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Leveraging Graph Analysis to Pinpoint Root Causes
of Scalability Issues for Parallel Applications

Yuyang Jin , Haojie Wang , Xiongchao Tang, Zhenhua Guo, Yaqian Zhao, Torsten Hoefler , Tao Liu ,
Xu Liu, and Jidong Zhai

Abstract—It is challenging to scale parallel applications to mod-
ern supercomputers because of load imbalance, resource con-
tention, and communications between processes. Profiling and
tracing are two main performance analysis approaches for de-
tecting these scalability bottlenecks. Profiling is low-cost but lacks
detailed dependence for identifying root causes. Tracing records
plentiful information but incurs significant overheads. To address
these issues, we present SCALANA, which employs static analysis
techniques to combine the benefits of profiling and tracing - it
enables tracing’s analyzability with overhead similar to profiling.
SCALANA uses static analysis to capture program structures and
data dependence of parallel applications, and leverages lightweight
profiling approaches to record performance data during runtime.
Then a parallel performance graph is generated with both static
and dynamic data. Based on this graph, we design a backtracking
detection approach to automatically pinpoint the root causes of
scaling issues. We evaluate the efficacy and efficiency of SCALANA
using several real applications with up to 704K lines of code and
demonstrate that our approach can effectively pinpoint the root
causes of scaling loss with an average overhead of 5.65% for up to
16,384 processes. By fixing the root causes detected by our tool, it
achieves up to 33.01% performance improvement.

Index Terms—Performance analysis, root-cause detection,
scalability bottleneck, static analysis.
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I. INTRODUCTION

A S CLOCK frequencies have stalled and Dennard scaling
has ended for a decade, the only way to improve computing

power is to increase the number of cores, which has led to that
top-ranked supercomputers [1] contain millions of processor
cores, such as ORNL’s Frontier with 8,730,112 cores, RIKEN’s
Fugaku with 7,630,848 cores, and Sunway TaihuLight with
10,649,600 cores. Due to this rapid growth, developers face
significant difficulties, particularly in terms of scaling paral-
lel applications to large-scale supercomputers. However, many
parallel applications cannot efficiently utilize the computing
resources of modern supercomputers due to poor scalability [2].

Scalability issues are caused by a series of reasons including
load imbalance, lock contention, network congestion, serial exe-
cution, and so on [3], [4]. They are often deeply hidden by control
and data dependence, as well as synchronous and asynchronous
communications, making it difficult to locate the underlying root
causes. Scalability analysis of parallel applications is thus one of
the key aspects of modern performance engineering, especially
with the continuing trend of the number of cores increasing. To
understand the scalability of parallel applications, researchers
have primarily proposed three kinds of approaches:

Profiling records program snapshots at regular clock intervals
and summarizes them as statistical data during runtime with very
low overhead [8], [9], [10]. However, it misses information be-
tween snapshot timestamps, including control/data dependence,
inter-process communications, the execution order of events, as
well as delay paths, which are critical in identifying the root
causes of scaling issues. As a result, profiling-based approaches
can only give a coarse insight into scalability bottlenecks, and
significant human effort is often needed to locate the exact root
causes.

Tracing collects all events and their execution orders as traces,
allowing for pinpointing the root causes of scalability issues
through analyzing delay paths and complex dependence [6],
[11], [12], [13]. However, these approaches suffer from signif-
icant runtime and storage costs of recording trace data, which
are unacceptable at large scales. In Table I, a comparison of
the runtime overhead and storage costs of NPB-CG [5] (NPB-
CG represents the Conjugate Gradient program of NAS Paral-
lel Benchmarks) running on 128 processes using tracing and
profiling techniques is presented (Please note that it is a run
conducted only for the purpose of overhead comparison, and it
does not represent a typical use-case for scalability bottleneck
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TABLE I
QUALITATIVE RUNTIME AND STORAGE OVERHEAD ANALYSIS ON

STATE-OF-THE-ART TOOLS AND SCALANA WITH NPB-CG ON CLASS C
FOR 128 PROCESSES [5]

identification.). Besides, annotation-based tools, such as
Caliper [14] and TinyProf [15], provide flexible APIs, which
allow performance analysts to focus on specific events and
regions, thus reducing the overhead of trace or profile collection.

Modeling can also pinpoint scalability bottlenecks with min-
imal runtime overhead [16], [17], [18]. Despite this, it usually
requires considerable human effort and expert skills to establish
accurate performance models. Additionally, it needs a large
number of runs for complex real-world applications with numer-
ous input parameters, which is extremely expensive. We thus
conclude that pinpointing the root causes of scalability issues
for large-scale parallel applications is still an open research
problem.

In this work, we present SCALANA, which incorporates static
program analysis into dynamic data profiling to automatically
and accurately pinpoint root causes of scalability issues with
low costs. Specifically, SCALANA leverages static analysis to
capture program structures and control/data dependence. Static
information is utilized to guide dynamic profiling and reduce
runtime overhead and storage costs by avoiding redundant or
unnecessary data recording. Then, both static program struc-
tures and dynamic performance data are integrated as a parallel
performance graph (PPG). With this graph, we propose a back-
tracking root cause detection approach to pinpoint the underly-
ing issues in large-scale parallel programs where performance
issues propagate to other parallel units by complex inter-process
communication and inter-thread lock dependence. We evaluate
the efficacy and efficiency of SCALANA with benchmarks and
several case studies of real-world applications. Experimental
results indicate that our tool can pinpoint the underlying root
causes of scalability issues more accurately with lower costs
compared with the state-of-the-art tools HPCToolkit [7] and
Scalasca [6]. Specifically, our approach only introduces 5.65%
runtime overhead on average for evaluated applications on
16,384 processes. Optimizing the identified root causes achieves
up to 33.01% performance improvement. To summarize, our
work has three main contributions:
� We combine static analysis with dynamic profiling, which

significantly reduces runtime and storage costs.
� We design a PPG to represent the computation patterns and

interactions between different parallel units. This graph is
generated with both static program structure and dynamic
performance data.

� Based on the PPG, we propose a novel approach to pin-
pointing the root causes of scalability issues by back-
tracking complex control, data, lock, and communication
dependence.

� We implement the above approaches and develop a perfor-
mance tool, called SCALANA. We evaluate it with several

Fig. 1. The overview of SCALANA.

real-world applications. Experimental results indicate that
SCALANA can automatically and effectively pinpoint the
root causes of scalability issues.

II. DESIGN OVERVIEW

In this section, we first introduce the workflow of SCALANA.
Then we present a motivating example to illustrate the scenar-
ios where SCALANA can locate the underlying root causes of
scalability issues more accurately compared to existing tools.

A. Overview

SCALANA’s main innovation is leveraging static program
structure from source codes or executable binaries, to minimize
dynamic overhead during runtime. We use a program structure
skeleton (PSS) to represent the main patterns of computation
and communication in a parallel application with static analysis.
At runtime, we utilize lightweight sampling-based techniques
to record performance data of computations and dependence
data of communications and locks, then generate a parallel
performance graph (PPG). Another innovation is the use of
graph analysis to automatically locate the root cause of scal-
ability issues by backtracking complex dependence. As shown
in Fig. 1, SCALANA has two main modules: graph generation
and scalability analysis.

Graph Generation: There are two phases involved in the graph
generation module: static analysis and runtime lightweight pro-
filing. Static analysis extracts program structures from source
codes or executable binaries and constructs PSSs. PSS ver-
tices represent code snippets of parallel applications, and PSS
edges represents execution orders. Runtime lightweight pro-
filing collects performance data and dependence at runtime.
PPGs are generated with static PSS and dynamic data and
dependence.
� PSS extraction.2- It takes the source codes or executable

binaries of parallel programs as inputs and generates PSSs
by intra- and inter-procedural analysis.
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Fig. 2. Motivating example with NPB-CG.

� PSS compression. It removes uninformative vertices and
edges, as well as combines tiny vertices as a big vertex,
which can reduce the costs of offline scalability analysis.

� Sampling-based profiling. In this step, we efficiently cap-
ture performance data and communication/lock depen-
dence using sampling-based approaches.

� PPG generation. This step generates PPGs to effectively
represent computation and communication features and the
interplay between them across different parallel units.

Scalability Analysis: The offline scalability analysis module
contains two phases: differential vertex identification and back-
tracking root-cause detection. The differential vertex detection
phase uses PPG’s features to locate scalability issues. The back-
tracking root-cause detection phase then uses graph analysis
techniques to automatically track backward through complex
dependence and pinpoint the root causes of the scalability issues.
� Differential vertex identification: Based on PPG, we lever-

age differential analysis to identify the problematic vertex
among different parallel scales and parallel units.

