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Abstract Large-scale simulations on supercomputers have
become important tools for users. However, their scalability
remains a problem due to the huge communication cost
among parallel processes. Most of the existing communication
latency analysis methods rely on the physical link layer
information, which is only available to administrators. In this
paper, a framework called PCLVis is proposed to help general
users analyze process communication latency (PCL) events.
Instead of the physical link layer information, the PCLVis
uses the MPI process communication data for the analysis.
First, a spatial PCL event locating method is developed. All
processes with high correlation are classified into a single
cluster by constructing a process-correlation tree. Second, the
propagation path of PCL events is analyzed by constructing
a communication-dependency-based directed acyclic graph
(DAG), which can help users interactively explore a PCL event
from the temporal evolution of a located PCL events cluster.
In this graph, a sliding window algorithm is designed to
generate the PCL events abstraction. Meanwhile, a new glyph
called communication state glyph (CS-Glyph) is designed
for each process to show its communication states, including
its in/out messages and load balance. Each leaf node can
be further unfolded to view additional information. Third,
a PCL event attribution strategy is formulated to help users
optimize their simulations. The effectiveness of the PCLVis
framework is demonstrated by analyzing the PCL events of
several simulations running on the TH-1A supercomputer.
By using the proposed framework, users can greatly improve
the efficiency of their simulations.

Keywords PCLVis, communication latency, large-scale
simulation, visual analytics

1 Introduction
Large-scale simulations have found widespread utility across
diverse fields, including fluid mechanics, aerodynamics, and

aerospace. Leveraging the computational might of supercom-
puters for virtual simulations offers a promising means to
conserve precious resources. These supercomputer systems
comprise two foundational components: compute nodes and
communication network infrastructure. Each computing node
is equipped with its distinct private memory space, ensur-
ing isolation from other nodes. In the context of large-scale
simulations, supercomputers partition computational tasks
into discrete processes for parallel execution across distinct
compute nodes. These processes necessitate communication
for synchronized operation and data exchange, highlighting
the centrality of process communication.

However, the performance of simulation applications can
be curtailed by bottlenecks in process communication[1, 2].
Communication delay events can unpredictably manifest at
any juncture, prompting an imperative to dissect the under-
lying causes. Existing methods for communication latency
analysis predominantly lean on the physical link layer, fur-
nishing granular information encompassing start and end
points, routing paths, and intermediate waypoints (routers).
This information empowers the accurate identification of
communication latency events. Nonetheless, the accessibility
of physical link layer insights is confined to system adminis-
trators, limiting general users’ access.

In the absence of access to physical link layer data, general
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Fig. 1 Visual analytics of the PCL events from a parallel application running with 1152 processes on a TH-1A supercomputer. (a) shows the
spatio-PCL event clustering results obtained using our process-correlation-tree-based algorithm. The temporal evolution of each cluster can
be viewed in (b1), and the details can be further interactively explored in (b2). (c) shows the constructed communication-dependency-based
DAG graph, which helps users further explore the extracted PCL events. For each selected process, its former and latter connected
processes are denoted by the red and blue curves, respectively. The leaf process can be further unfolded as shown in (c2), and the design of
each glyph is shown in (c3). The possible PCL causes as summarized in (d) include (d1) poor process-to-processor mapping (too much
intercommunication), (d2) poor communication pattern (unbalanced workload), and (d3) background traffic due to the application of other
users. (e) shows the result obtained using an optimized process-to-processor mapping. The ratio between the intra- and inter-communications
became larger than the original value reported in (d1).

users are relegated to investigating communication delays
via Message Passing Interface (MPI) process communication
data. To this end, we initiate our analysis by preprocessing the
data. Specifically, we curate a communication event dataset
through the scrutiny of parallel execution traces recorded
by the Tuning Analysis Utility (TAU), yielding essential
communication trace data. However, while MPI process
communication data encapsulates the communication’s origin
(Source MPI rank) and destination (destination MPI rank),
the absence of routing path and router details poses two
fundamental challenges [3]. Firstly, pinpointing the latency
region becomes intricate, given that delays often manifest
at intermediary waypoints such as routers or routing paths.
Secondly, unraveling the propagation path of communication
delay events proves complex. The propagation path, integral
to the routing path, remains elusive to general users devoid of
access to the physical link layer.

