
rendering time on the Barbora server.

Fig. 13 highlights a unique characteristic of the Museum 124 GB
scene. Unlike other test cases, most of its triangles are densely con-
centrated in the statues at the center of the room. This spatial distri-
bution benefits significantly from our approach, as the BVH tree and 
geometry of each statue are efficiently stored in the memory of the spe-
cific GPU responsible for rendering it. Given that the BVH tree is one of 
the most frequently accessed structures during rendering, this targeted 
data placement minimizes memory access overhead and enhances over-
all performance.

The rendering time is strongly dependent on where the chunks are 
placed. Figs. 17, 18, 19, 20 show the proportion of placement of indi-
vidual chunks by replication ratio. In the case of 0 % replication (full 
distribution) on Barbora and M100, 72 % of the Moana 169 GB scene 
is stored in RAM, while in the case of Museum 124 GB it is 61 % of the 
scene, in the case of Agent 167 GB it is 71 % of the scene and in the case 
of Spring 137 GB, it is 65 % of the scene in RAM. On the DGX-2 system 

Fig. 17. The proportion of placement of individual chunks by replication ratio 
for DGX-2 (16 GB) with 16 GPUs. The chunk size was set to 32MB.

Fig. 18. The proportion of placement of individual chunks by replication ratio 
for DGX-2 with 16 GPUs. The chunk size was set to 32MB.

and on the Karolina GPU server with the fully distributed scene, all data 
is stored only in the memory of the GPUs.

The distribution of chunk placements based on the replication ra-
tio provides insight into when rendering performance slows down (see 
Figs. 12, 13, 14, 15, and 16) and when significant changes in chunk size 
occur (Table 7).

For the Moana 169 GB scene on DGX-2 (16 GB), a performance 
slowdown occurs at a replication ratio of 7%. This is due to excessive 
data replication and insufficient data distribution, leading to frequent 
memory accesses from system RAM, which significantly impacts perfor-
mance.

On the full DGX-2 system, the slowdown occurs later, at 17% repli-
cation ratio, as the larger GPU memory helps accommodate more data 
before excessive RAM access becomes a bottleneck.

For both Barbora and M100, the Moana 169 GB scene experiences 
a slowdown at 5% replication ratio, indicating that their lower over-
all GPU memory capacity reaches its limit more quickly, forcing an in-
creased reliance on system RAM.

To further assess performance, we compared each platform against 
the DGX-2 (16 GB) system. Table 8 presents the relative performance 
per single GPU, revealing the following insights:
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Fig. 19. The proportion of placement of individual chunks by replication ratio 
for Karolina with 8 GPUs. The chunk size was set to 2MB.

Fig. 20. The proportion of placement of individual chunks by replication ratio 
for Barbora and M100 with 4 GPUs. The chunk size was set to 32MB.

Table 8 
The relative performance per GPU wrt. DGX-2 (16 GB) for all 
platforms.

 Relative performance  DGX-2  Karolina  Barbora  M100
 Moana 169 GB  1.04  2.41  0.96  0.59
 Museum 124 GB  1.01  1.26  0.79  0.72
 Agent 167 GB  1.01  0.92  0.91  0.91
 Spring 137 GB  1.01  1.23  0.98  0.96
 Galaxy 137 GB  1.05  11.08  0.54  –
 #GPUs  16  4  4  8

• If we compare DGX-2 with DGX-2 (16 GB), where the only difference 
between these configurations is GPU memory capacity. However, the 
results indicate negligible speedup, suggesting that the additional 
GPU memory does not significantly impact performance under these 
conditions.

• In the case of the Barbora server, the relative performance remains 
above or equal to 0.91 across all tested scenes, except for Museum 
124 GB and Galaxy 137 GB. These scenes are the most memory-
bound, leading to a significant slowdown on Barbora. The primary 
cause of this slowdown is frequent memory accesses from system 
RAM, which limits rendering performance.

Fig. 21. Comparison of the behaviour of the new modified algorithm with the 
original algorithm. Path tracing times are for four scenes running on 16 GPUs 
on the DGX-2 system. The chunk size is 64MB for all replication ratios.

• In the case of M100, it can be seen that the relative performance 
is the same as the Barbora server for the Agent 164 GB and Spring 
137 GB scenes because these scenes are compute-bound. There is a 
slowdown due to the communication via X-Bus interconnect for the 
Moana 169 GB and Museum 124 GB scenes.

