FaaSBoard: Efficient Graph Processing with a Disaggregated
Architecture on Serverless Services

Abstract

Graph processing workloads are increasingly being migrated to the
cloud. With the growing adoption of serverless computing, graph
processing gains advantages such as cost-effectiveness and resource
elasticity. However, existing graph processing systems with mono-
lithic function architecture struggle to detect intra-job resource
elasticity and suffer from significant communication overhead.

In this paper, we present FaaSBoard, a graph processing sys-
tem with a disaggregated serverless architecture powered entirely
by serverless cloud services. FaaSBoard features a multi-tier data
communication mechanism and an autonomous-elastic comput-
ing mechanism. Specifically, these two mechanisms are realized
through image-based graph loading for faster starts, proxy-based
collective communication leveraging high-bandwidth shared mem-
ory, 2D balanced graph partitioning for improved load balance,
and a proactive terminate-and-respawn mechanism enabling fine-
grained elasticity. Together, these four techniques collectively en-
hance both resource and overall execution efficiency. Experimental
results demonstrate that FaaSBoard delivers up to 3.8x higher com-
pute performance and reduces monetary cost by up to 63.7% com-
pared to FaaSGraph, the current state-of-the-art serverless-based
graph processing system.

1 Introduction

Graphs are powerful tools for modeling real-world entities and
their relationships. Through everyday use of applications such as
social networks, e-commerce platforms, and online banking, users
generate numerous footprints that collectively form large-scale
graphs, which companies can analyze to extract valuable business
insights. As a result, graph processing has attracted significant
attention, leading to the development of numerous frameworks [2,
3,11, 16, 18, 35, 40, 52, 53, 58, 59] designed to accelerate computation
by efficiently utilizing resources in and beyond a single server.

As graph datasets continue to grow in size, graph processing
applications have increasingly shifted to the cloud [12, 38, 39] to
conveniently leverage large-scale computing resources. Since most
graph processing frameworks are originally designed for local clus-
ters, a common approach is to replicate this setup in the cloud
by provisioning cluster with monolithic servers. As illustrated in
Figure 1a, the Graph Service Developer (i.e. the User of the Cloud)
allocates a fixed number of VM instances, each with ample CPU
and memory resources to host the graph processing framework.

However, this serverful model suffers from poor resource elas-
ticity, making it inefficient for workloads that are sporadic or in-
frequent—such as computations that only need to run occasionally
over long intervals [26]. To address these limitations, the rise of
serverless offers a compelling alternative. It allows users to exploit
the burstability of serverless functions for large-scale data pro-
cessing [9, 17, 20, 29, 46, 48] without the burden of resource man-
agement. Additionally, the pay-as-you-go billing model reduces
costs during idle periods. Motivated by these advantages, graph

processing systems are embracing serverless, adopting the mono-
lithic function architecture like Figure 1b. For instance, FaaSGraph
[35] integrates a built-in FaaS runtime that orchestrates multiple
serverless functions to perform graph processing.

Nevertheless, our investigation shows that the current mono-
lithic function architecture comes with trade-offs. First, long-running
graph processing often exposes fine-grained resource elasticity due
to load imbalances within iterations, where one compute instance
must wait for others. However, it is challenging for the architecture
to exploit this intra-job elasticity due to the complex iteration-based
coordination between functions, leading to unnecessary monetary
costs due to resource idle (36.4% in our profiling of FaaSGraph).
Second, the communication of large data volumes becomes a critical
bottleneck. The existing architecture is limited to either cloud stor-
age or direct communication, suffering from high communication
overhead due to low bandwidth. These methods incur 1.43x-3.02x
longer graph processing time compared to the optimal performance.

We identify the root cause as the architecture preserving the
monolithic nature of resources, where functions are used like mono-
lithic servers, but with limited resources and faster initialization.
We propose a disaggregated serverless architecture to address the de-
ficiencies. Figure 1c shows the architecture along with two critical
mechanisms. First, a multi-tier data communication mechanism is
introduced on top of a shared memory model enabled by the archi-
tecture. The shared memory provides a high-bandwidth communi-
cation channel to facilitate data transmission. Additionally, efficient
data loading is supported by a tiered cache layer, where data is
integrated closely with compute resource. Second, an autonomous-
elastic computing mechanism is introduced, allowing resources to
be terminated and spawned more frequently and proactively to ex-
ploit intra-job resource elasticity, while leveraging shared-memory
to track query execution without losing progress.

Building on this design, we introduce FaaSBoard, a graph process-
ing system that fully adopts a disaggregated serverless architecture.
The user begins by partitioning the graph dataset, bundling with the
execution binary into container images, and uploading to an image
repository. Then, user can invoke queries seamlessly in the cloud
without the need to provision or manage any servers. To this end,
FaaSBoard runs entirely in a serverless cloud ecosystem, eliminating
the need for dedicated servers or long-running instances. This design
fully leverages the elasticity of serverless services, enhancing the
system’s generality and cost-efficiency.

In FaaSBoard, we propose four techniques across the data and
compute layers to collaboratively enhance end-to-end system ef-
ficiency. Specifically, to implement the multi-tier data communi-
cation, it employs Image-based Graph Loading, which utilizes con-
tainer images as a high-tier cache layer to enable efficient graph
loading. Furthermore, Proxy-based Collective Communication lever-
ages serverless containers as a shared memory layer to support
high-bandwidth broadcast and reduce operations. On the com-
pute side, FaaSBoard introduces the autonomous-elastic computing
through a Proactive Terminate-and-Respawn mechanism, enabling
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Figure 1: Comparison of graph processing framework architectures in cloud environments. The dashed arrow represents graph
loading, while the solid arrow indicates vertex state exchange. (a) Before graph processing begins, subgraphs are loaded into
memory from shared storage. Vertex states are computed and exchanged over the network using broadcast and reduce. (b) A
fleet of serverless functions replaces traditional servers for computation, with state exchanged via storage services (e.g., $3) or
direct communication channels [13, 51]. (c) The graph processing system autonomously manages resource termination and
respawning. Subgraphs are loaded via a cache layer, while vertex states are exchanged through a shared memory layer.

autonomous resource management on serverless service. Further-
more, a 2D Balanced Graph Partitioning method is introduced to
improve graph processing performance under the resource con-
straints of serverless environments.

Our extensive experiments demonstrate that FaaSBoard achieves
up to 3.8 higher graph processing performance and reduces mon-
etary cost by up to 63.7%, compared to FaaSGraph [35], a state-of-
the-art graph processing system adopting the monolithic function
architecture. In summary, this paper makes three key contributions:

e We analyze the limitations of monolithic function archi-
tectures in graph processing, and motivate the design of a
disaggregated serverless architecture.

e We introduce FaaSBoard, a graph processing system built
on serverless cloud services to validate the effectiveness of
the disaggregated architectural design.

e We conduct a comprehensive evaluation of FaaSBoard to
demonstrate its superior performance and cost.