� Backtracking root-cause detection: This step pinpoints the
underlying root causes of identified differential vertices by
backward tracking through complex dependence.

B. Motivating Example

A motivating example is provided to illustrate how scalability
bottlenecks are deeply hidden and why SCALANA can detect
the underlying root causes of scalability issues. Fig. 2(a) shows
the body of NPB-CG program’s main loop, which implements
global synchronizations with three point-to-point (P2P) commu-
nications. Fig. 2(b) shows the communication pattern of NPB-
CG on 8 processes. Each column represents the execution flow of
a process, and each row represents the same P2P communication
call of different processes. The edges between different columns
stand for inter-process communications. A delay is manually
injected in the first P2P communication of process 4, leading to
the waiting events in the first P2P communication of processes
5 and 6. This delay further propagates to the following P2P
communications of other processes, which leads to a number
of performance issues, and finally causes poor scalability (The
execution time of NPB-CG with the same problem size on
1,024 processes and 2,048 processes are 49.4 and 49.5 seconds
on the Tianhe-2 system, respectively). The profiling-based tool
HPCToolkit [7] requires significant human effort to pinpoint
the root causes of the scalability issue hidden by complex data,

control, and inter-process communication dependence. And the
tracing-based tool Scalasca [6] records over 250 GB of trace
logs.

In SCALANA, we establish a PPG combining static and dy-
namic analysis to capture intra-process execution orders and
inter-process communications. Our detection algorithm first de-
tects differential vertices in PPG, then the backtracking algo-
rithm detects the dependence paths between these differential
vertices and pinpoints the underlying root causes in order of
severity. To summarize, SCALANA is a performance tool for
guiding developers to identify the root causes of scalability
issues. It takes source codes or executable binaries of parallel
applications as inputs, pinpoints the underlying root causes of
scalability issues, and reports related information of root causes,
including lines of source code and important performance metric
counts, for guiding targeted optimizations.

III. GRAPH GENERATION

This section outlines our detailed approach to automatically
constructing a comprehensive performance representation of
a given parallel program, which accurately captures its main
computational and communication features. Inspired by many
previous works [19], [20], we utilize a graph structure as the
representation, where vertices represent computations and pro-
gram structures, and edges stand for the communications among
different processes. The primary component of graph generation
is a static analysis module, which is complemented by the
runtime lightweight profiling module to process information
related to the input.

A. Static Analysis

The purpose of the static analysis module is to extract a
program structure skeleton (PSS) that serves as a parallel ap-
plication’s sketch. PSS contains vertices representing the main
computation components, communication operations, and pro-
gram structures, while edges describe the order of execution
according to the control and data flow. PSS vertices are classified
into several types, containing Function, Call, Loop, Branch,
MPI, as well as CompIns, where CompIns refers to a set of
continuous computational instructions and the others represent
basic program structures. The main reason for the type clas-
sification is that these types of vertices propagate performance
issues in different ways, classifying them could make it easier to
backtrack and identify scalability bottlenecks during the offline
analysis.

The static PSS extraction involves three primary phases:
intra-procedural analysis, inter-procedural analysis, and PSS
compression. The intra-procedural analysis first extracts func-
tion structure skeleton (FSS) for each function, and the inter-
procedural analysis combines FSSs as an overall PSS for the
entire program. Finally, PSS compression concises the PSS to
reduce the cost of subsequent scalability analysis.

1) Intra-Procedural Analysis: In this phase, an FSS is ex-
tracted for each function. To form this skeleton, the control-flow
graph of each function is traversed, and branches, loops, and calls
are extracted as PSS vertices, control and data flow are identified
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Algorithm 1: Intra-Procedural Analysis Algorithm.

as edges between these vertices. Algorithm 1 shows the detailed
intra-procedural analysis algorithm. The vertices of control-flow
graphs are basic blocks, consisting of several instructions, where
jump instructions determine program structures, such as loops
and branches. First, the control-flow graph is traversed from the
first basic block. For basic blocks with branch structures, we add
Branch vertices and related edges into FSS and then traverse all
successors of branches. For basic blocks with loop structures,
Loop vertices and related edges are added into FSS, then we
traverse the loop bodies. For other basic blocks, we identify
MPI, Call, Indirect Call, and CompIns vertices and add them
and related edges into FSS.

2) Inter-Procedural Analysis: During the inter-procedural
analysis, we merge all FSSs into an overall PSS using the
function call relationships obtained from the program’s call
graph. As shown in Algorithm 2, the inter-procedural analysis
algorithm takes FSSs of all functions and a call graph as inputs,
and outputs the overall PSS. Starting from the main function’s
FSS, it traverses all Call vertices. For Call vertices whose callee
functions are user-defined functions, we replace the Call vertices
with the callee functions’ FSSs, and recursively traverse the
callee FSSs. We also check whether callee functions’ FSSs have
been analyzed to avoid duplicate analysis for recursive calls. For
Indirect Call vertices, their callee functions are unknown at the

Algorithm 2: Inter-Procedural Analysis Algorithm.

static phase, and runtime call stack data are further utilized to
obtain their function call relationships and to complete the PSS.

3) PSS Compression: The generated PSSs from the previous
two steps are usually too large to be practically applied to
real-world applications, because these applications normally
require a large number of control structures to represent complex
algorithms or process various corner cases, and the above steps
extract all program structures and create corresponding PSS
vertices. We notice that some vertices with a workload can
be disregarded because recording performance data for them
creates more overhead than benefits. To solve this issue, we
apply PSS compression to decrease the PSS size.

The compression rules have a great impact on the graph
granularity, as well as the characterization of computation and
communication components. We compress PSSs based on four
rules: (1) MPI vertices. All MPI invocations and related control
structures are preserved since communication operations are
typically the primary scalability bottlenecks as parallel programs
scale up. (2) Loop vertices. We preserve the loop iterations
because they dominate the computational performance. A user-
defined parameter, MaxLoopDepth, is provided to restrict the
depth of nested loops and keep the compactness of PSSs. (3)
CompIns vertices. Consecutive vertices are merged into one
vertex to reduce PSS size and subsequent offline analysis over-
head. (4) Other vertices. For the other vertices, including Call
and Branch, if they are not related to the preserved vertices, we
temporarily remove them from PSSs. Their runtime performance
behavior (hotspot or not) will ultimately determine whether they
are preserved or removed.

We take a simple MPI program as an example to further illus-
trate the process of intra-procedural analysis, inter-procedural
analysis, and PSS compression. Fig. 3 gives the code of the
MPI program example, which consists of two functions, main
and foo. As shown in Fig. 4(a), the intra-procedural analysis
generates two FSSs for the functionmain andfoo, respectively.
After the inter-procedural analysis, the generated final PSS of
the entire program is shown in Fig. 4(b). As MaxLoopDepth
is set to 1, the continuous Loop1.1 and Loop1.2 are merged.
Fig. 4(c) shows the compressed PSS.

4) Supporting Binary Analysis: In many production environ-
ments or under conditions of confidentiality, the source codes of
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Fig. 3. An MPI program example.

Fig. 4. Illustration of PSS generation.

parallel programs are often not available. Therefore, SCALANA

also supports the aforementioned static analysis with executable
binaries as inputs. Compared to the source codes or intermediate
representations, binaries are more fine-grained, yet some infor-
mation for structure analysis is missed. For example, loops and
branches in the source codes are lowered into multiple jump
instructions in the binaries. We utilize the state-of-the-art binary
analysis tool Dyninst [21] to extract control-flow graphs and call
graphs for the intra-procedural and inter-procedural analysis.
However, it is expensive for both static analysis cost and storage
cost: 1) fine-grained instruction analysis is time-consuming,
incurring significant static analysis overhead, and 2) more struc-
tures are extracted and take up more storage space. To address
these issues, we propose the following two approaches:

Parallel Intra-Procedural Analysis: Due to the granularity
differences between source codes and binaries, even with the
advanced tool Dyninst, the static analysis overhead of binaries
remains significantly higher than that of source code analysis.
This is especially true for large-scale real-world applications,
which often contain numerous functions and complex structures,
making the analysis overhead unacceptable. Therefore, we em-
ploy parallel analysis to accelerate the most time-consuming
intra-procedural analysis, with each parallel unit extracting a
portion of the functions’ FSS. One issue here is that the com-
plexity of functions in parallel programs varies, and directly as-
signing functions to different parallel units leads to imbalanced
workloads. We observe a positive correlation between the size
of a function’s address space and the complexity of its structure.
Therefore, we propose an address space-based load balancing
approach, following these steps: 1) First, divide functions into
different buckets based on the magnitude of their address space

(no sorting within each bucket); 2) Then, evenly distribute the
functions of each bucket across the parallel units. With this
approach, the intra-procedural analysis performs efficiently in
parallel.