To bridge this gap, we introduce ’PCLVis,’ an innovative
framework tailored for the wider supercomputer user base.
PCLVis facilitates the visual analysis of process communi-
cation latency (PCL) events utilizing readily available MPI
process communication data. First, a space-PCL event local-

ization method is developed to localize processes involved in
PCL events. All processes with a high correlation are classi-
fied into a single cluster by constructing a process-correlation
tree. Second, the propagation path of PCL events is analyzed
by constructing a communication-dependency-based directed
acyclic graph (DAG), which can help users interactively ex-
plore a PCL event from the temporal evolution of a located
PCL events cluster. In the end, A PCL events attribution strat-
egy is also designed to help users optimize their simulations.
And in summary, the graphics user interface of PCLVis is
shown in Figure 1.

Based on the above works, PCLVis is evaluated via visual
analytics of three types of communication data on a super-
computer. Results show that the proposed framework can help
users greatly improve the efficiency of their simulations.

The main contributions of this work include:
• A process-correlation-tree-based spatio-PCL event lo-

cating method is proposed to help users locate those
communication regions with high latency.

• A communication-dependency-based DAG is con-
structed to help users track the propagation path of
PCL events.
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ˆ A PCL events attribution strategy is designed to help
users optimize their simulations.

2 Related Work
This section reviews some existing work on communication
delay analysis methods (Section 2.1), processes communica-
tion visualization methods (Section 2.2), and communication
delay attribution methods (Section 2.3).

2.1 Communication Delay Analysis

Analyzing communication delays from a large-scale simu-
lation is a challenging task due to the large data size. Some
studies have attempted to reduce the data size by using
clustering [4{ 7], compression [8{ 11], and some other al-
gorithms [12, 13]. Nevertheless, the precision of analysis
results does not satisfy the user requirements because some
important features have been lost during the data reduction
process. Several analysis tools can visualize the basic and sta-
tistical information of communication events, like the scalasca
performance toolset [14], multi-threaded parallel application
analysis tool [15], the TAU parallel performance tool [16], the
HPCToolkit [17], the Craypat-cray X1 performance analysis
tool [18], and some other tools [19{ 21]. However, they did
not analyze communication delay events. Some researchers
have proposed structure-based analysis methods. For instance,
Hendriks et al. [22, 23] proposed critical-path analysis and
distance analysis algorithms to help users track communica-
tion delays. Execution phases have also been used to track
the communication state in di�erent running phases [24{ 26].
Pattern matching methods [27{ 29] have been proposed to
detect prede�ned communication patterns and have success-
fully extracted ine�cient communication behaviors. Isaacs
et al. [30{ 32] proposed a series of methods that can help
users detect communication delays by extracting a logical
structure from parallel tracking data. While these methods
can help users detect communication delays, their accuracy
cannot be guaranteed. To address this problem, this paper
proposes a spatial-temporal communication delay locating
method that can successfully locate all communication delays
from large-scale communication data, thereby helping users
further analyze these delays.

2.2 Process Communication Visualization

Process communication is a type of event sequence data.
Therefore, this section not only examines process communica-
tion but also surveys the visualization of other event sequences.
Several visualization tools have been developed, including
VAMPIR [33], Paragraph [34], Paraver [35], Projections [36],

which can visualize the performance of a simulation using
a Gantt chart. However, these tools cannot support users in
further exploring the details of process communication. They
also cannot be directly used to analyze large-scale simulations
due to the limitations in their scalability. Some improvement
methods [37{ 39] have been proposed by making good use of
sorting algorithms. While these Gantt-chart-based methods
can be used to visualize event sequences, they still do not
fully meet user requirements, especially for visualizing long
event sequence data, including process communication.