The remainder of the paper is organized as follows. Section 2
reviews background and related work. Section 3 motivates a disag-
gregated architectural design. Section 4 introduces the architecture
and execution flow of the FaaSBoard system. Sections 5, 6 and 7
detail our implementation of such disaggregated architecture on
serverless services. Section 8 presents a comprehensive evaluation
to validate our design.

2 Background and Related Work

Serverless. Serverless computing has emerged as a compelling
cloud service model, offering auto-scaling capabilities, a pay-per-
use billing system, and a management-free experience for users.
In this model, code packages are encapsulated as functions, and
deployed by the cloud provider which handles request scheduling
and resource scaling.

Many studies have adopted serverless computing as an approach
to providing burstable computing resources, thereby facilitating
large-scale data processing [9, 17, 29, 46, 48]. Due to the stateless

nature of serverless functions, a common strategy for communica-
tion and data loading is to utilize shared storage services (e.g., S3,
ElastiCache) [6, 33, 41-43]. However, this approach often results
in performance degradation due to the high overhead and limited
bandwidth of storage services. In FaaSBoard, we establish channels
that are more tightly integrated with the serverless function service
to optimize data transmission.

Some studies have proposed direct connection (e.g. Boxer [51],
FMI [13]) to enable more efficient communication between func-
tions. However, when only serverless functions are involved, com-
munication performance remains limited due to the low bandwidth
of individual functions. Other studies including Pocket [24] and
Jiffy [23] utilize the EC2 cluster as a far memory pool to build a
general-purpose storage system. In contrast, FaaSBoard is specifi-
cally designed to optimize collective operations common in graph
processing by offloading reduce computations to a shared memory
pool and leveraging high bandwidth to improve performance.

There are multiple ways to achieve fine-grained resource elas-
ticity in serverless computing. For instance, small applications can
be decomposed into microservices [19, 22, 30, 31] or workflows
[32, 36, 37]. Data-intensive applications such as linear algebra [46]
and SQL queries [21, 41, 43, 57] can be decoupled into small op-
erators. However, our work focuses on supporting general graph
processing algorithms, which are inherently difficult to decompose.
Instead, we propose the autonomous elastic computing to leverage
fine-grained elasticity through a resource-aware mechanism.
Graph Processing. A graph G = (V, E) represents a set of vertices
V and the edges E C V X V between them. Graph processing frame-
works are built to efficiently analyze large-scale graph datasets
through concurrent computing. Following previous work [35, 59],
graph processing involves iteratively applying user-defined algo-
rithms to subgraphs, generating a state for each vertex as the output.
For example, in the single-source shortest path algorithm, the graph
processing framework produces the minimum distance for each
vertex.



Graph partitioning is crucial for minimizing communication and
ensuring load balance. A common approach is chunk-based parti-
tioning [59], favored for its low overhead and effective exploitation
of vertex locality. However, the 1D partitioning used in Gemini
[59] and FaaSGraph [35] significantly increases communication
with more partitions while some 2D methods [2, 3, 40] often ignore
graph sparsity. FaaSBoard uses a novel 2D balanced partitioning,
well-suited for serverless environments where limited function re-
sources require a high number of functions to accommodate the
graph, and make load balancing essential to avoid OOM errors.

Graph processing has increasingly embraced serverless com-
puting. FaaSGraph [35] leverages serverless elasticity to handle
real-world fluctuating workload. Unlike FaaSGraph, which modi-
fies the serverless infrastructure, FaaSBoard focuses on efficiently
utilizing existing services, enhancing its generality. Graphless [49]
adopts a similar approach to ours, but its performance lags behind
many legacy systems.

3 Motivation

In this section, we motivate the need for developing a disaggregated
architecture in serverless computing to streamline graph processing
with enhanced efficiency and elasticity.

3.1 Linear Algebra based Execution Model

Following GraphBLAS [14], graph computations can be equiva-
lently transformed into linear algebraic operations. More formally,
iteration t of graph processing is represented as a sparse matrix-
vector multiplication (SpMV) operation: x() = ATx(t=1) where A
denotes the adjacency matrix of G, and x(®) represents the vector
of vertex states at iteration ¢. The graph algorithm is determined
by the multiplication * and the addition + in matrix multiplication,
which describe how to derive and aggregate vertex states. The pro-
gramming model bears similarity to that of Graphite [40], allowing
users to define functions that specify how to perform computations
for neighboring vertex states.

Figure 2a illustrates a typical distributed execution pattern, where
the adjacency matrix is divided into four submatrices, each assigned
to a separate process. The blue vector from Py, P; , representing the
partitioned vertex states from the previous iteration, is broadcast
within the row group to processes P, and P3. Subsequently, each
submatrix performs local computations to generate the green vec-
tor, which is then reduced within the column group to produce the
result for the current iteration.

3.2 Deficiency of Monolithic Function
Architecture

Figure 2b shows a code snippet that illustrates the execution model
described in Section 3.1. We first implement this model on top of
the existing monolithic function architecture and investigate its
behavior. All experiments are conducted using BFS on the Twitter
[27] graph with around 1.8 billion edges. Constrained by limited
memory of functions, the execution requires six functions.

Deficiency in Resource Elasticity. Due to the complex structure
of graph data and irregular computation patterns, achieving perfect
load balancing across workers is difficult. This leads to significant

® X
@ e @[:::] | [wnie Atreduce(at)>o:
A : Bcast(xt""), rowgroup);
x  Po ' P2 1| /Local Matmul
= P3 — v P1 // x® = ATx(t)
@eg ||| 26| ||
\ (©) Reduce(x, colgroup);

[ > @ Broadcast @ Matmul -->@ Reduce| j
(b) Code Snippet

(a) 2D Execution Pattern

Figure 2: Distributed Execution Model of FaaSBoard
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variation in execution times among functions in each iteration. Fig-
ure 3 shows the normalized execution time of six functions over
three iterations, revealing substantial performance disparity. As
BFS progresses and explores new frontiers, workloads shift dynam-
ically—for instance, Function F2 is idle in iteration 1 but becomes
heavily loaded in iteration 2. Such fluctuations complicate function
behavior over time. In a complete execution, 36.4% of resources
are wasted due to intra-iteration idle time, directly translating into
equivalent monetary cost overhead.

However, serverless platforms cannot directly improve resource
efficiency by utilizing the idle resources in each iteration because
they lack visibility into application-level execution. A straightfor-
ward approach, terminating a worker after execution, falls short
for graph processing, which requires iteration-based coordination
among multiple workers. Additionally, workloads fluctuate across
iterations, and functions may be invoked dynamically and unpre-
dictably. Moreover, implementing such an approach often requires
injecting custom logic into graph applications, leading to significant
engineering overhead. Consequently, enabling fine-grained intra-
job resource elasticity remains a major challenge for improving
resource efficiency.

Observation 1. In graph processing, worker execution times vary
significantly across iterations, causing substantial resource underuti-
lization. However, optimizing resource efficiency is challenging due to
the need for coordinated, iterative execution across workers.

