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Abstract—Serverless computing is a promising paradigm be-
cause it provides scalability and cost-efficiency to cloud users,
while reducing the burden of infrastructure management. Most
mature serverless computing solutions target CPUs, with fewer
solutions targeting GPUs and typically being focused on machine
learning workloads. In this paper, we explore the effectiveness of
serverless computing for graph analytics workloads running on
GPUs, particularly multi-instance GPU. We leverage the Knative
serverless computing framework and integrate Tigr as the main
GPU graph analytics engine. We optimize the placement of the
graph datasets used by the serverless functions, keeping many
warm in the CPU main memory and a few warm in the GPU
memory based on their frequency of use. We evaluate the latency
and throughput of the serverless functions, showing how the best
choice of MIG configuration is impacted by the choice of function,
dataset, and workload heterogeneity.

I. INTRODUCTION

Serverless computing has become a popular computing
paradigm because it provides scalability and cost-efficiency
via its fine-grained pay-per-use billing model, while also alle-
viating the need for users to manage server infrastructure [1]. It
also allows cloud providers to share resources among multiple
users more efficiently. Numerous mature serverless computing
solutions are available from major cloud providers [2]–[4], but
these solutions are mostly focused on CPU systems. Serverless
computing using GPUs is still a maturing technology, and
multi-instance GPU [5] (MIG), whereby a GPU is partitioned
into multiple isolated instances that can be shared by different
users, is a natural feature to consider when designing a
serverless solution for GPUs.

There have been multiple prior works proposing serverless
computing frameworks for GPUs [6]–[17], with a number of
them targeting multi-instance GPU [18]–[20]. Many of these
prior works cater to machine learning workloads due to the
prevalence of GPUs in accelerating machine learning. Graph
analytics is also an important computation on GPUs [21]–[23],
however, none of the prior serverless frameworks for graph
analytics target GPUs [24]–[28]. To the best of our knowledge,
there is no prior work that studies the interaction between
serverless computing and graph analytics on GPUs.

To fill this gap, we present an evaluation of the server-
less computing paradigm applied to graph analytics work-
loads running on multi-instance GPUs. Our setup leverages
Knative [29], a serverless computing framework based on
Kubernetes. For graph analytics tasks on GPUs, we use
Tigr [21], a performant and lightweight graph transformation
and processing framework for GPUs, and extend it to handle
graph processing requests as a set of serverless functions. To
support GPUs, we use the NVIDIA GPU Operator [30] which
automates the management of GPU resources within Kuber-
netes, and is also responsible for setting up and managing
MIG configurations on the nodes within a Kubernetes cluster.
An important optimization that we apply is keeping frequently
used graph datasets cached in the CPU main memory and very
frequently used graph datasets cached in the GPU memory.

Our evaluation shows the trade-off between throughput and
latency for different MIG configurations, and how the choice
of the best MIG configuration is impacted by the choice
of function, dataset, and workload heterogeneity. We also
evaluate the impact of our optimizations.

Our future work involves evaluating the impact of leverag-
ing such a serverless framework in a broader workflow with
many interacting function invocations, since our evaluation
focuses primarily on independent invocations. We also propose
other future optimizations such as dynamically reconfiguring
the MIG instances to respond to changes in workload char-
acteristics, developing performance models for the serverless
functions to inform the scheduling and reconfiguration tasks,
and evaluating the impact of using heterogeneous MIG con-
figurations.

The rest of this paper is organized as follows. Section II
surveys prior work on serverless computing, the use of GPUs,
and serverless graph analytics frameworks. Section III de-
scribes our setup for performing serverless graph analytics
on multi-instance GPUs. Section IV outlines our evaluation
methodology and Section V details our evaluation. Finally,
Section VI discusses future work and concludes.