PSS Granularity Coarsening: The most significant difference
between the program structures of binaries and source codes
is that loops or branches are converted into a large number of
jump instructions. Based on Dyninst, it is possible to extract
some loops from these jump instructions, whereas branches
cannot, especially when a branch condition contains multiple
expressions connected by “or” and “and” operators, the branch
is split into multiple conditional jumps. If we add a Branch
vertex for each conditional jump, it significantly increases the
PSS size, which on one hand imposes significant storage cost and
on the other hand, increases the complexity of offline scalability
analysis. We propose an approach to extract branches and merge
multiple conditional jumps into a single branch using debugging
information provided in the binaries. Specifically, if the line
numbers of conditional jumps in continuous basic blocks are
the same, we merge these jump structures into a Branch
vertex. This approach is simple but can effectively coarsen the
granularity of extracted structures and reduce the PSS size.

B. Runtime Lightweight Profiling

In SCALANA, the static data guide dynamic analysis by avoid-
ing unnecessary and redundant performance data collection,
allowing the collection of runtime data with very low overhead.
Meanwhile, dynamic data can fill in the missed data at the
static phase, such as input-dependent information, completing
the overall PSS and making it sufficient for offline scalability
analysis. Specifically, the runtime lightweight profiling module
contains performance metric sampling, indirect call analysis,
and inter-process communication data collection. The perfor-
mance metric sampling collects runtime performance data and
associates them with corresponding PSS vertices, and the in-
direct call analysis captures dynamic call relationships to refine
PSS structures. The inter-process communication data collection
captures communication patterns to connect per-process PSS
and generate a PPG with parallel characteristics.

1) Performance Metric Sampling: SCALANA uses sampling
techniques [9] to achieve low overhead collection of program
performance metric data and then efficiently associates the per-
formance data to the corresponding PSS vertices. Each vertex
in PSS is associated with essential hardware performance met-
rics, including executed clock cycles, branch prediction success
rate, cache miss rate, the number of executed instructions, etc.
The main advantage of our approach is collecting fine-grained
performance data with low sampling overhead. It is because in
SCALANA, the granularity of the performance data depends on
the PSS granularity, which is greatly determined by the compres-
sion rules in Section III-A3. Note that even though some vertices
are merged as one vertex during PSS compression, we record
aggregated performance data while retaining performance data
for each sampled address associated with this vertex to pre-
serve the ability to identify scalability bottlenecks at the code
level.
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Fig. 5. Illustration for the lightweight indirect call analysis.

The PAPI tool [22] is used to implement the sampling
technique. We interrupt each process of parallel programs at
fixed intervals of performance events and capture snapshots
of each process, including hardware performance monitoring
unit (PMU) data and call stack information. Finally, each piece
of performance data is associated with the corresponding PSS
vertex according to the call stack.

2) Indirect Call Analysis: Real-world applications involve
numerous indirect calls, such as function pointers, primarily
utilized to process input-dependent cases. However, indirect
calls pose a challenge for static analysis in obtaining function call
relationships. To address this issue, we gather call relationships
for indirect calls at runtime and incorporate them into PSSs.
A common indirect call analysis approach is instrumentation,
which inserts recording codes before and after the indirect call
instruction, as well as at the entry of each function. However,
instrumentation usually records full traces and introduces sig-
nificant overheads.

In SCALANA, we achieve lightweight indirect call analysis
by analyzing static program address spaces and runtime call
stacks, which are obtained through the performance metric
sampling (Section III-B1). Call stacks implicitly contain the
relationships between indirect calls and callee functions. Specif-
ically, the instruction address above an indirect call address
in a call stack must be within the address space of the callee
function of the indirect call. Fig. 5 shows an example code with
the address space of each function, as well as the address of the
indirect call instruction. The sampled call stack in Fig. 5 contains
the address of the indirect call in function main (0x4007ec).
And the instruction address (0x40082f) above the address
of the indirect call falls within the function foo’s address
space (0x40082f ∈ [0x4007f5, 0x400848]). Therefore,
the callee of indirect call in function main is the function
foo. This approach enables SCALANA to capture the function
call relationship of indirect calls with minimal overhead. Once
the call relationship is obtained, the PSS is further refined by
inter-procedural analysis (Section III-A2).

3) Inter-Process Communication Collection: The static
analysis module extracts the intra-process control and data
dependence. To create a PPG, inter-process communication
dependence is further needed to reveal the interactions between
processes, which are the most significant differences between

parallel and serial programs. This module collects the commu-
nication dependence and specialized performance data for MPI
vertices during runtime, including communication pattern and
message size. Traditional approaches trace parallel programs
and record complete communication event traces, which incurs
significant runtime and storage overhead. To address this is-
sue, SCALANA utilizes two techniques, random sampling-based
instrumentation and structure-guided communication data com-
pression.

Random Sampling-Based Instrumentation: Instrumentation
techniques repetitively execute inserted codes before and af-
ter events at runtime. Full instrumentation records trace logs
every time the inserted codes are executed, resulting in huge
overhead. To reduce the overhead, some approaches only record
trace logs at the first few executions, which is insufficient as
they miss programs’ dynamic behaviors. To strike a balance
between overhead and dynamic behavior capture, we employ a
random sampling-based instrumentation technique. Each time
before the inserted code is executed, a random number is first
generated, and if it falls within a certain interval, the inserted
code is executed and communication data are recorded. Oth-
erwise, the original program continues without executing the
inserted code. This approach records communication patterns as
comprehensively as possible while reducing runtime overhead.
Since the main body of most HPC applications is iterative
operations, the computation and communication operations that
dominate performance or may become scalability bottlenecks
will be executed repeatedly. In this iterative mode, the random
sampling-based instrumentation technique will not miss the
critical information of components that appear repeatedly and
dominate performance.

Structure-Guided Communication Data Compression: The
executions of parallel programs, especially for real-world par-
allel applications, contain a large number of communication
operations. Most communication operations are conducted by
the repeated execution of the same communication function
calls in loop iterations, showing great similarity. Thus, recording
full data for all communication operations would introduce
redundancy. This technique avoids redundant communication
data logging by leveraging the program structures from PSS.
It works by recording the communication data only once for
communication operations that meet both of the following two
conditions: (1) They correspond to the same MPI vertices in PSS,
which means they are conducted by the same communication
function calls and have the same calling contexts. (2) Static
data dependence analysis indicates that their communication
parameters are not repeatedly modified between iterations. This
technique reduces storage costs while preserving programs’
communication behaviors.

In SCALANA, the PMPI wrapper is utilized to acquire com-
munication data efficiently. PMPI employs dynamic instrumen-
tation techniques and does not require any modification of
programs’ source code. Different methods are used to gather
communication dependence depending on the type of commu-
nication operations. We classify communication operations into
three types: blocking point-to-point (P2P) communication, non-
blocking P2P communication, and collective communication.
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Fig. 6. An example PPG executing on 8 processes.

(1) Blocking P2P communication. Message type, message size,
tag, source process, and target process are recorded. For MPI
programs, these data can be extracted directly from the input
parameters datatype, count, tag, source, and dest of the instru-
mented MPI functions. (2) Non-blocking P2P communication.
The information to be collected is the same as that for blocking
P2P communication, but some of the information cannot be
obtained until the check function (e.g., MPI_Wait function
in MPI programs) is invoked. The source process and tag can
also be obtained from the status parameter provided in the
MPI_Wait function. (3) Collective communication. Message
type, message size, tag, and communicator are collected, where
the communicator refers to the set of processes involved in
this communication operation. For MPI programs, the com-
municator can be obtained through MPI_Comm_get_info.
This method can also extended to persistent communication
under iterative algorithms by hooking related functions like
MPI_Send_Init and MPI_Start.