Deficiency in Data Communication. Graph processing depends
on collective operations to exchange vertex states, often involving
large volumes of data. However, serverless functions have limited



communication capabilities. We evaluate the impact of representa-
tive serverless communication mechanisms on BFS performance,
including shared storage (e.g., S3, ElastiCache) and direct commu-
nication (e.g., FMI [13]). Figure 4 shows the slowdown compared to
a baseline cluster with high-speed networking. The results reveal
significant performance gaps, highlighting the inefficiency of bulk
data transfers between serverless functions.

Most existing systems use shared storage for communication
[20, 33, 41-43, 46, 47], but performance suffers from low bandwidth
and high latency [6, 13, 51]—a consequence of the decoupling be-
tween storage and compute. Additionally, since storage lacks com-
pute capabilities, extra functions must be invoked to perform reduce
operations [20], introducing further overhead. To address this, di-
rect communication methods involving only serverless functions
have been proposed [13, 51]. However, we find them suboptimal, as
the limited bandwidth of serverless functions (75-90 MiB/s [6, 41])
necessitates binomial tree-style broadcast and reduce patterns [13],
which increase latency for leaf functions and add coordination over-
head. Reduce operations also consume precious compute resources
that could otherwise be used for graph processing. Moreover, we
were unable to reproduce these methods on real-world platforms
like AWS Lambda?, suggesting they may be constrained by security,
billing concerns, or susceptibility to infrastructure updates.

Observation 2. Graph processing requires frequent bulk data
exchange through collective operations, which serverless platforms
handle poorly, resulting in performance degradation.

3.3 Implication for System Design

Based on these observations, directly applying traditional cluster-
based graph processing architectures to serverless platforms leads
to limited resource elasticity and inefficient data communication.
To address these challenges, we adopt a disaggregated architecture
tailored for serverless environments. Specifically, we focus on two
key mechanisms.

Autonomous-Elastic Computing. Current serverless graph pro-
cessing systems scale only at the query level, limiting resource
efficiency. Specifically, the complex coordination and the dynamic
workload of functions hinder the system from exploiting per-iteration
elasticity. To enable such fine-grained elasticity, we leverage a disag-
gregated architecture that provides shared memory for maintaining
execution progress of the whole query independently of function
lifecycle, allowing functions to terminate and respawn without
losing progress. Building on this, we design an autonomously elas-
tic computing mechanism that improves resource efficiency while
minimizing decision-making overhead.

Multi-tier Data Communication. Communication in the mono-
lithic function architecture is restricted to direct communication
or shared storage, leading to overhead due to the absence of an
intermediate approach. In contrast, our disaggregated system ar-
chitecture utilizes a multi-tiered data hierarchy. Specifically, tiered
caches can accelerate graph loading, while the shared memory pool
enables efficient collective communication with high-bandwidth

!Due to their poor performance, shared storage methods are excluded from later
experiments in Section 8.3.2.
2Qur experiments simulate FMI using a proxy; see Section 8.3.2 for details.

data transfer and built-in compute capabilities for reduce opera-
tions.

4 FaaSBoard Overview

We present FaaSBoard, a graph processing system that fully adopts
the disaggregated serverless architecture in Section 3.3. Our core
principle is the exclusive reliance on serverless cloud services, which
guarantees scalability for every component, and makes our de-
sign orthogonal to the underlying cloud implementation, thereby
enhancing the applicability.

Figure 5 illustrates the architecture and execution flow of FaaS-
Board.

Initialization. During the initialization phase, the user uploads a
graph dataset along with the corresponding algorithm code. The
graph is then partitioned into subgraphs using the 2D Balanced
Graph Partitioner (Section 6.1). Simultaneously, the code is compiled
together with the helper graph runtime into an executable binary.
The resulting subgraphs and the binary are packaged into images
and submitted to a cloud image repository.

Execution. In the execution phase, after the user submits a query
to the Faa$S platform, a fleet of serverless functions is triggered,
with each function processing a distinct subgraph. In cases of a
hot start, graph data within each function is reused; otherwise, the
system employs Image-based Graph Loading (Section 5.1) to load
the graph partitions, using container image as a high-tier cache
layer. During execution, the FaaS runtime implement the Proactive
Terminate-and-Respawn mechanism (Section 6.2) to conserve re-
sources during idle periods. Additionally, they utilize Proxy-based
Collective Communication (Section 5.2) to perform collective oper-
ations such as broadcast and reduce, with proxies built atop the
serverless container service acting as a shared memory layer.
Generality. In FaaSBoard we focus on leveraging universal char-
acteristics of serverless computing rather than relying on unique
features offered by specific cloud providers. For instance, in Section
5.1, our approach is built on the insight that loading data from
image is faster than remote storage service. Similarly, in Section
6.2, our mechanism is grounded in the pay-per-use billing model
and the keep-alive policies commonly adopted by cloud providers.
We believe these characteristics represent fundamental aspects of
serverless computing and will remain relevant in the future.

We provide a detailed explanation of the mechanisms in the
following sections. Although we build our system on AWS, we note
that similar services are widely available across other major cloud
providers.

5 Graph Loading and Communication

In this section, we present the multi-tiered data communication
supported by cloud services, incorporating efficient mechanisms
for graph loading and vertex state exchange.

5.1 Image-based Graph Loading

Graph loading typically occurs during a cold start, when no comput-
ing resources are available and containers must be initialized from
scratch. Users often rely on external storage services such as object
storage (e.g., S3) or in-memory caching services (e.g., ElastiCache)
for data storage. However, these approaches frequently suffer from
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Figure 5: FaaSBoard Architecture and Execution Flow. The
gray components indicate adherence to the disaggregated
serverless architecture in Figure 1c, while the red compo-
nents highlight our proposed mechanisms.

performance inefficiencies mainly due to high network overhead
and bandwidth limitations. As a result, we consider them to be the
low-tier storage due to their complete separation from computing
resources (i.e., serverless function service).

We propose that loading data from container images is faster than
from remote storage, and argue that container images can serve as an
ideal high-tier cache layer. In serverless function service, functions
are packaged and executed within containers launched from these
images. The images encapsulate both the function code and all
required software dependencies, which are loaded during a cold
start. Cloud providers have been actively optimizing this loading
process; for instance, AWS Lambda [7] employs multi-level caching
to accelerate image loading, presenting a promising opportunity
for high bandwidth data loading.

Thus, we propose our Image-based Graph Loading mechanism
to benefit from such infrastructure. Specifically, after the graph is
partitioned, each subgraph is bundled together with the execution
binary into a container image. These images are then uploaded
to the image repository service. During a cold start, rather than
retrieving the subgraph from remote storage, the system directly
loads the data from the local file stored within the container image.