II. RELATED WORK

A. Serverless Computing

Serverless computing provides a scalable and cost-efficient
way for offloading computations to the cloud without the need
to manage server infrastructure [1]. Cloud platforms like AWS
Lambda [2], Microsoft Azure Functions [3], Google Cloud
Functions [4], and other serverless platforms provide the fea-
ture of executing serverless functions based on a certain event,
without the need for server management. Kubernetes [31] is
an open-source system for automating deployment, scaling,
and management of containerized applications [31] that could
be used to run on these cloud platforms. Knative [29] and
OpenFaaS [32] are some of the Kubernetes frameworks for en-
abling serverless functions. According to recent surveys about
some challenges of serverless computing, the cold start latency
problem [33] is an important issue that is being addressed as
it can decrease the benefits of serverless computing. Other
challenges come from the scheduling algorithms [34] used
in such serverless environments which could hurt resource
utilization.

B. Serverless Computing with GPUs

Major serverless cloud platforms [2]–[4] have supported
mostly CPUs for their serverless functions, with GPUs being
supported only recently [35], [36]. Recent research has also
explored expanding serverless capabilities to include functions
that can leverage the power of GPUs for faster processing [6]–
[17]. None of these prior works on serverless GPU computing
specifically target graph analytics. Our work is the first to
study the interaction between serverless GPU computing and
graph analytics.

Some prior works [37], [38] target graph neural network
serving using GPUs. Our work focuses on graph analytics, as
opposed to graph neural network serving.

C. Serverless Computing with Multi-Instance GPU

An important aspect of serverless frameworks is allowing
multiple serverless functions to share the same hardware
resources. However, multiple tasks running simultaneously on
a single GPU often compete for the same resources, leading
to performance interference and possible violation of QoS
requirements. NVIDIA GPUs support multiple forms of spa-
cial sharing including CUDA contexts, Multi-Process Server
(MPS), and Multi-Instance GPU (MIG) [5]. MIG technology
partitions the GPU into multiple instances, each with its
own isolated compute and memory resources. This isolated
partitioning allows multiple tasks to run independently without
interfering with each other in the compute and memory usage,
ensuring more consistent performance and QoS. Some prior
works [18], [19], [39] leverage GPU MIG partitioning in a
serverless environment for machine learning applications. By
using MIG, these works offer isolated GPU environments to
different users, which addresses the challenge of efficiently
sharing expensive GPU resources among multiple tenants.
Still, none of these prior works target graph analytics and our
work is the first to do so. While MPS can also be used for GPU

sharing, it only provides isolation at the level of the cores but
not the memory. Since graph analytics workloads tend to be
memory-bound, we prefer using MIG to isolate the memory
as well, but we leave exploring MPS as future work.

D. Serverless Graph Analytics

A number of prior works offer serverless frameworks for
graph analytics [24]–[28]. For example, Graph-Serverlizer [24]
is specifically designed to harness the power of serverless
computing for efficient and scalable graph processing. It
encapsulates basic graph processing operations as serverless
functions, optimizing their deployment and execution across
a computing continuum. Graphless [25] tackles the incom-
patibility between the stateless nature of serverless functions
and the data storage demands of graph processing. It addresses
this issue by introducing a specialized memory storage service
(Memory-as-a-Service). None of the prior works on serverless
graph analytics target GPU systems specifically, let alone
multi-instance GPU. Our work is the first to study serverless
graph analytics targeting GPUs.

E. Graph analytics on GPUs

GPUs have been used to accelerate a wide variety of
graph algorithms [40]–[45]. There are numerous libraries for
performing graph computations on GPUs [21]–[23]. Tigr [21]
is the most efficient of these libraries for a limited set of
kernels. These prior works on graph analytics on GPUs are
used in a standard HPC setup. Our work is the first to study
GPU graph analytics in a serverless context. Although we
leverage Tigr [21] as the GPU graph analytics engine, our
work can easily be extended to other GPU graph analytics
libraries as well.

III. OUR SETUP FOR SERVERLESS GRAPH ANALYTICS ON
MULTI-INSTANCE GPUS

Our serverless graph analytics setup for multi-instance
GPUs is built upon the Knative [29] serverless computing
framework, uses Tigr [21] for graph processing on GPUs,
and uses the NVIDIA GPU Operator [30] to enable GPU
access and management of MIG instances in Kubernetes.
Figure 1 shows an overview of this setup. In this section,
we describe our serverless computing setup (Setion III-A),
our integration with Tigr (Section III-B), how we support
GPUs (Section III-C), and our optimizations for keeping graph
datasets cached in warm containers (Section III-D).