C. Parallel Performance Graph Generation

The static analysis module and runtime lightweight profil-
ing module prepare sufficient data for building a PPG, which
represents the performance behaviors of a parallel program. As
parallel programs use the Single Program Multiple Data (SPMD)
programming model, each process shares the same source code,
which means each process has the same PSS. Thus, we first
duplicate PSS for each process. Then, per-process PSSs are
connected with inter-process communication dependence edges.
For P2P communications, we add communication dependence
edges between corresponding MPI vertices of the sending and re-
ceiving processes. For collective communications, MPI vertices
of all related processes in a communicator are connected with
communication dependence edges. The communication data,
including tags, execution time, and waiting time, are associated
with communication dependence edges. Fig. 6 gives an example
PSS and its PPG on 8 processes.

The overall PPG encompasses the control and data depen-
dence within each process, as well as the communication depen-
dencies between different processes. Furthermore, essential per-
formance data are provided as attributes for each vertex, which
are utilized for identifying potential scalability bottlenecks. The
performance of a particular vertex in the PPG can be impacted by
its computation or memory access patterns, as well as by other
vertices’ performance behaviors, because performance issues

Fig. 7. Examples for two types of differential vertices.

propagate to other processes and vertices through intra-process
control and data dependence within processes, and inter-process
communication dependence. The following section outlines our
approach for pinpointing the root causes of scalability issues for
this scenario.

IV. SCALABILITY ANALYSIS

With the acquired PPG, we demonstrate our method for
identifying scalability bottlenecks effectively and automatically.
Specifically, we first identify differential vertices based on their
context-aware location and inter-process behavior, and then
backtrack to pinpoint scalability bottlenecks, as well as analyze
their severity. The first step aims to detect vertices that exhibit
poor scalability and imbalanced behavior. The second step pre-
cisely identifies the underlying cause of scalability issues.

A. Differential Vertex Identification

From a given program, we have generated its PPG, which
is one of our major advantages. The inter-process communi-
cation dependence may vary with different process counts, but
the PSS of each process remains unchanged regardless of the
problem size or job scale. Based on this observation, we utilize
a differential analysis method to identify vertex with imbalanced
behaviors or relatively poor scalability. Our approach involves
comparing the performance data of vertices in the PPG that
correspond to the same vertex in the PSS across different job
scales (unscalable vertex identification) and different processes
for a given job scale (imbalanced vertex identification).

1) Unscalable Vertex Identification: The main idea is to iden-
tify the PSS vertices that exhibit an unusual slope in execution
time or other hardware performance metrics compared to other
vertices as the process count scales up. For example, Fig. 7(a)
illustrates the change trends in execution time for different PSS
vertices as the process count scales up. The vertex represented
by the red line does not display the same decreasing trend in
execution time compared to the other vertices. Scaling issues
arise when these vertices consume a substantial proportion of
the total execution time.

Detecting unscalable vertices poses the challenge of merging
performance data from numerous processes. The straightfor-
ward approach involves directly taking the performance data of
a specific process as overall data, but this method may overlook
important information about other processes. Alternatively, one
can utilize the average, mean, or median performance values
of all processes and consider the performance variance across
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different processes to represent workload distribution. Another
approach involves partitioning all processes into distinct groups
using clustering algorithms and then aggregating the data for
each group. Based on statistical methods of average, mean,
and median, we fit the merged performance data from different
numbers of processes using a log-log model [23], respectively.
We identify potential unscalable vertices by ranking all vertices
according to the slope rate as the process or problem scales
change based on the fitting results for each statistical method.

2) Imbalanced Vertex Identification: We also analyze the
performance data of the same vertex across different processes
to detect vertices with significant differences in execution time,
potentially indicating imbalanced vertices. In typical Single
Program Multi-Data (SPMD) programs, the workload of the
same vertex is usually consistent across processes. If a vertex
shows noticeably different execution times, it may be flagged
as a potentially imbalanced vertex. Imbalanced vertices can
be caused by a series of reasons, even without considering
performance variance [24]. For example, load balancing issues
can lead to imbalanced vertices in certain processes, and commu-
nication vertices with excessive synchronization overhead can
also be identified as imbalanced vertices. Fig. 7(b) illustrates the
execution times of vertices across all processes in a 16-process
PPG that correspond to the same PSS vertex. Among these
processes, processes 4 and 6 exhibit longer execution times com-
pared to other processes, indicating the presence of imbalanced
vertices. Our tool allows users to define a threshold (ImbThd) to
differentiate between imbalanced and balanced vertices across
different processes. For instance, setting ImbThd as 2 implies
that vertices exceeding twice the average execution time are
considered imbalanced vertices.

B. Backtracking Root Cause Detection

To pinpoint the root causes of the scalability issue, it is cru-
cial to establish connections between the identified differential
vertices and determine the causal relationship among them. In
SCALANA, we propose a novel approach based on graph analysis,
called backtracking root cause detection, which automatically
identifies the underlying root causes.

As PPG abstracts dependence that propagates performance
issues as edges, we locate the root causes by traversing backward
through PPG edges. Algorithm 3 presents the pseudo-code of
the backtracking root cause algorithm. The algorithm mainly
has two steps, which are causal path backtracking and root-cause
detection. (1) Causal path backtracking. It starts from the unscal-
able vertices identified in the previous step and then traces back
through data/control dependence edges within a process and
communication dependence edges across different processes
until reaching the root vertices or synchronization vertices, such
as blocking communications. During the backtracking process,
if unvisited Loop or Branch vertices have not been visited, the
algorithm only traverses the control dependence edges and not
the data dependence edges. For instance, when a Loop vertex
is not visited, the traversal continues from the end vertex of the
loop. It is worth noting that complex parallel programs typically
contain a large number of dependence edges. Therefore, the

Algorithm 3: Backtracking Root Cause Algorithm.

search cost would be prohibitively high without optimization.
In fact, it is unnecessary to traverse all paths to identify the root
causes. In SCALANA, we selectively retain the communication
dependence edge only if a waiting event exists, while pruning
other communication dependence edges. This approach offers
the advantage of reducing both the search space and false pos-
itives. Ultimately, we obtain several causal paths that connect
identified differential vertices. (2) Root-cause detection. We
locate the vertices that are at causal path intersections as potential
root causes. More paths passing through a vertex indicates more
propagation of the performance issue from this vertex, thus the
density of path intersections at a certain differential vertex is
used to determine the root-cause severity, which is referred to
for users to decide optimization targets.

Complexity Analysis: We give a computational complexity
analysis on the backtracking root cause algorithm to calculate its
cost. In Main function, the loops iterate through the unscalable
vertex and imbalanced vertex sets, and call a function. The
complexity of Main function is:

T = O((|U |+ |I|) · TP + TR)

where |U | and |I| are the number of unscalable vertices in
U and imbalanced vertices in I, respectively, TP and TR

are the time complexity of CausalPathBacktracking
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Fig. 8. Differential vertices and backtracking root cause detection on PPG.
Yellow, blue, and green arrows all represent backtracking paths and some of
them are overlapping.

and RootCauseDetection for each vertex, respectively. In
CausalPathBacktracking function, the while loop runs
until a specific condition is met. In the worst case, it could
traverse all vertices related to the causal path (Note that the
path traversed is from bottom to up, whose length is mostly
related to PSS size). The time complexity in the worst cases
could approximate:

TP = O(|V |)
where |V | is the PSS size. RootCauseDetection function
iterates over all paths in P and processes each vertex per path,
thus the time complexity is:

TR = O(|P | · |V |)
where |P | is the number of identified causal paths. In total, the
time complexity of the backtracking algorithm is:

T = O((|U |+ |I|+ |P |) · |V |)
|U | is the number of unscalable vertices related to the PSS

size, |I| is the number of imbalanced vertices influenced by
both the PSS size and the number of processes, and |P | is the
number of identified paths primarily associated with the number
of processes. Therefore, the cost of the backtracking algorithm is
more dependent on the PSS size than on the number of processes,
which is the reason why we perform PSS compression to reduce
its size (Section III-A3).

Example Case: We take an example in Fig. 8 to further
show how to pinpoint scalability bottlenecks. Firstly, we detect
the differential vertices, including unscalable and imbalanced
vertices, which are filled with red color in the PPG. Then we
start from the differential vertex a in the lower-left corner, and
track through a communication dependence edge to vertex b
in process 2. Then we backtrack through the data dependence
edge to vertex c in process 2. We repeat the above steps and
finally identify a path with the red color lines connecting all the
differential vertices in the processes of 0, 2, and 4. With a similar
approach, we backtrack from the other two differential vertices,
and then two extra paths are identified in Figure 8, shown as
blue and green respectively. With these identified paths, we can
connect different differential vertices including MPI invocations
and computation components together, and identify the root
cause of scalability issues. Finally, vertex d is identified as the
potential root cause, since most causal paths pass through it.