Our mechanism substantially reduces network overhead, while
mitigating bandwidth bottlenecks by leveraging the local cache
bandwidth across multiple compute nodes when functions are dis-
tributed. However, a challenge in fully utilizing this mechanism is
the opacity of cache behavior to users, which makes graph loading
performance unpredictable. To maintain the "hotness" of graph data,
we introduce a Data Ping mechanism. This involves invoking func-
tions at regular intervals (1 hour in FaaSBoard) to load graph data,
ensuring persistent availability in the local cache, while incurring
additional monetary costs due to repeated function invocations.
Section 8.3.1 evaluates the loading performance and cost overhead
in comparison to the shared storage approach.

5.2 Proxy-based Collective Communication

Figure 2b shows the collective operations within FaaSBoard, where
broadcast and reduce operations account for the majority of com-
munication volume. In graph processing terms, the broadcast oper-
ation sends activated vertices and their associated states to other
functions. Conversely, the reduce operation aggregates updated
vertex states. Additionally, a vote operation (i.e. Allreduce) is em-
ployed to determine whether to compute in the next round. Next,
we describe our Proxy-based Collective Communication mechanism,
which focuses on efficient execution of collectives.

5.2.1 Proxy. The Proxy operates on top of the serverless container
service (e.g., AWS Fargate). It acts as a shared memory layer, en-
abling fast data transfer between functions and overcoming the
limitations of direct connection. Each function establishes a connec-
tion to a Proxy instance through a network socket at the beginning
of a query, and disconnects once it is completed. Proxies can be
multiplexed, allowing functions for different queries to connect to
a single Proxy instance, thereby amortizing the monetary cost.

5.2.2  Collective Operations with Proxy. Next, we describe the im-
plementation of collective operations using the Proxy. We employ
Vector as the message abstraction.

Broadcast. During broadcast, the sender function first transmits
the vector to the Proxy, which then distributes it to the receivers.
Serverless containers offer substantially higher network bandwidth
than functions. Specifically, using iPerf3 [1], we measured that each
AWS Fargate container (16vCPU, 64GB memory) has a bandwidth
of 636 MiB/s, which is 7.0X-8.5X greater than that of AWS Lambda.
Thus, compared with direct connection approaches, vectors can be
broadcasted in parallel to other functions, eliminating the need for
a binomial tree routing and reducing network hops.

Reduce. Result vectors from the senders are aggregated at the
Proxy. Due to load imbalance, functions may generate their results
at different times. Inspired by In-network Aggregation [28, 34, 44],
an In-memory Buffer is introduced to support on-the-fly reduction,
allowing vectors to be automatically aggregated upon arrival. Once
the Proxy has collected all the results, it forwards the aggregated
data to the receiver. Compared to direct connection, the Proxy
offloads reduce computation from serverless functions, enabling
concurrent execution of reduce and graph processing.

Vote. The Vote operation combines reduce and broadcast. The
number of activated vertices for the next round is first reduced at
the Proxy, then a decision is broadcast to all functions, indicating
whether to continue computation.

5.2.3 Triple-mode Vector Format. Figure 6a illustrates the different
formats for Vector. For each format, metadata such as the message
source and the number of companion vectors to wait for is prefixed.
When the activated vertices are highly sparse, the vertices and
their corresponding states are directly appended. If the activated
vertices are moderately sparse, a bitmap is appended to indicate the
activated vertices, followed by their states at the end. In scenarios
where the activated vertices are dense, the states of all vertices are
appended sequentially, regardless of their activation status.
Figure 6b illustrates the communication volume associated with
various vector formats under different amount of activated vertices,
using the Friendster graph [54] as an example. It demonstrates that
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adaptively choosing between formats can reduce communication
overhead. For instance, selecting the Super Sparse Mode when
the number of activated vertices is low proves beneficial. On the
other hand, the Dense Mode is particularly advantageous as it is
the only format that stores states in a contiguous order, enabling
AVX Instruction Set-based optimizations at the Proxy server during
reduce computations to improve performance. Additionally, Dense
Mode is the only approach that enables zero-copy transmission, as
FaaSBoard directly sends contiguous vertex states under this mode.
In contrast, the other two formats require message reconstruction,
introducing additional overhead due to the copying of vertex states.

We set the default thresholds for Super Sparse-Sparse and Sparse-
Dense to 10° and 10°, respectively. However, these thresholds also
impact communication traffic under concurrent workloads, which
we leave for future exploration. Section 8.3.2 highlights our perfor-
mance advantages.

6 Graph Processing and Partitioning

In this section, we present our compute-oriented mechanisms,
including a novel partitioning method that enhances graph pro-
cessing performance under the resource constraints of serverless
functions, and a Terminate-and-Respawn mechanism that enables
autonomous-elastic computing.

6.1 2D Balanced Graph Partitioning

Impact of Graph Partitioning. Many state-of-the-art graph pro-
cessing systems [2, 3, 35, 40, 59] use chunk-based partitioning due
to the locality in real-world graphs [59]. Figures 7a, 7b and 7c il-
lustrate representative partition methods adopted by prior works,
using the adjacency matrix with four partitions as an example.
Graph partitioning directly impacts the total communication
volume during graph processing and the load balancing across
subgraphs. For broadcast and reduce operations, 1D partitioning ex-
hibits higher communication complexity compared to 2D methods
[2]. However, previous 2D approaches will encounter load imbal-
ance caused by uniformly spaced cutting, which fails to account
for the sparsity of the graph.
Our Principle. Communication of large data volumes is a ma-
jor overhead in serverless-based analytic systems [13, 32, 35, 56].
Thus, our system prioritizes communication optimization, adopting
2D methods for their low communication complexity. Consider-
ing serverless functions have significantly smaller memory than
servers, our system then ensures load balancing within the 2D

framework to prevent from Out-of-Memory of one function and
optimize performance.

Problem Formulation. We assume the graph G with n vertices and
m edges will be partitioned into p subgraphs. We assume that p is a
perfect square number, and relax this assumption in the subsequent
discussion. We define the cut positions as ¢ 5 (Where ¢co = 0,
¢y = n), making both vertical and horizontal cuts at the same
positions to ensure that the diagonal submatrices remain square.
Our objective is to maximize load balancing, which is equivalent
to minimizing the workload of the most heavily loaded submatrix.
Equation 1 defines the workload of a submatrix, where A is the
adjacency matrix, and nnz counts non-zero elements of the sub-
matrix. The first and second elements represent computation and
communication load, respectively. A coefficient f is employed to
modulate the significance between computation and communica-
tion, where we assign f§ = 10 in FaaSBoard. Equation 2 formulates
the optimization target.

load(Aci:c,-+1,cj:cj+1) =nnz+ p(civ1 —ci + Cj+1 — Cj) (1)
mci”0<ini53<‘@load(Aci:c,—+1,cj:c]-+1) ()

Step 1. Balanced Partitioning. Here, we propose a binary-search-
based algorithm to generate the optimal partitioning under Equa-
tion 2. Specifically, we iteratively search for the minimum workload
threshold, denoted as limit, such that there exists a partitioning of
the graph where the workload in each subgraph does not exceed
this threshold. If this condition is satisfied, we decrease the limit
and repeat the check; otherwise, we increase the limit. This process
continues until the optimal limit is determined, which at the same
time generates the partition result (i.e. the cut positions c).