• In the case of the Karolina server, the relative performance per GPU 
significantly exceeds that of DGX-2 (16 GB) in multiple scenes, par-
ticularly for Moana 169 GB and Galaxy 137 GB, where the speedup 
reaches 2.41× and 11.08×, respectively. This highlights Karolina’s ef-
ficiency in handling memory-intensive and complex scenes, thanks 
to its optimized memory bandwidth, faster interconnects, and effi-
cient workload distribution across 8 GPUs.
We compared the performance and behavior of our proposed algo-

rithm with the approach introduced in [1]. The results for DGX-2 are 
presented in Fig. 21. The key observations from the comparison are as 
follows:

• In the case of the original algorithm, for the Moana 169 GB and Agent 
167 GB scenes, a replication ratio of 15% or higher causes the scene 
to exceed the available GPU shared memory. As a result, chunks are 
continuously swapped between GPU and CPU memory, leading to 
multiple rendering slowdowns depending on the volume of data be-
ing transferred. The new approach mitigates this issue by integrating 
CPU memory as an additional memory tier within the total memory 
pool, effectively preventing the massive slowdowns observed in the 
original algorithm. As shown in Fig. 18, when the replication ratio 
reaches 17% or higher, there is no distributed data, and the major-
ity of the scene is stored in RAM, leading to only a minor rendering 
slowdown compared to the previous algorithm.

• A similar pattern is observed for the Museum 124 GB and Spring 
137 GB scenes. When the replication ratio reaches 20%, a signifi-
cant performance slowdown occurs due to frequent chunk swapping 
between GPU and CPU memory. As in the previous case, the new out-
of-core algorithm optimizes data placement by offloading less fre-
quently accessed data to RAM, reducing unnecessary memory trans-
fers. When the replication ratio increases to 25%, data distribution 
is no longer required, and the rendering performance is only slightly 
affected, demonstrating the efficiency of the proposed approach.

4.6.  Animation

We have extended the evaluation of our Algorithm 1 on rendering 
animations (see Fig. 22). In Fig. 23, 24, and 25 we present a comparison 
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Fig. 22. Rendered frames (0, 100, 200, 300, and 400) from animated camera paths through three complex 3D scenes used in our experiments: Moana 167 GB, 
Museum 124 GB, and Spring 137 GB.

Fig. 23. Comparison of path tracing runtimes for the Moana 169 GB scene ren-
dered with 1 sample at a resolution of 5120 × 2560. The results capture perfor-
mance across different camera positions at frames 0, 100, 200, 300, and 400, and 
under three statistical data collection configurations: cases #1, #3, and #ALL. 
The scene was rendered on the Barbora and Karolina GPU nodes.

Fig. 24. Comparison of path tracing runtimes for the Museum 124 GB scene 
rendered with 1 sample at a resolution of 5120 × 2560. The results capture per-
formance across different camera positions at frames 0, 100, 200, 300, and 400, 
and under three statistical data collection configurations: cases #1, #3, and 
#ALL. The scene was rendered on the Barbora and Karolina GPU nodes.

Fig. 25. Comparison of path tracing runtimes for the Spring 137 GB scene ren-
dered with 1 sample at a resolution of 5120 × 2560. The results capture perfor-
mance across different camera positions at frames 0, 100, 200, 300, and 400, and 
under three statistical data collection configurations: cases #1, #3, and #ALL. 
The scene was rendered on the Barbora and Karolina GPU nodes.

of path tracing runtimes for three complex scenes Moana 169 GB, Mu-
seum 124 GB, and Spring 137 GB, rendered with 1 sample per pixel at a 
resolution of 5120 × 2560. The performance is evaluated across various 
camera positions (frames 0, 100, 200, 300, and 400) and under three 
different methods of statistical data collection, referred to as cases #1, 
#3, and #ALL, using the Barbora and Karolina GPU nodes. Each figure 
illustrates the impact of when and how statistical data is collected. In the 
first case #1, statistical calculations are performed exclusively for the 
initial frame 0. As a result, this approach provides optimal performance 
for frame 0 but suboptimal performance for other frames. This is be-
cause there is no additional statistical data that would allow adaptation 
to new camera views. In the case #ALL, the statistical data undergoes 
a recalculation process that is performed independently for each frame. 
This approach provides optimal runtime for all frames but introduces 
the highest overhead costs for preprocessing due to repeated complete 
statistical calculations. The third case study #3 (our recommended solu-
tion for animations) presents a new strategy for accumulating statistics. 
In this experiment, we calculate statistics in frame 0 with 1 spp, then 
move the camera to frame 200 (middle frame), render it with 1 spp, 
and continue accumulating statistics. We then move to frame 400 (end 
frame) and repeat the above process. These accumulated statistics are 
then used as input for Algorithm 1 for rendering at all camera positions 
(frames 0,100,200,300,400). The results show the effectiveness of case 
#3 and verify its applicability. A notable finding is that the approach 
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Table 9 
Comparison to geometry and texture stream-
ing method running on Karolina with 8 GPUs.
 #GPUs  Streaming method  Ours method
 Moana 169 GB
 2  8.76 s  0.64 s
 4  4.75 s  0.33 s
 8  2.88 s  0.17 s
 Museum 124 GB
 2  4.94 s  0.57 s
 4  3.29 s  0.29 s
 8  2.24 s  0.15 s
 Galaxy 137 GB
 2  18.71 s  1.74 s
 4  9.33 s  0.44 s
 8  4.77 s  0.18 s