Fig. 9. GUI of SCALANA.

V. IMPLEMENTATION AND USAGE

A. Implementation

The static analysis module of SCALANA extracts program
structures from source codes or binaries. For the CPU programs,
we capture their structures based on LLVM [25] from source
codes and based on Dyninst(v12.3.0) [21] from binaries. For
the GPU programs, we use nvdisasm to analyze the structures
from the basic block control flow of the cubin file. The runtime
profiling module collects performance data. For CPU programs,
PAPI [22] is used for sampling performance metrics, and li-
bunwind(v1.6.1) is used to obtain the corresponding call stack
for each sampled snapshot. For GPU programs, we leverage the
CUPTI’s PC sampling module to record instruction-level perfor-
mance data, which can be associated with source code through
instruction addresses dumped by nvdisasm. In the current
version, SCALANA supports C/C++/Fortran programming lan-
guages and MPI/OpenMP/Pthreads/CUDA parallel program-
ming models.

B. Usage

Usage Flows: For end-users, the usage of SCALANA consists
five main steps: (1) Set up the configuration file, including
binary name, execution command,MaxLoopDepth,ImbThd,
etc. (2) Compile programs with ScalAna-static.so to
extract program structures, or use ScalAna-static to an-
alyze executable binaries of parallel applications and generate
PSSs. (3) Execute the applications with ScalAna-prof on
different process or problem scales and profile runtime perfor-
mance data. (4) Use ScalAna-analyzer to combine static
data and runtime data to build PPG, and identify scalability
bottlenecks. (5) Use ScalAna-viewer, which is a GUI pro-
vided by SCALANA, to display the code snippets and severity
corresponding to the identified root causes of scaling issues.
Fig. 9 is a screenshot of the GUI for SCALANA, which shows
the location of identified bottlenecks. In the upper window, root
cause vertices are listed along with their calling contexts, sorted
by severity. Double-clicking a vertex in the upper window will
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provide detailed performance data for each vertex (e.g., Fig. 16).
The lower window displays code snippets corresponding to these
vertices. Users can further analyze the detailed performance data
and source codes to find out the causes of poor performance for
scalability bottlenecks.

Configurations: We give some guidance on setting
SCALANA’s configurable parameters.

(1) MaxLoopDepth. We recommend setting this parameter
to 10-20 to ensure the completeness of collected program struc-
tures for most applications and to avoid the explosion of PSS’s
Loop vertex count in special cases, where the depths of nested
loops in specific programs are extremely large.

(2) Sampling frequency. The sampling frequency is a key
parameter that affects the accuracy of collected performance and
runtime overhead. In SCALANA, dependence is more important
for backtracking root causes rather than the performance data
of computation components. Therefore, we recommend setting
the sampling frequency to 200 Hz, which can maintain a low
runtime overhead while guaranteeing an acceptable accuracy in
performance data collection.

(3) ImbThd. This parameter is used to determine the im-
balance degree of the vertices marked as imbalanced during the
offline analysis period. Based on our experience, we recommend
setting ImbThd to 1.3 initially, adjusting ImbThd based on the
analysis results, and re-run offline analysis. If too many root
causes are identified, increase theImbThd value, and vice versa.

VI. EVALUATION

A. Experimental Setup

Experimental Platforms: Three cluster testbeds are used for
our experiments: (1) Gorgon, an eight-node CPU cluster, each
node is equipped with dual Intel Xeon E5-2670(v3) processors
and 100Gbps EDR Infiniband. (2) Ja, a four-node CPU+GPU
cluster, each node is equipped with dual AMD EPYC 7742 64-
core processors, an NVIDIA Tesla V100, and 100Gbps 2xEDR
Infiniband. (3) Shanhe supercomputer, each node consists of
dual Intel Xeon E5-2692(v2) processors. Tianhe-2 is intercon-
nected through a high-performance high-speed network.

Evaluated Programs: We evaluated the effectiveness of
SCALANA using a variety of CPU version and GPU version
parallel programs, containing BT, CG, SP, EP, FT, MG, LU,
and IS, from NPB benchmark suite(v3.4.2) [5], Sweep3D [26],
HPL-GPU [27], HPCG-GPU [28], as well as several real-world
applications, ZeusMP [29] and LAMMPS [30]. For NPB pro-
grams, we utilize problem size CLASS C on Gorgon, and
CLASS E on Shanhe supercomputer.

Methodology: First, we analyze the features of the gener-
ated PSS and PPG for each evaluated program. Subsequently,
we evaluate SCALANA’s overhead, considering the static bi-
nary analysis overhead, runtime overhead, storage cost, and
offline detection cost. Furthermore, we demonstrate the process
of scalability bottleneck identification using SCALANA with
five case studies of real applications, including ZeusMP [29],
LAMMPS [30], and Sweep3D [26], to showcase how our ap-
proach outstands from existing tools. To mitigate performance
variance, we execute each experiment three times and calculate

the average results for each process scale. We empirically set
MaxLoopDepth to 10 and ImbThd to 1.3 for all experiments.

Besides, SCALANA is compared with two state-of-the-art per-
formance analysis tools: HPCToolkit [7] and Scalasca [6]. To
ensure a fair comparison, we provide the detailed configuration
of these tools as follows: (1) Scalasca(v2.6) is a tracing-based
tool and it supports using Score-P(v7.1) [31] for data collection.
We initially utilize its profiling module to determine specific
locations where detailed tracing is required. Then we gradually
increase the process count and instrumentation complexity from
small-scale runs until scalability bottlenecks are pinpointed.
This iterative method allows users to minimize Scalasca’s stor-
age cost. (2) For HPCToolkit(v2023.08.1), a profiling-based
tool, the sampling frequency serves as a crucial parameter affect-
ing runtime overhead. SCALANA maintains the same sampling
frequency (200 Hz) as HPCToolkit for all experiments.

B. Basic Features of PSS and PPG

Table II provides basic features of PSS and PPG, including
code sizes, binary sizes, the number of PSS vertices before and
after compression, and the number of Loop vertices, Branch
vertices, CompIns vertices, and MPI vertices, as well as the
number of PPG vertices and edges. Note that HPL-GPU and
HPCG-GPU binaries are downloaded from the NVIDIA web-
site, and their source codes are not provided, which is marked
as ‘-’ in Table II. We run CPU programs on Gorgon with 128
processes (BT and SP are executed on 121 processes due to
their process count requirements), and GPU programs on Ja
with 8 processes. From the experimental results, we observe
a strong correlation between the total number of vertices and
code/binary size in the majority of cases. Besides, the process of
compression significantly decreases the number of PSS vertices,
averaging a reduction of 36.81%. Additionally, it is worth noting
that Loop, CompIns, and MPI vertices occupy more than 66.08%
of total vertices, indicating that the PSS effectively represents
both computation and communication features of the parallel
programs. For instance, LAMMPS has 704.8 K lines of source
code (binary size is 14.7 MB) and 89,128 vertices. The number
of PSS vertices reduces to 12,113 after compression (reduced
by 86.41%). The compressed PSS includes 3,913 Loop, 1,309
MPI, and 3,728 CompIns vertices, which occupy 73.89% of total
vertices.

C. Overhead Analysis

The overhead analysis of CPU and GPU programs is con-
ducted on Shanhe supercomputer and Ja, respectively. The
comparison experiments with Scalasca and HPCToolkit are
performed on corresponding clusters according to CPU and GPU
programs. All CPU programs are executed on 16,384 processes
(IS is executed on 1,024 processes due to its program limitation),
and GPU programs are executed on 8 processes.

Static Cost: Firstly, as shown in Table III, we evaluate the
cost of static binary analysis. The results show that SCALANA

incurs a negligible cost, ranging from 0.22 to 23.03 seconds,
2.03 on average. We notice that the static cost is strongly related
to the binary size. For instance, the binary size of LAMMPS
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TABLE II
CODE SIZE, BINARY SIZE, AND BASIC FEATURES OF PSS AND PPG FOR EVALUATED PROGRAMS

TABLE III
THE TIME COST OF SCALANA’S STATIC BINARY ANALYSIS

Fig. 10. The runtime overhead of Scalasca [6], HPCToolkit [7], and SCALANA

on 16,384 processes.

is relatively larger (14.7 MB) and its program structures are
more complex. The static binary analysis cost of LAMMPS
is 23.03 seconds, which is much higher than other programs.
Furthermore, the memory cost of static analysis is proportional
to the size of the PSS. For example, each vertex in the PSS
occupies 32B of memory, and the memory cost of ZeusMP’s
static analysis is about 9 MB.