A key challenge is determining whether the limit can be satisfied
in polynomial time. To address this, we sequentially determine each
cut position. Figure 7e illustrates an example. Suppose we have
already determined positions c; and cy. We initially set ¢3 = ¢ and
then incrementally move c3 forward until one of the newly created
submatrices bly._4 reaches the limit at ¢3 = ¢’. At this point, we fix
c3 to be ¢’ — 1 and proceed to search for the next cut positions. If
more than 4/p — 1 cuts are required to ensure that the workload
of each subgraph remains below the limit, this indicates that the
limit cannot be satisfied. Otherwise, the limit is feasible.

Algorithm 1 provides the pseudocode for our partitioning al-
gorithm. The inputs include the adjacency matrix A, the required
number of cuts cut = \/1_) and the error rate €. Using a binary search
approach, we iteratively refine the decision boundary [left, right|
and evaluate the workload [imit until either the optimal solution is
found or the error rate falls below €. For each limit, we generate cut
positions cuts and check if the number of cuts exceeds cut. For each
vertex i, we process its incoming and outgoing edges, assigning
them to the corresponding block cur_block. If the total edges in
cur_block surpass limit, a new cut is fixed, cur_block is cleared,
and the process continues until the final cuts are determined.

The correctness is guaranteed by Optimality, ensuring it finds a
valid partition result if one exists, and Monotonicity, which validates
the effectiveness of the binary search.
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Algorithm 1: Balanced Partitioning Algorithm

Input: A adjacent matrix in CSR format, cut number of cuts, €
error rate
Output: cuts generated cuts
1 leftright,cuts := 1,A.edges,[];
2 while (right-left)/right > € do

3 limit,valid,cur_cuts := (left+right)/2,true,[0];

4 block,cur_block := [],[];

5 for i=0.N-1do

6 cur_block.clear();

7 for src in i.inedges where src<=i do

8 id := cur_cuts.size*2-2-between_id(cur_cuts,src);
9 cur_block[id]++;

10 end

11 for dest in i.outedges where dest<=i do

12 id := between_id(cur_cuts,dest);

13 cur_block[id]++;

14 end

15 for j=0..cur_cuts.size*2-2 do

16 if block[j]+cur_block[j] > limit then cur_cuts.push(i);

block := cur_block;

17 else block += cur_block;

18 end

19 if cur_cuts.size > cut then valid := false; break;
20 end
21 if valid then cuts,left := cur_cuts,limit+1;
22 else right := limit-1;

23 end

24

THEOREM 1. Optimality: the algorithm produces minimal cuts for
a given workload limit.

ProoF. Suppose there exists another partition plan ¢ such that
[¢] < |c|. Let k be the first position where ¢ # ci. Firstly, ¢ > ¢
is impossible because the algorithm places ci at the rightmost
valid position without exceeding the limit. Secondly, if ¢} < ¢,
moving the cut ¢ leftward would leave a larger remaining subgraph,
requiring at least |c| — k cuts after ¢ to satisfy the limit. This
implies |¢| >= |c|, contradicting |¢| < |c|. Thus, we prove that c is
|

optimal.

THEOREM 2. Monotonicity: a valid partition plan for limit im-
plies one for limit’ > limit; no valid plan for limit implies none for
limit" < limit.

Proor. We omit the proof as it is obvious. |

The time complexity of this algorithm is O(mlog(m + n)), which

accounts for the binary search and the limit check. Although this
is higher than the complexities of previous methods (O(n) for 1D-
based and O(1) for 2D-based), we consider it feasible since the
partitioning algorithm only needs to run once. Furthermore, we
introduce two optimizations to improve its performance. First, we
implement an early-stop mechanism in the binary search instead
of pursuing the optimal result. In our system, we tolerate a 1%
error for the limit, as this has minimal impact on graph processing
performance while significantly reducing the number of binary
search iterations. Second, we parallelize the binary search process.
Specifically, assuming we have t threads, we divide the current
decision boundary for limit into t + 1 equally spaced intervals
and evaluate the t possible limit values in parallel. This approach
allows us to quickly narrow down the decision boundary and find
the result efficiently.
Step 2. Binpacking. In FaaSBoard, Users should be able to ad-
just the number of subgraphs p with flexibility, which influences
the number of functions and CPU resources. To enable tuning of
the latency-cost trade-off, we propose a binpacking algorithm to
support flexible adjustments of non-square p. First, the graph is
partitioned into [/p]? balanced partitions. Then, partitions are
iteratively merged in pairs to maximize communication savings,
reducing the count to p. For instance, submatrices with interleaved
rows or columns are merged. The process repeats, prioritizing pairs
with the highest communication gain, until p subgraphs remain.

Merging subgraphs reduces communication overhead but in-
creases the risk of load imbalance. In particular, the workload of a
merged subgraph may exceed that of the largest subgraph, violat-
ing the optimization objective in Equation 2. To mitigate this, we
introduce an additional input parameter provided by user, ratio,
which constrains merging such that the combined workload re-
mains within ratio times the average workload across all subgraphs.
In FaaSBoard, the system is configured by default to generate the
most possible balanced subgraphs. This is achieved by iteratively
fine-tuning the ratio until it reaches its minimum possible value.
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Figure 8: Terminate-and-Respawn Mechanism.

The binpacking algorithm operates efficiently with minimal over-
head, as it processes no more than a few dozen graph partitions
given our datasets.

The effectiveness and efficiency of our algorithm are analyzed
in detail in Section 8.3.3.

6.2 Proactive Terminate-and-Respawn

Although the algorithm in Section 6.1 aims to optimize load bal-
ancing, achieving perfect load balance is often impractical. The
challenge arises primarily due to the power-law degree distribution
commonly found in real-world graph datasets [18], where a small
subset of vertices possesses extremely high degrees. As a result,
resources may remain idle, creating opportunities for optimization.
Serverless, along with FaaSBoard’s execution model, enables us
to leverage this opportunity. As shown in Figure 2a, functions off
the diagonal receive the vector at the start and send responses at
the end without retaining vertex state across iterations. Serverless
is ideal for such stateless computations, where functions can be
spawned and terminated in each iteration without disrupting the
overall query execution. This allows functions to utilize computa-
tional resources only for the necessary duration, thereby reducing
unnecessary costs.

Here, we introduce our Proactive Terminate-and-Respawn mech-
anism. The execution flow of this mechanism is shown in Figure 8.
Specifically, after sending the reduce vector, functions send a vote
message to the Proxy and wait for others to complete. Rather than
idling until the next iteration begins, they autonomously decide
to exit the function execution based on a Terminate Policy. This
termination is communicated via a kill message, which the Proxy
uses to track the number of terminated functions. After some time,
when the Proxy determines it has received sufficient vote messages,
it reinvokes all terminated serverless functions. Each respawned
function sends a revote message to the Proxy to signal its restora-
tion. Once all terminated functions have been respawned, the next
iteration proceeds as usual.