To visualize a large-scale event sequence, 
ow-based meth-
ods can o�er a visualization abstract for users [40]by aggre-
gating event sequences [41]. Some scholars have attempted
to reveal the sequence evolution pattern by using aggregated
visualization methods, including simpli�cation [42], 
ow
design [43, 44], feature extraction [45], progression analy-
sis [46], and some methods for a speci�c application [47, 48].
When visualizing a large-scale communication event se-
quence, scale-related issues are addressed by changing the
vertical axis from processes to event duration [49, 50]. Isaacs
et al. [51] reduced visual clutter by adopting a layered abstrac-
tion algorithm to visualize the logicalized process communi-
cation sequence. LBVis [52] applies an interactive visualiza-
tion method to show the data transmission among di�erent
processes. While these methods can successfully visualize
large-scale communication data, they do not o�er commu-
nication dependency and state information to users, which
are vital for understanding the evolution of communication
latency. To address these limitations, this paper constructs a
communication-dependency-based DAG that can help users
track communication latency. A CS-Glyph is also designed
to show the detailed state of a process.

2.3 Communication Delay Attribution

Communication delay attribution is important for users to
improve the e�ciency of their simulation. Most existing
communication delay attribution methods mainly rely on
analyzing the link layer log information [53{ 56]. In other
words, these methods utilize the logs in routers through which
messages have passed to check for possible communication
latency. Fujiwara et al. [57] evaluated the transmission e�-
ciency in a communication path using hop bytes and designed
a re-routing and remapping algorithm to optimize the com-
munication e�ciency of a simulation. Li et al. [58] analyzed
the performance of simulations in di�erent workloads and
routing strategies by using physical link layer information. Jha
et al. [59] summarized the causes of communication latency
by detecting network congestion using link layer information.
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Meanwhile, Ta�et et al. [60] attributed communication delays
to three causes, namely, poor process-to-processor mapping
(placement of MPI ranks on physical cores), poor communi-
cation patterns, and background tra�c due to the application
of other users.

A communication pattern illustrates how processes send
and receive data to one another. Some example patterns in-
clude the many-to-one and nearest-neighbor communication
patterns. All of these patterns belong to an unbalanced work-
load [61]. A poor communication pattern can lead to conges-
tion and communication latency. Demmel et al. [62] reduced
latency events using the communication avoidance algorithm.
A poor process-to-processor mapping only extends the mes-
sage transmission path, thereby increasing communication
latency. Yan et al. [63] greatly improved communication per-
formance by designing a good process-to-processor mapping.
Background tra�c is considered a job interference [64]. The
network of a supercomputer is shared by many users, thereby
restricting the performance of their simulations.

The majority of the above methods rely on link layer log
information, which is only available to the administrators of
a supercomputer. Therefore, this paper designs PCLVis as a
process-information-based communication delay attribution
method to help users analyze the causes of communication
latency and improve the e�ciency of their simulations.

3 OVERVIEW OF PCLVis
This section summarizes the user requirements (Section 3.1)
and presents the PCLVis design (Section 3.2).

3.1 User Requirements

The requirements presented in this section were gathered
through comprehensive interviews with a diverse group of
supercomputer users. With insights derived from these inter-
views, we have distilled the users' needs into the following
synthesized set of requirements:

R1: Locate high latency region. In large-scale supercom-
puter simulations, users face a complex communication en-
vironment. They need an intuitive way to understand com-
munication dynamics throughout the simulation, enabling
comprehensive analysis of design mechanisms. However,
the sheer volume of communication data exchanged among
processes presents a challenge. Variability in latency due to
supercomputer background tra�c adds complexity, making it
impractical to set a �xed latency threshold. To address these
issues, our system e�ciently locates all latency instances in
extensive communication data.

R2: Explore temporal evolution of latency. In extensive,
long-duration simulations spanning days or weeks, users aim

to understand how communication delays evolve over time in
speci�c regions. This understanding helps identify and grasp
periods of increased latency, enabling timely adjustments and
e�ective responses during the entire simulation. Our system is
designed to facilitate the extraction of crucial latency periods,
empowering users to delve into comprehensive analyses of
communication latencies over time.

R3: Communication delay attribution. Users require an
e�cient and user-friendly approach to assess communication
latencies and their origins. This is vital for enabling ordinary
users to engage with the simulation e�ectively. Our system
meets this need by clearly depicting communication latency
dependencies and summarizing their potential sources, mak-
ing it easier for users to comprehend logical connections and
identify underlying causes.

R4: O�er possible optimization schemes. Following the
analysis of delay causes, users seek actionable strategies to
counter communication delays within diverse timeframes
and regions. They anticipate receiving initial optimization
approaches or guidance to initiate e�ective improvements. In
response to this, our system is designed to o�er a range of po-
tential optimization schemes, empowering users to proactively
address communication delays through informed decisions.