Runtime Overhead: As shown in Fig. 10, SCALANA (gray bar)
has an average runtime overhead of 5.14% on 16,384 processes,
which is significantly lower than that of Scalasca (white bar)
and comparable to HPCToolkit (black bar). In Scalasca, we
configure the trace buffer size (SCOREP_TOTAL_MEMORY) to
be large enough to prevent intermediate trace flushing before
the program terminates. The light grey bar shows the runtime
overhead of SCALANA with I/O. As we only record the com-
pressed PSSs and profiles of each process, the overhead is
5.65% on average (0.51% higher than that without I/O). In
addition, we observe that programs with more complex commu-
nications usually have higher runtime overhead. For instance, in
Sweep3D, processes frequently communicate with neighbors,
and its runtime overhead is 7.71%, which is much higher than
other programs.

Storage Cost: Fig. 11 presents the storage costs of SCALANA,
HPCToolkit, and Scalasca on 16,384 processes as grey, black,

Fig. 11. The storage costs of Scalasca [6], HPCToolkit [7], and SCALANA on
16,384 processes.

and white bars. The average storage cost of CPU programs
incurred by SCALANA is 3.77 GB (104 MB to 9.11 GB).
SCALANA and HPCToolkit only incur storage costs in the order
of Megabytes to Gigabytes, while Scalasca generates Gigabytes
to Terabytes of trace data.

Offline Detection Cost: The cost of backtracking root cause
detection of SCALANA is also evaluated. In Table IV, comparing
with the program’s execution time, the offline detection process
has a minimal impact, which incurs 35.96 and 6.94 seconds on
average for CPU and GPU programs, respectively. We observe
that programs with more scaling issues and more complex
inter-process communication dependence take a longer execu-
tion time for root cause detection. Besides, offline detection’s
memory consumption depends directly on program structures
and the size of the profiling data. For example, it consumes
approximately 6.35 Gigabytes of memory for detection analysis
of LAMMPS’s 16,384-process run.

Scalability: We further evaluate the scalability of SCALANA

using HPL and LAMMPS as parameters change, including the
number of processes, sampling frequency, and ImbThd. (1) The
number of processes. Fig. 12(a) shows the runtime overhead,
storage cost, and offline analysis cost of SCALANA with the
process count in the range of 1,024 to 16,384, respectively. The
runtime overhead is basically maintained at 6% to 8%, while the
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TABLE IV
THE TIME COST OF SCALANA’S OFFLINE ROOT-CAUSE DETECTION ON 16,384 PROCESSES

Fig. 12. The scalability of SCALANA on HPL and LAMMPS as parameter
changes.

storage cost and offline analysis cost show linear upward trends.
(2) Sampling frequency. Fig. 12(b) shows the runtime overhead
and storage cost of SCALANA with the sampling frequency in the
range of 50 to 1,000, indicating superlinear and sublinear trends.
For the application runs of the same scale, performance data sizes
can certainly represent the accuracy of sampling. An excessively
high sampling rate will introduce unacceptable overhead without
bringing more accuracy, which is why we recommend 200 Hz
as the sampling frequency. (3) ImbThd. Fig. 12(c) shows the
offline analysis time of SCALANA with the ImbThd in the range
of 1.1 to 1.9. An excessively low ImbThd detects too many
imbalanced vertices, causing high analysis costs. The analysis
cost decreases as ImbThd increases. We recommend setting
ImbThd to 1.3 to balance the analysis cost and accuracy of
detection results.

D. Case Study A: ZeusMP

ZeusMP is a computational fluid dynamics application that
simulates astrophysical phenomena in 3-D space with the MPI
programming model. It employs several non-blocking point-
to-point (P2P) communications to implement complex inter-
process synchronization. To evaluate its performance and scal-
ability, we execute ZeusMP with a problem size of 64×64×64
on 1 to 128 processes on Gorgon. We observe a significant
scalability issue, as the speedup of 128 processes is only 55.53×,
while the speedup of 64 processes is 35.40×, compared with the
baseline of 1 process.

Scalability Analysis with SCALANA: We utilize our perfor-
mance tool, SCALANA, for root cause analysis and optimiza-
tion guidance. SCALANA employs the backtracking root cause
detection on the generated PPG for ZeusMP on 128 processes
to automatically identify the root causes of scalability issues.
Fig. 13 illustrates how SCALANA pinpoints scalability bottle-
necks in ZeusMP using the backtracking algorithm on the PPG.
The elements in this figure are basically the same as those

in Fig. 8, the only difference is the way of illustrating normal
vertices and differential vertices. In Fig. 13, normal vertices are
shown as small points, while differential vertices are shown as
circle points, indicating imbalanced performance for the same
code snippets. Arrows represent the backtracking causal paths
traversing through both intra-process and inter-process depen-
dence. Note that this figure only serves as the illustration for a
better understanding but not the standard output in the GUI of
SCALANA.

In this case, the MPI_Allreduce within the nudt function
at nudt.F:610 is identified as unscalable vertices due to its
poor scalability in terms of execution time. The proportion of
the total execution time of MPI_Allreduce increases from
3.70% to 10.85% as the number of processes grows from 16
to 128. In Fig. 13, red (darkest color) lines traverse back from
the differential MPI_Allreduce vertices and track through
both intra-process dependence of control/data flow and inter-
process dependence of non-blocking P2P communications at
nudt.F:457, 366, and 285, forming backtracking causal paths.
Similar backtracking paths are represented by orange (lighter
color) and yellow (lightest color) lines. Ultimately, SCALANA

detects the Loop_10.1 vertices within the bvald function at
bval3d.F:331-359, which is the top row in Fig. 13, as the root
causes of the scalability issues.

Further analysis reveals that the issue arises from only
some processes executing the vertices within the Loop_10.1
function at bval3d.F:331-359, while others remain idle, en-
gaged in non-blocking P2P communications within the nudt
function at nudt.F:285. These delays propagate through the
non-blocking P2P communications within the function nudt at
nudt.F:366, 457. Then the global synchronization of subsequent
MPI_Allreduce at nudt.F:610 results in the observed scala-
bility issues of ZeusMP.

Performance Optimization: In order to fix the scalabil-
ity bottlenecks identified by SCALANA, we perform targeted
optimizations to the program. The load imbalance is caused
by the specific computation and communication patterns of
ZeusMP, which are difficult to modify. Thus, we introduce multi-
thread support at the Loop_10.1 of bval3d.F:331-359 using
OpenMP pragma to accelerate the execution of busy processes,
reducing the waiting time of the idle processes and the load
imbalance. Additionally, SCALANA detects other root causes
of the scalability issues from the loops at hsmoc.F: 659-666,
820-835, and 1,048-1,055 with lower severity. By analyzing the
Performance Monitor Unit (PMU) data provided by SCALANA,
we observe that the number of load/store instructions and cache
misses remains high as the number of processes increases. To
mitigate these issues, scalar promotion and loop tiling techniques
are applied to reduce cache misses and memory accesses. These
optimizations bring a significant improvement in the scalabil-
ity and performance of ZeusMP. The speedup increases from
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Fig. 13. Backtracking root cause detection on the PPG for ZeusMP executing on 128 processes. The top-down vertical axis indicates control/data flow, and the
horizontal axis indicates different parallel processes. Normal vertices are shown as small points, while differential vertices are shown as circle points, indicating
imbalanced performance for the same code snippets. Colored arrows represent the backtracking paths traversing through intra- and inter-process dependence.

Fig. 14. Runtime overhead and storage cost of Scalasca [6], HPCToolkit [7],
and SCALANA for ZeusMP (Scalasca detects the scalability bottlenecks when
the process count increases to 64.).

55.53× to 61.39× when running with 128 processes, resulting
in a performance improvement of 9.55% on Gorgon. It is worth
noting that there is potential for further exploration of optimiza-
tion techniques for ZeusMP, but in this study, we only propose
simple optimizations to validate that SCALANA does identify the
root causes of scalability issues.