A key challenge in this mechanism is designing an effective Ter-
minate Policy, in which the decision-making time is significantly
smaller than the resource idle time for more cost savings. Due to
the dynamic workload, the policy should also be able to detect ap-
propriate load imbalance opportunities for termination, and avoid
unnecessary terminations that could introduce latency overhead
when the workload is balanced. Here, we propose a lightweight
Terminate Policy. The idea is that if a function remains idle for a pro-
longed period, it is likely to stay idle for even longer. To implement
this, we assign a grace period of T milliseconds to each function

after its sending of the vote message. If all votes are received within
this T ms window, the function continues to run. However, if the
grace period elapses (i.e. the function doesn’t receive the response
of vote in T ms), the function is terminated. In FaaSBoard, we set
the default T to 300 ms.

Users don’t need to modify the execution process shown in
Figure 2b, as the implementation is internally handled within the
vote operation. Specifically, if the Allreduce returns a timeout signal,
the function is terminated immediately. Upon reinvocation, the
function retries the Allreduce to send a Revote message and resumes
execution seamlessly, as if no termination had occurred.

While latency overhead may occur due to cold starts during
function reinvocation, where resource initialization and subgraph
reloading take place, this is often mitigated in practice. For most
graph applications, the termination period between iterations is
typically less than one minute. This short duration increases the
likelihood that the released function resources remain alive in the
cluster, thanks to the keep-alive policies commonly employed by
major cloud providers [45]. As a result, the container and subgraph
data can often be reused without requiring reinitialization from
scratch.

Section 8.3.4 presents the analysis of the cost savings and latency
overhead linked to this mechanism.

7 Implementation

Tools. We developed the FaaSBoard system using approximately
9.6K LOC of C++ code. The Proxy is built using epoll, enabling it
to continuously manage connections, send and receive messages,
and aggregate intermediate vertex states. We implement the dual-
mode message passing as well as the work stealing mechanism from
Gemini [59] in FaaSBoard. Furthermore, we leverage the AVX2 in-
struction set for optimized processing of our uint32 data, operating
on 256-bit batches.

Parallel Strategy. As shown in Figure 2a, a function must perform
the broadcast-compute-reduce sequence for each subgraph. To en-
hance execution efficiency, we employ distinct parallel strategies for
each operation, carefully tailored to their respective computational
characteristics and resource demands. Specifically, we use graph
parallelism for broadcast and reduce, enabling all communications
to occur simultaneously to fully leverage network bandwidth. In
contrast, we apply vertex parallelism for compute, allowing con-
current edge scanning for vertices but processing each subgraph
sequentially to prevent compute resource contention.

Proxy Scaling and Query Scheduling. Unlike Kubernetes, which
supports scaling based on customized resource metrics, AWS Far-
gate only allows scaling based on CPU or memory utilization. This
creates a mismatch with the network-intensive nature of the Proxy.
Therefore, FaaSBoard adopts the Bounded Scaling Policy from FaaS-
Graph [35] for managing Proxies. Each Proxy is assigned a defined
capacity, representing the maximum number of concurrent queries
it can handle to avoid network contention. This capacity is com-
puted by dividing the available bandwidth by the maximum po-
tential message size (i.e., assuming the Dense format). For each
incoming query, the system decides whether to queue it at an ex-
isting Proxy or to scale up a new one, aiming to minimize the
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Table 1: Hardware, software setup and benchmarks.

Configuration
Hardware FaaSGraph: CPU: Intel Xeon E5-2676 V3 @2.40Ghz,
Instance: m4.10xlarge, Cores: 40, DRAM: 160GB
Software FaaSGraph: Ubuntu 22.04, Golang 1.18.4, Docker 20.10.17
FaaSBoard: Image public.ecr.aws/lambda/provided:al2023
Service FaaSBoard: AWS Lambda, AWS Fargate
Function FaaSGraph&FaaSBoard: Cores: 2, DRAM: 3538MB

#Functions
1(BFS,CC,PR,SSSP)
6(BFS,PR),12(CC,SSSP)
8(BFS,PR),14(CC,SSSP)
9(BFS,PR),17(CC,SSSP)

Benchmark Graph Vertices | Edges
Livejournal | 4.84M | 68.9M
Twitter 41.6M 1.46B
Friendster 65.6M 1.80B
Rmat27 134M 2.14B

estimated waiting time. Unused Proxy is automatically reclaimed
after remaining idle for 15 minutes.

8 Evaluation

This section validates the disaggregated serverless architecture by
evaluating the performance of FaaSBoard.

8.1 Setup

Baseline Systems. We use FaaSGraph [35], a state-of-the-art server-
less graph processing system as our baseline for overall evaluation.
To compare partitioning strategies, FaaSBoard implements many
graph partitioning methods from prior researches [2, 3, 35, 40, 59].
Additionally, we integrate FMI [13] to evaluate communication
approaches.

Hardware and Software. Table 1 summarizes the experimental
configurations. FaaSBoard is deployed fully on AWS Lambda and
AWS Fargate. Since FaaSGraph relies on a custom serverless run-
time, we deploy it on an EC2 instance. To select the instance type,
we evaluate CPU performance across AWS instance generations
(e.g., m7, m6, m5, m4), and discover that the m4 series offers per-
formance closest to Lambda, leading us to choose m4.10xlarge for
our experiments. To simulate an environment identical to AWS
Lambda, we disable FaaSGraph’s shared-CPU and shared-memory.
However, all containers run on the same instance to measure the
upper-bound performance.

Resource Config. FaaSBoard adopts the same resource configu-
ration as FaaSGraph, allocating 2 vCPUs and 3 GB of memory per
function. For each graph benchmark, we use FaaSGraph’s Resource
Optimizer to determine the number of functions, with details listed

in Table 13. We deploy the Proxy on serverless container service,
where each container is configured with 16 vCPUs and 64 GB of
memory.

Pricing Strategy. For our evaluation on monetary cost, we natu-
rally adopt AWS’s pricing model. In FaaSboard, the total monetary
cost comprises two components: (i) the cost of all AWS Lambda
functions, which are employed as our workers; and (ii) the cost of
AWS Fargate, which we introduce as proxy to handle communica-
tion.

Let M; denote the cost of running all AWS Lambda functions
and My the cost of running AWS Fargate. The cost M; is calculated
as Mj = t x my X ¢;, where m; is the total memory (in GB) allocated
to all Lambda functions, and ¢; is the per-second-per-GB cost for
Lambda. The AWS Fargate cost My, following its dual-component
pricing model, is given by My = t X (vf X ¢y + mg X cmm), where
vy and my are the total number of vCPUs and the memory (in GB)
allocated for Fargate, respectively; ¢, and ¢, are the per-second-
per-vCPU and per-second-per-GB pricing coefficients for Fargate,
respectively. Here, t stands for the end-to-end execution time of a
graph computing task. The total monetary cost for FaaSBoard is
thus given by:

M=M+Mp=txXmyXc+tX(vpXcy+mpXem) (3)

For the x86 architecture, ¢; is set to $0.0000166667. The Fargate
pricing coefficients ¢, and ¢, are set to $0.05056 and $0.00553,
respectively, based on the price list in AWS.