3.2 System Overview

According to the abovementioned requirements, we design
PCLVis for a visual analysis of PCL events in a large-scale
simulation.

To analyze communication delay using MPI process com-
munication data, we �rst preprocess the data. Speci�cally,
we built a communication event dataset by analyzing parallel
execution traces collected by the Tuning Analysis Utility
(TAU) to obtain communication trace data [16]. During the
runtime of the simulation program, TAU intelligently de-
tects functions, methods, and code blocks, thereby capturing
essential communication tracing data. The properties of a
communication event are as follows:

ˆ MPI Rank: Unique process to which the event belongs.
ˆ Type: Two types of communication events (i.e., send or

receive).
ˆ Timestamp: Wall clock time of the event.
ˆ Source: Source MPI rank of the event.
ˆ Destination: Destination MPI rank of the event.
ˆ Message Size: Size of message within the event.
PCLVis has three main parts, namely, spatial latency,

temporal latency, and attribution. First, the spatial latency
part o�ers information about communication latency within
regions. In this part, a spatio-PCL event locating method is
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proposed to help users locate those communication regions
with high latency (R1). Second, the temporal latency of these
communication regions is analyzed by DAG. We o�er an
evolution view to display the latency abstraction over time.
Users can select a period of high latency to further explore the
communication latency among processes in DAG (R2). Third,
the attribution part o�ers three views to display information
about the process of communication states. Users can analyze
the causes of communication latencies using our proposed
attribution strategy (R3) and then optimize their simulations
using an appropriate method that is provided through our
system. Such methods may include optimizing the physical
mapping of nodes, adjusting the communication patterns,
and choosing the running time with better background tra�c
(R4).

4 LOCATING SPATIAL PROCESS COM-
MUNICATION LATENCY EVENTS

This section introduces our spatio-PCL events locating method
(R1). A process-correlation tree is constructed to divide all
processes into di�erent clusters (Section 4.2), and several
criteria for de�ning a PCL event and the latency of a commu-
nication region are prepared (Section 4.1).

4.1 Criteria for De�ning Communication Latency
Within a Region

Given that a supercomputer is shared among users, the the-
oretical transmission speed cannot be used to de�ne a PCL
event. At the same time, there is no proper way to describe a
communication delay standard in the given region. Therefore,
this paper designs a statistical method for de�ning a PCL
event in a region.

In the following tasks, we de�ne two latency criteria (trans-
mission time) for intra-node and inter-node communication.
The di�erence between these criteria lies in whether two com-
munication processes are in the same physical nodes or not
given that the transmission speed of inter-node communication
is much lower than that of intra-node communication [65].

First, we separately sample intra-node and inter-node mes-
sages and then collect as many as 10,000 messages for each
sampling message-size. Second, we sort the messages with the
same size in an ascending order.Latency criteriais de�ned
as the median transmission time for a particular message-size.
The latency criteria de�ned by our method are shown in
Figure 2. As can be seen in the �gure, the message transmis-
sion time linearly increases along with message size, and the
inter-node latency criteria are much higher than the intra-node
criteria.

Fig. 2 Latency criteria of PCL events. The x-axis represents
message size, whereas the y-axis represents time. The blue and
red lines denote the latency criteria of intra-node and inter-node
messages, respectively. The message size is sampled with an interval
of 50 bytes.

Utilizing these latency criteria, the communication latency
of a message can be calculated across three perspectives:
spatial latency, temporal evolution, and PCL dependency,
employing Equation 1.

latencymsg =
tmsg

gtmsg
(1)

Wheretmsg is the real transmission time ofmsg, andgtmsg

is the latency criteria ofmsg. If latencymsg > 1, thenmsg
is considered delayed. A largerlatencymsg , corresponds to a
longer delay. A high PCL event is de�ned as the communica-
tion event with the largerlatencymsg .

The latency of a communication region can be calculated
as

RegionLatency =
1
n

X n

i =1
latencymsg i (2)

Wheren is the number of messages contained in the current
communication region.

4.2 Process-Correlation-Tree-Based Spatial Cluster-
ing

This section describes the process-correlation-tree-based spa-
tial clustering method 4.2.1 and presents the visualization of
communication regions extracted by our clustering method
and the communication latency regions extracted by our own
latency criteria (Section 4.2.2)(R1).