A. Serverless Computing Framework

Our serverless graph analytics setup leverages Knative [29]
installed on a Kubernetes cluster. We choose Knative because
it is open source and had wide community support. We con-
figure the network layer using Kourier [46], a lightweight and
efficient ingress controller designed for Knative. We integrated
Flannel [47] to ensure reliable networking capabilities within
the cluster. To handle the large datasets required for graph
processing, we provision a persistent volume. This persistent
volume allows pods to access the necessary datasets, ensuring
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Fig. 1. Overview of our setup for serverless graph analytics on GPUs

that data is readily available when required for processing
tasks.

The serverless functions requests we receive must specify
the graph analytics operation to be executed and the dataset
it should be executed on. The response contains the results of
the executed function on the specified dataset. We use JSON
as the communication format for its lightweight and human-
readable structure, facilitating efficient data exchange between
the client and the server.

The serverless functions are represented in a YAML file
which specifies multiple attributes that are required by each
serverless function such as the scale range of pods for auto-
scaling, the container concurrency, the docker image of the
serverless graph processing framework (see Section III-B), the
GPU MIG resources required, and the persistent volume where
the datasets are located.

B. Integration of the Graph Analytics Framework

Tigr is a lightweight graph transformation and processing
framework for GPUs that has been shown to be more efficient
than other graph processing frameworks for GPUs [21]. We
extend Tigr using Crow [48] to handle graph processing
requests as a set of serverless functions. Crow manages HTTP
requests, routing them to handlers designed to manage the
requested graphs and then execute the requested functions. The
extended Tigr framework is containerized in a docker image
to be used for Knative [29] serverless functions.

With the graph analytics computations happening entirely
on the GPU, the role of the CPU in our setup is to listen for and
handle the HTTP requests as well as manage the caching of
datasets (see Section III-D). However, it may also be beneficial
to have the CPU perform some of the computations alongside
the GPU to better utilize overall system resources [49], [50].
Such hybrid CPU-GPU execution is the subject of future
work.

C. GPU Support in Kubernetes

Kubernetes [31] allows applications to access specialized
hardware like GPUs, network adapters, and other devices
using device plugins. However, setting up nodes with this
hardware requires complex configuration of various software

components, which is error-prone. To simplify this process,
the NVIDIA GPU Operator [30] automates the management
of all necessary NVIDIA software within Kubernetes, which
includes installing drivers, configuring GPU access for con-
tainers, monitoring hardware performance, and more. We use
the NVIDIA GPU Operator to enable GPU access within our
Kubernetes cluster.

The GPU Operator is also responsible for setting up and
managing MIG configurations on the nodes within a Kuber-
netes cluster. The MIG manager component of the operator
efficiently slices and reconfigures these instances allowing us
to reconfigure the geometry of the GPU instances based on
workload demand.

D. Keeping Graph Datasets Cached

An important optimization that we apply is keeping the
input graph datasets cached in the CPU’s main memory as
well as the GPU memory as long as the container is warm, so
that the datasets do not need to be read from disk and copied to
the GPU memory every time. We refer to the graph datasets as
being warm if they are cached in memory in a warm container.
Keeping the datasets warm is crucial for reducing the data
transfer latency from the disk to the CPU main memory and
from the CPU main memory to the GPU memory, which
could sometimes exceed the latency of the kernel function
itself. It ensures that frequently accessed graphs are readily
available in memory, reducing the need for repeated data-
loading operations.

Figure 2 shows the process for keeping the graph datasets
warm. We maintain a list of graph datasets that are warm in
the CPU main memory as well as in the GPU memory. When
an invocation requests a graph, we first look up if the graph
dataset is already in the CPU main memory. If not, we read
the graph dataset from storage to the CPU main memory, then
copy the graph to the GPU memory and begin the execution.
The copies of the graph in the CPU main memory and GPU
memory are kept in memory for subsequent invocations as
long as the container is warm. Hence, the initial load may
introduce some latency, but subsequent requests for the same
graph dataset will benefit from reduced load times.

Fig. 2. Process for keeping graph datasets warm

If the graph dataset is already warm in the CPU main
memory, we look up if the graph is already warm in the GPU
memory. If yes, we simply execute the function. If not, we
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transfer the graph from CPU main memory to GPU memory.
This transfer is significantly faster than loading the graph from
disk.