We maintain AWS Lambda’s pricing for FaaSGraph, assuming it

is a serverless service and follows the pay-as-you-go billing. How-
ever, the billing for FaaSGraph corresponds solely to the M; compo-
nent within the FaaSBoard cost model, with no additional charges
incurred for the proxy.
Graph Benchmarks. We use four widely adopted graph datasets
from prior work [2, 35, 40, 59]: LiveJournal(lj) [5], Twitter(tw)
[27], Friendster(fr) [54] and RMAT-27(rm) [10]. The graph sizes
are summarized in Table 1. We select four standard graph workloads:
Breadth-First-Search (BFS), PageRank (PR), Connected-Components
(CC) and Single-Source-Shortest-Path (SSSP)*.

3CC runs on an undirected graph, while SSSP runs on a weighted graph. Their CSR size
is larger than the directed graph used by BFS and PR and thus needs extra functions
to process.

BFS and SSSP use vertex 0 as the source. For PR, we execute 20 iterations.
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8.2 Overall Comparison

Time. Figure 9 presents the in-memory compute time of FaaS-
Graph and FaaSBoard. The results show that FaaSBoard performs
differently on small and large graphs. For tw, fr and rm, FaaSBoard
outperforms FaaSGraph by 1.1x-3.8x. This highlights that, despite
the overhead in serverless cloud services, FaaSBoard can still per-
form better in performance. With FaaSBoard, we benefit both from
the improved performance brought by the disaggregated server-
less architecture and the operational simplicity provided by cloud
services.

However, FaaSGraph outperforms FaaSBoard for small graphs

like 1j. This is because the subgraph-centric execution model re-
duces the number of iterations compared to the SpMV model we
use. As a result, interactions with the Proxy or Coordinator are
minimized, leading to lower synchronization overhead. This is fur-
ther confirmed by the performance of PageRank, where FaaSBoard
remains faster than FaaSGraph when both run the same number
of iterations. Therefore, FaaSBoard is suitable for processing large
graphs. In the following contents, we exclude ]j from further dis-
cussion.
Cost. Next, we analyze the monetary cost of one-shot query. In
FaaSGraph, the cost is solely determined by serverless functions,
which depend on compute time and resource usage. In contrast,
FaaSBoard incurs an additional cost for the Proxy. For tw, fr and
rm, FaaSBoard achieves a lower monetary cost in almost all bench-
marks, reducing costs by 7.4%—-63.7%. However, for tw-BFS, FaaS-
Board incurs a 72.9% higher cost due to its similar performance
compared with FaaSGraph. This indicates that when running one-
shot query, FaaSBoard has better cost efficiency for handling large
graph datasets and intensive applications.

8.3 Detailed Evaluation

In this subsection, we examine each design choice and provide a
detailed analysis on performance and cost efficiency. Unless speci-
fied otherwise, we follow all resource and execution configurations
outlined in Section 8.1.

8.3.1 Graph Loading. We begin by analyzing our graph loading
mechanism. In our evaluation, we measure the loading time of
fr-BFS, where 8 functions run concurrently to load the subgraphs.
Figure 10 presents the loading time and estimated monthly cost
for different storage approaches. The loading time is averaged over
10 consecutive runs, with a 1-hour interval between each run for
the image-based approach. S3 and ElastiCache involve only storage
costs, while the image-based approach addtionally involves the cost
of invoking functions hourly over a month. We observe that the
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image-based approach significantly improves loading performance
with only a slight increase in cost compared with S3. Additionally,
the image-based approach delivers stable load performance with
a CV of 0.088. ElastiCache is the most expensive option due to its
memory-based design.

Figure 11 illustrates the load time for 1, 2, and 3 concurrent fr-
BFS jobs. The load time is measured from the start of the invocation
to the completion of loading of the last function. As concurrency
increases, we observe that the load time for S3 increases due to
its bandwidth bottleneck, while the image-based approach main-
tains stable load performance, as it can leverage bandwidth across
multiple servers.

8.3.2 Collective Communication. In this subsection, we assess the
Proxy-based communication by comparing it with FMI [13]. As we
cannot reproduce FMI’s direct function connection behavior in AWS
Lambda, we simulate it in FaaSBoard by implementing function-to-
function communication via Proxy for send and receive operations.
On top of this, we implement FMI's binomial tree broadcast and
reduce.

Figure 12 illustrates the compute time speedup on tw, fr, and
rm when applying Proxy compared to FMI, achieving a speedup of
1.05%-2.89%. Proxy-based communication has a significant impact
on larger graphs like rm, as they are split into more partitions, re-
sulting in a deeper binomial tree in FMI. Furthermore, the increased
number of vertices amplifies communication volume. Figure 13
presents the execution breakdown of a single PR iteration on the
tw graph. The communication accounts for a substantial portion in
FMI setting, whereas it is significantly reduced in Proxy setting.

Next, we conduct a microbenchmark to examine the impact of
shallow communication structure when using Proxy. We broad-
cast vectors of varying lengths to different numbers of functions
and measure the broadcast time. The vector length is computed
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as #vertices * 4 bytes for graphs lj and tw, which differ by ap-
proximately an order of magnitude. As shown in Figure 14, Proxy
consistently outperforms FMI when using more than four functions.
As the number of functions increases, Proxy maintains relatively
stable performance due to its high bandwidth, whereas FMI ex-
hibits a increase in broadcast time due to its deeper tree structure.
However, at 16 functions, Proxy’s network bandwidth becomes
saturated, indicating the need for further scaling.

Next, we use tw-BFS to demonstrate the multiplexing capability
of Proxy and the benefits of the trimode vector format. Figure 15
presents the compute time and monetary cost for running concur-
rent queries with a single Proxy, measured from invocation to the
completion of the last query. We observe that the monetary cost in-
creases sublinearly with the number of queries, as the cost of Proxy
is amortized. However, at four concurrent queries, we experience a
cost rise due to suboptimal performance. This is caused by the high
communication volume generated by the dense format, leading to
network congestion. To validate this, we increase the Sparse-Dense
threshold to 107, rerun the experiment, and observe a reduction in
both latency and cost.