4.2.1 Clustering Method

We de�ne aregion as a collection of multiple processes,
which satis�es the idea that the communication inside the
region is much more intensive than that outside the region.
Therefore, PCL can be de�ned as a situation wherein the
processes in the same region a�ect the communication latency
of one another.

To generate communication regions, we introduce a metric
calledProcess-Correlation, which is used in our clustering
method. This metric re
ects how closely any pair of processes
communicate with each other. Processes communication
relationships are calculated by a tree structure. For process
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Fig. 3 The symmetry of process correlations in the process-
correlation tree. (a) Process-correlation tree. The dataset on the
left describes the process of communication.csp i denotes the
collection of processes communicating withpi . The tree on the
right describes the correlation ofcsp1 with the other processes.
The red edge represents the path connectingcsp1 andcsp2 . (b)
Process-correlation tree describing the correlation betweencsp1 and
csp2 .

p, csp is de�ned as the communication collection ofp. All
processes incsp must send/receive messages to/fromp. We
build a tree (treep) for every processp as follows:

Takep as the root node oftreep, and take the processes
in csp as the children ofp. For each child ofp, we generate
children for them in the same way as we did forp. We repeat
the above step to construct the tree. The following discipline
ensures that we can construct a unique tree forp: the process
ID on the path from the root node to any leaf node is not
repeated. That is, the ancestor and descendant nodes of nodei
cannot be the same. Figure 3(a) shows the process-correlation
tree ofp1.

As depicted in Figure 3, our dataset showcases a discernibly
tree-like con�guration among its constituent elements. Lever-
aging this inherent characteristic, we employ Equation 3 to
calculate the interdependencies existing among processes.

R (p; q) =
X

v2 V;v:pid = q

1

(v:depth)2 (3)

wherep is the root node oftreep, q is a process incsp,
R(p; q) is the process-correlation betweenp andq, V is the
collection of all nodes intreep, v:depth is the depth of node
v, andv:pid is the process ID of nodev. A largerR(p; q)

Table 1 Process-Correlation
p1 p2 p3 p4 p5 p6 p7 p8

p1 1.36 1.5 1.36 0.47 0.22 0.58 0.11
p2 1.36 1.36 0.72 0.33 0.11 0.36 0.11
p3 1.5 1.36 1.47 0.72 0.47 1.11 0.25
p4 1.36 0.72 1.47 1.11 0.47 0.72 0.22
p5 0.47 0.33 0.72 1.11 1.25 1.36 0.36
p6 0.22 0.11 0.47 0.47 1.25 1.25 0.36
p7 0.58 0.36 1.11 0.72 1.36 1.25 1
p8 0.11 0.11 0.25 0.22 0.36 0.36 1

indicates more communication betweenp andq. If i does not
appear intreep, R(p; i) is 0.

Using Equation 3, the process-correlation between each
pair of processes can be obtained as shown in Table 1.
A larger value means more communication between two
processes, and vice versa. When the value is 0, it means that
the two processes have no communication. As shown in the
table, although each process has a unique tree structure, the
process-correlation value between a pair of processes is equal
because the above tree structure describes the speci�c process
communication relationship, whereas the process-correlation
only describes the closeness of communication between any
pair of processes.

The following example demonstrates the symmetry of pro-
cess correlations in the process-correlation tree. According to
the tree structure shown in Figure 3(a), the identi�able con-
nection path between processesp1 andp2 becomes evident,
visually highlighted by the presence of a red line Further,
the process correlation tree of processesp1 andp2 can be
drawn, as shown in Figure 3(b). Three paths fromp1 to p2 are
shown on the left, and three paths fromp2 to p1 are shown
on the right. Each path corresponds to the same process and
depth because the physical node does not change during the
process of communication. Therefore, the communication
relationship between processes does not change whether a
message is sent or received. According to Equation 3,R(1; 2)
is equal toR(2; 1).