We keep multiple graph datasets warm at a time in the
CPU main memory and the GPU memory, depending on
the size of the CPU main memory and the size of the
MIG instance’s memory. Naturally, MIG instances with larger
memory capacity allow for more graphs to be kept warm
simultaneously. Keeping multiple graphs warm simultaneously
allows for efficient handling of concurrent requests to multiple
different graph datasets by reducing the frequency of data
transfer. A question that arises when keeping multiple datasets
warm is which graph datasets to evict when the memory is
full to make way for new graph datasets to be loaded. To
decide which graph to evict, we adopt a least recently used
replacement policy.

IV. EXPERIMENTAL METHODOLOGY

A. Hardware and Software Specifications

The hardware and software specifications of our experimen-
tal setup is summarized in Table I.

TABLE I
SYSTEM SPECIFICATIONS SETUPS.

Configuration
CPU AMD EPYC 7543 Processor @ 2.80 GHz,

Core(s) per socket: 32,
Socket(s): 2

GPU NVIDIA A100 with 80GB of memory,
Driver Version: 550.54.15,
CUDA Version: 12.4

Software Operating system: Ubuntu 22.04.4 LTS,
Docker version: 27.0.3

Container Base Image: nvidia/cuda:12.3.1-base-ubuntu22.04

The MIG instance types considered in this work are shown
in Table II. In our experiments, we always partition the GPU
into a homogeneous set of MIG instances and use all the
instances. For example, when choosing the 1g.10gb instance
type, we divide the GPU into seven of these instances and
distribute the serverless functions across all seven instances,
dispatching each function to whichever instance is available.
Hence, there is a trade-of between the number of instances and
the resources available to each instance. Selecting the right
instance type involves a delicate balance between these two
factors, which we evaluate in this work.

TABLE II
MIG INSTANCES AND THEIR RESOURCES

#Slices x MIG Number (ratio) GPU Memory
profile of SMs (GB)

7 x 1g.10gb 14 (1/7) 10
4 x 1g.20gb 14 (1/7) 20
3 x 2g.20gb 28 (2/7) 20
2 x 3g.40gb 42 (3/7) 40
1 x 4g.40gb 56 (4/7) 40
1 x 7g.80gb 98 (7/7) 80

It is also possible to partition the GPU into a heterogeneous
set of MIG instances. For example, one could configure two

2g.20gb and one 3g.40gb instance. The benefit of heterogene-
ity is that one could be selective about which instance to send a
function to depending on the execution resources the function
needs as well as the dataset size. However, such heterogeneous
partitioning requires more sophisticated support and is part of
our future work.

B. Benchmarks and Datasets

We use the six graph analytics computations available in
the Tigr [21] framework:

1) Breadth First Search (BFS)
2) Betweenness Centrality (BC)
3) Connected Components (CC)
4) Pagerank (PR)
5) Single Source Shortest Path (SSSP)
6) Single Source Widest Path (SSWP)
TableIII list the graph datasets used in our evaluation.

We use undirected graphs for BC, BFS, CC, and PR, and
directed graphs for SSSP and SSWP. Hence, the same graph is
considered as two different datasets in the experiments where
heterogeneous workloads are used that include a mixture of
these functions.

TABLE III
GRAPH DATASETS

Dataset Number of
Vertices

Number of
Edges Reference

com-orkut.ungraph 3,072,441 117,185,083 [51]
soc-sinaweibo 58,655,849 261,321,071 [52]
mawi-1 18,571,154 19,020,160 [53]
mawi-2 35,991,342 37,242,710 [53]
orkut-groupmemberships 8,730,857 327,036,553 [52]
soc-twitter-2010 21,297,772 265,025,809 [52]
cage15 5,154,859 52,177,205 [52]
in-2004 1,382,870 13,968,883 [52]
indochina-2004 7,414,769 153,487,304 [52]
ljournal-2008 5,363,201 50,545,899 [52]
patents 3,750,822 14,970,768 [51]
Stanford Berkeley 683,446 6,634,677 [52]
wikipedia-20051105 1,598,583 18,557,791 [52]
V2a 55,042,369 58,608,800 [52]
wiki-topcats 1,791,489 25,447,873 [51]
kron g500-logn21 1,544,087 91,042,010 [52]
eu-2005 862,664 16,639,895 [52]
cage14 1,505,785 14,318,067 [52]

C. Load Generation

For experiments with homogeneous workloads, i.e., where
we test each function and graph dataset independently, we
used the Hey [54] load generator. Hey is a versatile HTTP
load generator primarily used for performance testing of web
applications. It allows us to simulate multiple concurrent
requests to our serverless framework.