Comparison: HPCToolkit detects fine-grained scalability is-
sues of MPI_Allreduce at nudt.F:610 automatically through
its profiling data. However, HPCToolkit faces challenges
in automatically identifying the root cause Loop_10.1 at
bval3d.F:331-359 without strong expert skills and manual anal-
ysis. It presents multiple scalability issues without a clear anal-
ysis of their underlying causal relationships, making it difficult
to determine the actual root causes. We use Scalasca to trace,
analyze, and visualize ZeusMP on the process count of 1 and in-
crease the process count. Scalasca identifies 16.77% late sender
delayed by waiting and propagating from the loops in bvald,
hsmoc, and lorentz (the same root causes as that identified
by SCALANA) when the process count grows to 64 and with a
certain amount of human intervention (annotate the loops as key
regions). Fig. 14 illustrates the runtime overhead and storage
cost of SCALANA in comparison to Scalasca and HPCToolkit.
Both SCALANA and HPCToolkit incur low runtime overhead,
averaging 3.19% and 3.52% respectively. However, Scalasca,
which is based on tracing, incurs a runtime overhead of 40.89%
for trace generation of a 64-process run (excluding I/O). In
terms of storage cost, SCALANA outperforms Scalasca by only
requiring 14.83 MB of space, whereas the trace data of Scalasca
is 28.26 GB for 64 processes.

E. Case Study C: LAMMPS

The LAMMPS [30] (Large-scale Atomic/Molecular Mas-
sively Parallel Simulator) package is an open-source software for
molecular dynamics simulation, which supports both CPU and
GPU architectures using MPI+OpenMP/CUDA programming
models. We evaluate the scalability of LAMMPS both on the
CPU cluster Gorgon and the GPU cluster Ja.

1) Lammps-Cpu: On Gorgon, we execute LAMMPS under
an input (in.clock.lj) of the Leonard-Jones system with 32000
atoms for 10000 steps on 1 to 64 processes, and each process
only has 1 thread. The results show a speedup of only 32.79×
on 64 processes (5.37 seconds) and a speedup of 24.64× on 32
processes (7.15 seconds) compared to a baseline of 1 process
(176.14 seconds).

Scalability Analysis with SCALANA: We use SCALANA to de-
tect the scalability bottlenecks of the CPU version of LAMMPS.
The analysis results reveal that the MPI_Send and MPI_Wait
within the CommBrick::reverse_comm at comm_brick.cpp:544,
547 are detected as unscalable vertices. As shown in Fig. 15, for
MPI_Send and MPI_Wait, a large number of processes show
imbalanced behaviors and have a long waiting time. Fig. 16
shows the PMU data of MPI_Send, including the number
of executed cycles (TOT_CYC), the number of stalled cycles
(TOT_STL_CYC), and the number of executed load/store in-
structions (TOT_LST_INS). The values of TOT_LST_INS in
different processes are very similar, indicating the data move-
ment is balanced. The values of TOT_CYC vary significantly
for different processes, and are strongly related to the values of
TOT_STL_CYC, which indicates that waiting events dominate
the execution ofMPI_Send. As shown in Fig. 16, a red horizon-
tal line represents the threshold for distinguishing imbalanced
and normal vertices, and the imbalanced vertices are marked as
little circles in Fig. 15. The backtracking root cause detection is
performed on the PPG of LAMMPS for 64 processes. Through
the detected backtracking causal paths, Loop_1.1 within the
PairLJCut::Compute at pair_lj_cut.cpp:102-135 is identified as
the potential root cause of scaling issues.

We notice that the root cause of scaling issues is workload
imbalance in Loop_1.1. As shown in Fig. 15, the iteration
count jnum of Loop_1.1 is determined by numneigh, which
indicates the number of neighbors of particle i. In this case,
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Fig. 15. Backtracking root cause detection on the PPG for LAMMPS executing on 64 processes.

Fig. 16. The PMU data for MPI_Send in LAMMPS-CPU executing on 64
processes.

due to the imbalanced distribution of particles in physical space,
the iteration counts for different processes vary significantly,
which causes the imbalanced behaviors in Loop_1.1. And the
imbalanced behaviors cause the waiting events in MPI_Send.
Besides, in the function CommBrick::reverse_comm, processes
communicate with neighbors in a reverse order, which in-
curs dependence between P2P communications. This depen-
dence results in MPI_Send propagating the waiting event to
MPI_Send and MPI_Wait in other processes, thus a large
number of processes inMPI_Send andMPI_Wait have a long
waiting time and poor performance. This scalability bottleneck
is also identified as the root cause of performance issues in [20],
which is proof that SCALANA can correctly pinpoint the root
causes.

Performance Optimization: The root cause is the workload
imbalance issue inLoop_1.1. We find that LAMMPS provides
a balance command in the input file to dynamically adjust the
workload for load balance. Using the balance command, we
adjust the subdomain’s size and shape for every process in every
250 simulation steps dynamically. The speedup of LAMMPS is
improved from 32.79× to 38.04× with this optimization. The
performance is improved by 13.81% (the total execution time is
reduced from 5.37 to 4.63 seconds).

Comparison: We compare SCALANA with HPCToolkit and
Scalasca. HPCToolkit is able to identify the scalability issues in
MPI_Send and MPI_Wait, as well as the imbalanced behav-
iors in Loop_1.1. However, the causal relationship between
them for finding the root causes is not easy to obtain without
manual code analysis. The full event traces collected by Scalasca
make it possible to identify the root causes but incur a 3.25 GB
storage cost for 64 processes, whereas SCALANA only needs
16.82 MB space.

2) Lammps-Gpu: On Ja, we also run LAMMPS under the
in.clock.lj input file (with the balance command for optimization
as mentioned in Section VI-E1) of the Leonard-Jones system

with 256000 atoms on 1 to 8 processes, and there is one NVIDIA
V100 GPU for each process. The results show a speedup of only
3.80× on 8 processes and a speedup of 1.52× on 2 processes,
compared to a baseline of 1 process.

Scalability Analysis with SCALANA: From the analysis results,
as GPUs significantly accelerate the kernels, the performance
of main computations is greatly improved. For instance, in the
GPU version, the function PairLJCutGPU::compute at
pair_lj_cut_gpu.cpp:76-119, which contains the main CUDA
kernel k_lj, corresponds to the Loop_1 within PairLJ-
Cut::compute at pair_lj_cut.cpp:93-137 in the CPU ver-
sion of LAMMPS. It only occupies 45.92% of the total exe-
cution time (70.61% for Loop_1 in the CPU version) on 8
processes. In contrast, the MPI_Send calls within the func-
tion CommBrick::reverse_comm occupy 11.12% of the total
execution time (4.73% for the CPU version optimized with
balance command) on 8 processes. The above results indicate
that the performance improvement of computations exposes the
communications as new bottlenecks on GPU systems. The PMU
data provided by SCALANA shows that the performance behav-
iors of MPI_Send between different processes are relatively
balanced, and the transfer costs, especially the costs introduced
by memory copy, in the P2P communications are the root
causes.

Performance Optimization: One of the optimization strategies
for reducing communication time is to overlap communications
with computations. As shown in Fig. 17, we observe that there
exists a unpack_reserve call at line 627 after P2P commu-
nications in the function CommBrick::reverse_comm, and this
call only takes received data buf_recv as input, which has no
data dependence with theMPI_Send at line 617. Thus, we opti-
mize LAMMPS-GPU by overlapping the computations in un-
pack_reserve with the MPI_Send communications. The
optimized code is shown in the lower box of Fig. 17. With this
optimization, the performance of CommBrick::reverse_comm is
improved by 27.17%, and the performance of the entire applica-
tion is improved by 7.03%, Besides, the speedup of LAMMPS-
GPU is improved from 3.80× to 4.12× for 8 processes.

F. Case Study D: Sweep3D

Sweep3D, which is one of the key components of an appli-
cation in the ASCI project, is a particle transport simulator that
models a single group, time-independent discrete ordinate in
a 3-D Cartesian geometric space. We evaluate the scalability
for strong scaling of Sweep3D with a fixed total problem size
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Fig. 17. Code optimization for the CommBrick::reverse_comm function in
LAMMPS.

(domain space) of 450×450×450, 32 k-planes for blocking
(MK), and the number of processes ranging from 1 to 256 on
Gorgon. The speedup for 256 processes is only 37.57×, which
is even less than that for 128 processes (45.53×), compared to
a baseline of 1 process. Sweep3D shows poor scalability.