As depicted in Figure 3, there exists a strong hierarchical
association among processes. Therefore, after obtaining the
inter-process associations, we employ hierarchical cluster-
ing [66] to cluster the processes based on these associations.
The clustering method follows a bottom-up strategy, itera-
tively merging nodes into increasingly larger clusters based on
their similarity or distance. The speci�c algorithmic work
ow
for the communication cluster extraction method based on
inter-process associations is outlined below:

1. Initially, all processes within the process set are treated
as individual clusters, forming the leaves of the hierarchical
structure.

2. Subsequently, based on the associations among the
processes within a cluster, we compute a pairwise linkage
metric between every pair of clusters. In this study, the average
distance metric is adopted, as de�ned by Equation 3.

3. The two clusters with the maximum linkage metric are
merged into a single cluster, forming a non-leaf node in the
hierarchical tree.

4. Steps 2 and 3 are iteratively performed until the associa-
tion between any two clusters falls below a threshold. In this
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(a) (b)

Fig. 4 (a) The communication regions graph, where each commu-
nication region is encoded by a certain color. (b) The latency mode
of the graph, where the color goes from blue to red, indicates that
the latency increases from low to high.

study, the threshold is set to 2, and clustering ceases when
there is only a single communication message between two
clusters.

Applying the clustering method to the example data
shown in Figure 3 forms two communication regions,
namely, Region1 = f P1; P2; P3; P4g and Region2 =
f P5; P6; P7; P8g. All processes inside these regions commu-
nicate much more than those betweenRegion1andRegion2.

4.2.2 Visualization of Communication Regions

A communication region graph is designed to illustrate the
relationship between processes within a region and the rela-
tionship between regions. Figure 4(a) shows a total of 1024
processes, which are divided into 8 communication regions.
A graph node represents a process, whereas a link between
two nodes represents the communication between processes.
Each region is represented by a color for users to intuitively
understand the complex communication relationship. Our
design aims to show the overall clustering results and not just
a single process.

Through spatial clustering of process nodes, we �nd the
process nodes with the closest communication and divide
them into the same area to further visualize them. Users
can select speci�c process node regions for detailed analysis
according to the clustering results in the communication
region graph.

To improve the visual experience of users, we use 2D force-
directed edge building (FDEB), an edge bundling algorithm, to
avoid cluttered connections. The system also provides many
functions, including zooming in/out, translating, rotating,
and dragging, for users to further observe and analyze the
clustering results.

We also calculate the communication latency of each
region using the message latency calculation method provided
by the Equation 2. The communication latency of regions
is characterized by the communication region graph. As
shown in Figure 4(b), as the color goes from blue to red, the

Fig. 5 Features of communication latency over time, which are
used to generate temporal latency abstraction using the sliding
window algorithm. The red line denotesgtregion , and the important
growth trend periodandsteady trend periodare circled by ellipses.
The other features are compressed (reserve part of the data).

communication latency of a region goes from low to high. This
graph synchronously displays the process communication
delay information between di�erent regions in real-time.
Users can select those regions with high communication
latency for analysis as shown in Figure 4.

5 COMMUNICATION-DEPENDENCY-
BASED DAG

This section discusses the construction of communication-
dependency-based DAG Section 5.3 (R2), the temporal evo-
lution of PCL events abstraction Section 5.1, and the com-
munication dependency extraction method Section 5.2.

5.1 Temporal Evolution of Process Communication
Latency Events Abstraction

A sliding-window-based algorithm is proposed to extract the
features of PCL events within communication regions. This
algorithm generates an abstraction of temporal evolution.

First, gtregion is de�ned as the average latency of all
messages in theregion (Section 4.1) . Second, we de�ne two
important features to be extracted, namely, thegrowth trend
period andsteady trend period, as illustrated in Figure 5.
For other unimportant periods, we reserve three timestamps
to compress the time period, namely, start, mid, and end.
Based on the features de�ned above, we use the sliding-
window-based algorithm to generate the temporal latency
abstraction.

Thegrowth trend periodrefers to a time interval during
which the delay data exhibits a sustained increasing trend. This
could indicate changes within the communication network
leading to a gradual rise in message delays. An example of
this feature is depicted in Figure 5, showing a steady upward
trend in delay data.

Conversely, thesteady trend periodimplies that despite
stable communication latency, delays are consistently main-
tained at a higher level, making it di�cult to revert to lower
values. The illustration in Figure 5 further clari�es this point,
emphasizing 
uctuations in message delays at a higher level.
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