For experiments with heterogeneous workloads, i.e., where
the workload consists of multiple different functions and
datasets, we employed an asynchronous Python library to
simulate invocations from a trace, mimicking real-world usage
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Fig. 3. Normalized throughput (higher is better) for different functions, datasets, and MIG configurations. For each function and dataset, the throughput is
normalized to that of the best MIG configuration.

patterns. The trace we used is published by the Systems
Infrastructure Research lab at Huawei’s Edinburgh Research
Center [55]. We used the per-minute trace version from their
private cloud. This approach allows us to simulate multiple
concurrent invocations, as specified in the trace, ensuring that
the timing and order of requests closely followed the trace’s
pattern. It enables us to evaluate how the framework performs
under realistic and complex workload patterns.

V. EVALUATION

A. Impact of Function and Dataset on Best MIG Instance

Figure 3 shows how the throughput of processing the
serverless functions varies based on the graph analytics op-
eration that is executed, the dataset that is used, and the
MIG configuration. The throughput was determined based on
600 executions of the same function with the same dataset. It
is calculated as the number of requests processed by all the
MIG instances of the given type divided by the makespan of
processing all the requests. The heatmaps show the throughput
normalized for each function and dataset pair because the
absolute throughput depends on the specific choice of function
and dataset. The throughput is normalized to that of the best
performing MIG instance.

Our key observation from Figure 3 is that the best MIG
configuration depends on the function that is being executed,
and even more, on the dataset that it executes with. This
result motivates the need to model the performance of the
functions for different datasets and MIG instance sizes, and
to use this information when configuring or reconfiguring the
MIG instances, which is the subject of our future work.

To better understand what causes a particular MIG con-
figuration to have the best throughput, Figure 4 shows how
the average latency, average execution cost (core-hours), and
throughput of the serverless functions varies across MIG
configurations for the BFS function executed with the V2a
dataset as an example. The latency and throughput are both
measured, whereas the execution cost is derived from the
average latency and is inversely proportional to efficiency. We
calculate execution cost by multiplying the effective number
of SM slices reserved by an instance with the latency of
the computation executed on that instance. For example, the
1g.10gb instance uses one SM slice and also effectively
reserves one SM slice. However, the 1g.20gb instance uses one
SM slice, but there are only four such instances reserving all
seven SM slices, so the 1g.20gb instance effectively reserves
(7 SM slices)/(4 instances) = 1.75 SM slices per instance.

Our key observation from Figure 4 is that as the MIG
instances get larger, the latency decreases proportionally or
superlinearly for the initial MIG configurations. For this rea-
son, the execution cost decreases initially and the throughput
increases because the improvement in latency per instance
outweighs the decrease in the number of instances being
used concurrently. However, the latency improvement faces
diminishing returns for the larger MIG configurations beyond
3g.40gb. As a result, the execution cost increases again and the
throughput decreases because the marginal reduction in latency
is not sufficient to compensate for having fewer instances.
Therefore, the measured throughput is highest at 3g.40gb and
appears to be inversely proportional to the execution cost,
which is expected because we are testing a fully utilized
system at steady state. The throughput is maximum when the
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Fig. 4. Latency, execution cost (core-hours), and throughput for the BFS function executed with the V2a dataset on different MIG configurations

execution cost is lowest at 3g.40gb, right before the latency
reduction begins facing diminishing returns.

B. Heterogeneous Workload

In the previous subsection, we evaluated the throughput of
our serverless framework for homogeneous invocations of a
single function on a single graph dataset. In this subsection,
we look at the throughput of a trace (see Section IV-C for
details) consisting of a heterogeneous mixture of functions and
datasets to more accurately represent real execution scenarios.
The composition of the heterogeneous workloads we use is
shown in Table IV.