Scalability Analysis with SCALANA: We use SCALANA to
pinpoint the scalability bottlenecks for Sweep3D. As the
number of processes increases from 64 to 256, the total
time proportion of mpi_recv and mpi_allreduce within
functions rcv_real and global_int_sum at mpi_stuff.f:99, 195
rises from 10.14% to 22.03%, which indicates scaling is-
sues. As shown in Fig. 18, the backtracking detection al-
gorithm finds several causal paths (yellow, orange, and red
arrows), which start from the scaling issues of mpi_recv
and mpi_allreduce, track backward through inter-process
communication dependence to mpi_send within function
snd_real, as well as intra-process data/control dependence to
some loops. As a result, SCALANA pinpoints three root causes
in order of severity based on the density of causal path intersec-
tions: loop_1.2.2.5.2.6.1, loop_1.2.2.5.2.5.1,
and loop_1.2.2.5.2.2.1 within the sweep function at
sweep.f: 486-493, 478-480, 388-389.

Performance Optimization: We find that the load imbalanced
workloads are caused by two aspects both related to the in-
put value of the k-plane size for blocking MK from existing
research [32]. Firstly, if the k-plane size is not divisible by
the k-direction grid size, the k-plane workloads would not be
evenly assigned to every process, leading to imbalance. Sec-
ondly, Sweep3D implements pipeline execution for k-planes.
If the k-plane pipeline is finer-grained, the waiting overhead
caused by the imbalance can be effectively hidden and reduced.
Thus, we set MK to 5, which is divisible by the k-direction
grid size (the original value 32 is not divisible) and increases
the number of k-plane pipelines. With this simple optimiza-
tion, the communication time significantly decreases (as shown

in Fig. 19, theTOT_CYC of the scaling issuempi_allreduce
is significantly reduced.), and the overall execution time of
Sweep3D decreases from 19.22 to 14.45 seconds. The speedup
of Sweep3D is improved from 37.57× to 49.97× on 256 pro-
cesses.

Comparison: HPCToolkit can efficiently identify potential
bottlenecks, containing mpi_recv (15.43% of the total ex-
ecution time) and loop_1.2.2.5.2.5.1 (14.18% of the
execution time), through hotspot analysis. However, the imbal-
ance behaviors of loops that cause the waiting of MPI commu-
nications still need manual code and performance data analysis.
Scalasca has traced Sweep3D on Blue Gene/P and finds the same
root causes as our tool [32], but it introduces 6.75 GB storage
costs for 256 processes, which is much more than SCALANA

(568.50 KB).

VII. RELATED WORK

In the field of performance analysis, Mohr [33] provides a
comprehensive survey of cutting-edge tools that employ both
tracing and profiling techniques. Knobloch et al. [34] offer
a comprehensive overview of performance tools tailored for
heterogeneous HPC applications. In this section, we delve into
specific instances of related work in performance analysis.

Tracing: Tracing-based approaches collect critical event
traces for understanding programs’ fine-grained performance
behaviors during runtime. Intel has developed a trace collection
and analysis tool, ITA/C [11], which enables a detailed un-
derstanding of MPI programs’ performance behaviors. Several
advanced tools, such as TAU [35], [36], Vampir [37], [38], [39],
Scalasca [6], [40], built on the Score-P infrastructure [41], [42],
support various parallel programming models including MPI,
OpenMP, Pthread, and CUDA. These tools provide visualiza-
tions of event traces and facilitate fine-grained performance
analysis for developers. Paraver [43], [44], [45] is a tracing-
based performance tool that enables flexible collection of per-
formance data and detailed metric variance detection. Becker
et al. [46] leverage event traces to diagnose the performance
of large-scale parallel programs. Although various techniques
for trace compression have been proposed [19], [47], [48], [49],
tracing-based approaches still incur significant overhead with-
out human intervention and are thus unsuitable for large-scale
parallel applications in production environments.

Profiling: Profiling techniques interrupt programs at regu-
lar clock cycles and capture program snapshots. They extract
statistical information from programs with minimal overhead.
mpiP [8] and INAM [52] are lightweight MPI profiling tools
for multi-process applications, which collect context-aware sta-
tistical information of MPI function calls, network fabric, and
schedulers. Tallent et al. [9], [10] employ a call path profiling
technique to analyze and quantify load imbalance in parallel
programs. STAT [53] conducts large-scale debugging through
stack trace sampling to collect behavior profiles of applica-
tions. HPCToolkit [7] utilizes sampling techniques to profile
the performance of applications and provides visualizations of
the results through hpcviewer and hpctraceviewer. Nsight [54],
Arm MAP [55], and CrayPat [56] are profilers that support GPU,
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Fig. 18. Backtracking root cause detection on the PPG for Sweep3D executing on 256 processes.

Fig. 19. The PMU data for mpi_allreduce_ in Sweep3D executing on
256 processes.

ARM, and XC platforms, respectively. However, profiling often
fails to capture critical information so human analysis is needed
for fully understanding program behavior.

Annotation-Based Tools: To meet both the requirements of
low overhead and detailed tracing, researchers proposed meth-
ods using annotations to focus on specific performance events
or regions. Caliper [14] provides low-cost and flexible annota-
tion interfaces allowing users to implement specific collection
strategies. Score-P [31] allows developers to annotate specific
regions to obtain detailed traces. Timemory [57] abstracts the
performance collection and analysis using modularity, and gives
unified APIs to integrate the capabilities of different tools. Based
on the annotation APIs, TinyProf [15] further reduces the I/O
cost with a multi-phase I/O strategy. In addition, many tools, like
Hatchet [51] and PerFlow [20] give a series of programmable
APIs for easing the implementation of specific analysis tasks.
Theoretically, as a tool designed for the scalability analysis task,
SCALANA could be implemented using the above tools.

Performance Analysis Based on Program Structure: Cy-
press [19] and Spindle [58] combine static analysis with run-
time profiling/tracing for compressing communication traces
and monitoring memory access. Program structures extracted
at compile time significantly reduce runtime overhead. Program
structures are also beneficial in large-scale debugging [59], [60],
[61], [62], as they reveal both inter-process and intra-process
dependence.

Scalability Issue Diagnosis: Coarfa et al. [63] perform a
top-down analysis of HPCToolkit’s hpcviewer data to identify
scalability bottlenecks. However, this approach does not handle
complex communication patterns with massive inter-process
dependence. Barnes et al. [23] utilize regression-based tech-
niques for scalability prediction. Calotoiu et al. [17] automate
performance modeling techniques to pinpoint scalability bugs,

TABLE V
A COMPARISON OF SCALANA AND STATE-OF-THE-ART TOOLS

with further improvements using compiler techniques by Bhat-
tacharyya et al. [16]. A scalable performance modeling frame-
work is proposed by Chen et al. [64] based on critical-path
candidates. ScaAnalyzer [65] focuses on detecting scalability
bottlenecks caused by memory access behaviors by collecting,
attributing, and analyzing memory-related metrics during run-
time. Bohme et al. [50] pinpoint the root causes of waiting events
by performing a forward and backward replay on recorded event
traces. Inspired by Bohme’s backward-replay approach, our
tool, SCALANA, proposes a backtracking root cause detection
algorithm. In addition, our approach leverages the program
structure to guide minimal runtime profiling, instead of col-
lecting huge-cost event traces. Consequently, SCALANA incurs
very low runtime overhead, storage cost, and offline detection
cost.

As shown in Table V, our work aims to identify scalability
bottlenecks based on lightweight profiling, and graph analysis
on PPG. In this way, SCALANA can achieve accurate root cause
detection with low overhead. Other tools are general-purpose
and need human efforts to pinpoint the root causes.

VIII. CONCLUSION

In summary, this paper introduces SCALANA, a performance
tool that effectively pinpoints root causes of scalability issues
in parallel applications using a combination of static analysis
and dynamic profiling. Through the backtracking root cause
detection, SCALANA can automatically identify the underlying
root causes of scalability issues in complex parallel applications
by traversing the parallel performance graph. Our evaluation
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demonstrates that SCALANA can accurately and efficiently pin-
point scalability bottlenecks with minimal overhead for real-
world applications with up to 704 K lines of code.

The analysis method in SCALANA has limitations in effec-
tively handling scenarios where imbalances are both significant
and highly irregular, such as in emerging applications like graph
computing. We aim to address this by enhancing our method
with quantitative algorithms. Besides, the visualization of per-
formance analysis for large-scale applications also remains an
open problem in the HPC domain. Using interactive modes and
hierarchical visualization could be a potential way to address it.
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