Figure 16 evaluates the impact of the Trimode vector format. As
shown in Figure 16a, the number of activated vertices in BFS fluctu-
ates across iterations. Over 17 iterations, the algorithm utilizes the
Dense format in 3 iterations, the Sparse format in 1 iteration, and
the Super Sparse format in the remaining iterations, demonstrat-
ing the need of combining these formats. Figure 16b presents the
compute time of tw-BFS when employing the Trimode approach
compared to using a single format exclusively. While the commu-
nication volume is higher than that of the Super Sparse and Sparse
modes, the Trimode configuration achieves superior performance
by leveraging AVX instruction optimizations enabled by the Dense
format. However, using only the Dense format increases communi-
cation overhead, leading to performance degradation. Therefore, a
mixed-mode approach is necessary to achieve optimal performance.

8.3.3 Graph Partitioning. In this subsection, we evaluate the per-
formance of 1D, 2D-Cyclic, 2D-Staggered and our 2D-Balanced par-
tition methods, covering the majority of chunk-based algorithms to
the best of our knowledge. We implement all methods on FaaSBoard.
We implement 1D partitioning by applying virtual cuts. Specifically,
after determining the cut positions along the rows, we apply the
same cuts to the columns at identical positions, and ensure that
all generated matrices within the same row are assigned to the
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Table 2: Comparison of graph partitioning on different
graphs when running PR in terms of compute time (s).

Graph-App | 1D  2D-Cyclic 2D-Staggered 2D-Balanced
tw-PR 45.6 OOM OOM 43.1
fr-PR 66.0 60.3 63.3 58.4
rm-PR 224 OOM OOM 66.7
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same function. This approach allows 1D partitioning to align with
the broadcast-compute-reduce execution model described in Figure
2b. We use PR as our sample graph application following previous
research [59].

Table 2 presents the compute time under different partition meth-
ods, with our 2D-Balanced partitioning proving to be the most
effective. When comparing 1D and 2D-Balanced partitioning, the
performance gap widens as the graph size increases. This is be-
cause larger graphs are divided into more partitions, leading to
increased communication overhead in the 1D method. To validate
this, we conduct a microbenchmark on tw-PR, where we split the
graph into varying #partitions. Figure 17 presents the compute
time and total communication volume. As the graph is split into
more partitions—either because a single function cannot handle a
large subgraph or to leverage additional computational resources
for better performance—the 2D-Balanced partitioning consistently
outperforms 1D methods and successfully maintains scalability.
This advantage stems from the lower communication volume when
using more partitions.

When comparing the 2D methods in Table 2, both 2D-Cyclic
and 2D-Staggered fail to balance the workload, leading to out-
of-memory (OOM) in tw and rm due to one function holding a
significantly larger subgraph. To assess the impact on execution,
we migrate FaaSBoard back to a local server (a single m4.10xlarge
instance). In this setup, each process is responsible for a subgraph,
and we restrict the number of available cores for each process
to two. Proxy remains on the AWS Fargate. The only difference
is that the memory limitation is removed. Figure 18 illustrates
the compute time and balance ratio (i.e., the maximum #edges in
a subgraph divided by the average #edges across all subgraphs)
for tw and rm. The results demonstrate that 2D-Balanced is the
most efficient method, as it achieves better load balancing across
partitions. In summary, our experiments highlight the effectiveness
of 2D-Balanced partitioning in execution and its ability to handle
large graphs using small functions.
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Finally, we evaluate the runtime across different partitioning
methods using tw as an example. All algorithms are executed on a
single m4.10xlarge instance. The 1D, 2D-Cyclic, and 2D-Staggered
methods complete in under 1s due to their significantly lower com-
plexity. In contrast, 2D-Balanced takes 38.8s to finish. However, we
consider it acceptable as the partitioning algorithm runs only once
and remains negligible compared to other essential preprocessing
steps, such as building the CSR (408s), constructing and saving the
partitioned CSR (31.4s), and packing and submitting the image to
the repository (650s). Additionally, our optimizations of parallel
and approximate binary search accelerates the narrowing of the
decision boundary, significantly reducing algorithm runtime. For
instance, the unoptimized algorithm requires 31 iterations and takes
263s to complete. Introducing parallelism reduces the runtime to
125s with 9 iterations, while further incorporating approximation
cuts the runtime to 38.8s with only 2 iterations.

8.3.4 Terminate-and-Respawn. In this subsection, we evaluate the
compute time overhead and cost savings of our mechanism com-
pared to disabling it, using tw as the example graph dataset. Figure
19a shows that with default graph partitioning and the most bal-
anced subgraphs, our mechanism achieves 4.0%-13.9% cost savings
at the cost of 0.7%-7.2% execution overhead. This indicates that idle
resources still exist with our load-balanced partitioning, and the
Terminate-and-Respawn mechanism serves as a backup to further
optimize resource and reduce costs. In Figure 19b, where we set
the ratio from Section 6.1 to 2, cost savings increase significantly
because of more unbalanced workload, while the compute overhead
is negligible in comparison.

8.4 Trace Analysis

In this section, we evaluate our performance using a 2-hour trace
from FaaSGraph [35] on peak hour. We select tw-BFS as our example
graph workload. Since the graph size for tw is approximately 100X
larger than the dataset analyzed in FaaSGraph, we scale down the
original trace by a factor of 100 to ensure the experiment fits within
our budget.

Figure 20a shows the compute time distribution over 2 hours.
We observe a surge in compute time around 12:00, caused by the
extended time to scale up a Proxy in Fargate, which takes approxi-
mately 43 seconds. Before query spike arrives, following the scaling
policy in FaaSGraph [35], queries tend to queue to avoid the high
proxy scaling overhead. However, when too many queries accu-
mulate, a Proxy is finally scaled, resulting in even further delays
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Figure 20: Compute time distribution under real-world work-
load. The number of Proxy is scaled from 1 to 2, with the
exact time of scaling marked by a red star.

as the FaaSBoard system response slowly in handling the surging
workload.

Compared to Fargate’s container scaling time, we measure the
time required to spawn a Proxy container on our local server to be
approximately 1 second. To simulate a lower container initialization
overhead in Fargate, we conduct an experiment where all proxies
are kept alive but become available to the query scheduler after 1
second. The performance is shown in Figure 20b. We observe that
FaaSBoard maintains steady performance even under fluctuating
workloads. Notably, the second Proxy is scaled up more proactively
due to its low overhead, and it is quickly deployed to handle graph
processing queries. This highlights the importance of optimizing
the initialization time of serverless container services on the cloud,
in addition to function services, which can be addressed via many
approaches such as checkpointing [4, 15, 25, 50] and container
caching [8, 31, 55].

9 Conclusion

We present FaaSBoard, a graph processing system on serverless
cloud services which adopts a disaggregated architectural design,
integrating an autonomous-elastic computing mechanism with a
multi-tier data system to optimize both resource and overall execu-
tion efficiency. By addressing the limitations of monolithic function
architectures in exploiting intra-job elasticity and reducing com-
munication overhead, FaaSBoard effectively overcomes the perfor-
mance and cost inefficiencies prevalent in existing serverless graph
processing systems. Experimental results show that FaaSBoard
significantly outperforms FaaSGraph in terms of both compute
performance and monetary cost.
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