TABLE IV
COMPOSITION OF HETEROGENEOUS WORKLOADS

Workload Functions Datasets
BC, BFS, eu-2005

1 CC, PR, soc-sinaweibo
SSSP, SSWP patents

BC, BFS, ljournal-2008
2 CC, PR, indochina-2004

SSSP, SSWP orkut-groupmemberships
BC, BFS, cage14

3 CC, PR, mawi-1
SSSP, SSWP in-2004

BC, BFS, Stanford Berkeley
4 CC, PR, wiki-topcats

SSSP, SSWP kron g500-logn21

Figure 6 shows how the throughput of our serverless
framework varies for each heterogeneous workload based on
the MIG configuration it executes on. The heatmaps show
the throughput normalized for each heterogeneous workload
because the absolute throughput depends on the specific choice
of function and dataset. Our key observation from Figure 6 is
similar to the homogeneous case: that the best MIG configu-
ration depends on the workload.

However, in the case of heterogeneous workloads, another
factor that impacts the best MIG configuration, besides latency,
is the data transfer cost when multiple datasets are involved.
We look at the impact of data transfer cost in the next section.

C. Benefit of Keeping Graph Datasets Warm

To highlight the benefit of keeping graph datasets warm,
Figure 5 evaluates the latency and throughput of the serverless
functions when keeping the datasets warm in both the CPU
memory and the GPU memory or just the CPU memory. We
do not show the performance of not keeping the datasets warm
in the CPU memory and reading them from disk every time
because it is too slow and unacceptable. The figure shows the
performance of a heterogeneous workload with three functions
and six datasets for different MIG configurations, particularly
workload #1 from Table IV. The latency is broken down
into data transfer time and compute time. The latency here
refers to the total latency of all the functions if executed on
one instance. We report this value instead of average latency
because different functions in the heterogeneous workload
have different latencies so their average is not a meaningful
value.

From Figure 5, we make two key observations. The first
observation is that compared to keeping the dataset warm in
just the CPU memory, keeping the dataset warm in the GPU
memory as well results in substantial latency reduction and
throughput improvement due to a significant reduction in data
transfer time. This observation shows the effectiveness of our
graph dataset warming optimization. The second observation
is that when keeping the dataset warm in both the CPU main
memory and the GPU memory, as the MIG instance size in-
creases, the transfer time decreases. This observation is due to
the fact that larger MIG instance sizes have larger memory so
they can support more graph datasets simultaneously, reducing
how frequently a graph dataset gets evicted and needs to be
transferred again when it is requested again.

This result showcases an important trade-off when using
small or large MIG instances. As instances get larger, they
may face diminishing efficiency, but they can accommodate
keeping more datasets warm. This trade-off indicates why the
heterogeneous workloads in Figure 6 favor larger instances
compared to the homogeneous workloads in Figure 3.
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Fig. 5. Impact of keeping graph datasets warm on the latency and throughput of heterogeneous workload #1

Fig. 6. Normalized throughput for different heterogeneous workloads across
MIG configurations

VI. CONCLUSION AND FUTURE WORK

We study the interaction between serverless computing and
graph analytics on multi-instance GPUs. We use Knative as
the serverless computing framework, Tigr for graph processing
on GPUs, and the NVIDIA GPU Operator to enable GPU
access in Kubernetes. Our evaluation shows that the MIG
configuration that achieves the best throughput often depends
on the function, dataset, and workload heterogeneity.

Based on these findings, our future work involves employing
a strategy for dynamically reconfiguring the MIG instances to
adapt to dynamically changing workload characteristics. To in-
form such a strategy, our future work also involves developing
performance models for the serverless GPU kernels to assess
their scalability across different MIG instance sizes when
executed with different datasets. Moreover, while our evalua-
tion has focused on homogeneous MIG configurations where
all MIG instances have the same size, our future work also

involves exploring heterogeneous MIG configurations where
different MIG instances of different sizes may be specialized
for different types of invocations. It also involves exploring
MPS as an alternative to GPU sharing and comparing it with
MIG.
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