achieves the most significant performance increase in the Moana 169 GB
scene, indicating its potential for optimizing rendering in highly com-
plex, memory-intensive datasets.

4.7.  Comparison to geometry and texture streaming method

We have compared our method with the geometry and tex-
ture streaming approach using the page-swap technique described by 
Garanzha et al. [23]. We have implemented this method in our code. 
For easier implementation, we used unified memory, where the geome-
try (triangles and vertices) and textures reside in CPU memory, while all 
other parts of the scene, including the BVH, are stored entirely in GPU 
memory. The results are presented in Table 9, showcasing the absolute 
dominance of our approach over the streaming (page-swap) approach.

5.  Conclusions

In this work, we introduced a multi-GPU out-of-core path tracing 
method that effectively extends GPU memory by utilizing CPU system 
memory, enabling the rendering of massive scenes that exceed the com-
bined memory capacity of all GPUs. Our approach builds upon previ-
ous methods by minimizing performance penalties associated with out-
of-core data access while efficiently distributing and replicating scene 
data across available memory resources. By leveraging NVIDIA Unified 
Memory and memory access statistics, our algorithm dynamically de-
termines the optimal placement of scene chunks, significantly reducing 
data transfer bottlenecks between GPUs and the CPU.

Through scalability and performance evaluations conducted on mul-
tiple high-performance computing platforms, including DGX-2, Barbora, 
M100, and Karolina, we demonstrated that our approach achieves linear 
or superlinear scalability as additional GPUs not only increase compute 
power but also expand total GPU memory, reducing the dependency 
on slower CPU memory. Our results show that memory-aware chunk 
distribution and replication play a critical role in determining overall 
rendering efficiency. By intelligently placing frequently accessed data 
in GPU memory and offloading less critical data to system RAM, our 
method maintains high performance even for extremely large and com-
plex scenes.

Compared to previous approaches, including the data replication 
method of Jaros et al. [1], the streaming technique of Garanzha et 
al. [23], and the out-of-core method of Jaros et al. [37], our algorithm 
achieves excellent rendering times on all tested platforms. This is pri-
marily due to the integration of CPU memory as a controlled part of 
the memory hierarchy and intelligent block placement decisions based 
on empirical access behavior. The algorithm prevents excessive mem-
ory overhead by moving infrequently used data to system RAM, while 
ensuring that frequently used data remains in the local memory of each 

GPU. We have also evaluated our method on multiple frames of a movie 
and suggested a suitable solution for acquiring access statistics that can 
deliver low rendering times for all frames of a movie.

Furthermore, the analysis of per-GPU relative performance showed 
that our approach maintains efficiency across different hardware con-
figurations. On Barbora and M100, we observed a higher impact of in-
terconnect limitations (such as X-Bus in M100), whereas DGX-2 and 
Karolina demonstrated better memory bandwidth utilization due to its 
NVSwitch architecture. Despite these hardware differences, our method 
adapted effectively to each system, showing only minor slowdowns 
when GPU memory was exhausted and RAM was used instead.

In terms of general applicability, the proposed approach does not re-
quire any major changes to the rendering engine and can be integrated 
into any path tracer that supports CUDA Unified Memory. This architec-
tural independence, combined with the ability to handle both static and 
animated tasks, makes this method a strong candidate for integration 
into existing GPU-accelerated production pipelines. 

In summary, our memory-aware out-of-core path tracing algorithm 
provides a scalable, efficient, and adaptable solution for rendering mas-
sive scenes on multi-GPU systems. By combining intelligent data repli-
cation and distribution strategies, we successfully mitigate performance 
losses associated with out-of-core rendering. Our results indicate that 
even small-scale multi-GPU systems can achieve rendering performance 
comparable to significantly larger clusters, making high-quality path 
tracing more accessible for production rendering and scientific visual-
ization applications.

Future work could explore further optimizations in data prefetching, 
compression techniques, and improved scheduling strategies to further 
enhance performance for even larger and more complex scenes.
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