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ABSTRACT CCS CONCEPTS

Cloud-native applications using microservice architectures are
rapidly replacing traditional monolithic applications. To meet end-
to-end QoS guarantees and enhance user experience, each compo-
nent microservice must be provisioned with sufficient resources
to handle incoming API calls. Accurately predicting the latency
of microservices-based applications is critical for optimizing re-
source allocation, which turns out to be extremely challenging due
to the complex dependencies between microservices and the inher-
ent stochasticity. To tackle this problem, various predictors have
been designed based on the Microservice Call Graph. However,
Microservice Call Graphs do not take into account the API-specific
information, cannot capture important temporal dependencies, and
cannot scale to large-scale applications.

In this paper, we propose PERT-GNN, a generic graph neural
network based framework to predict the end-to-end latency for mi-
croservice applications. PERT-GNN characterizes the interactions
or dependency of component microservices observed from prior
execution traces of the application using the Program Evaluation
and Review Technique (PERT). We then construct a graph neu-
ral network based on the generated PERT Graphs, and formulate
the latency prediction task as a supervised graph regression prob-
lem using the graph transformer method. PERT-GNN can capture
the complex temporal causality of different microservice traces,
thereby producing more accurate latency predictions for various
applications. Evaluations based on datasets generated from com-
mon benchmarks and large-scale Alibaba microservice traces show
that PERT-GNN can outperform other models by a large margin. In
particular, PERT-GNN is able to predict the latency of microservice
applications with less than 12% mean absolute percentage error.
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1 INTRODUCTION

The Microservice architecture is an important software develop-
ment framework in the cloud native area. It structures an applica-
tion as a collection of small, independent, self-contained services
that can be deployed and managed independently. Companies like
Netflix, Twitter, Facebook, and Airbnb use this architecture to build
their cloud-based applications [4, 5, 16, 47].

Compared to monolithic, microservice framework offers the ad-
vantage of flexible resource scaling. Figure 1 shows a social network
application composed of multiple microservices forming a Microser-
vice Call Graph (MCG). User clients send API call requests to the
application through the API endpoints [11]. Microservices with
dedicated functions are then invoked to fulfil specific user requests.
When the application is under growing load, the service provider
can locate and scale individual microservices experiencing heavy
load instead of scaling the whole application.

Despite the flexibility, the microservice architecture brings a
great challenge in providing end-to-end QoS guarantees [8] in pro-
duction environments, as a single user request needs to be handled
by hundreds of fine-grained microservices [35]. Today’s produc-
tion clusters typically overprovision resources to provide such a
guarantee, which can easily lead to low overall resource utilization,
e.g., the CPU utilization in Alibaba microservice clusters is as low
as 20% [34]. Designing more efficient resource scaling solutions to
meet QoS guarantees therefore becomes critical.
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Figure 1: A microservice-based application handles multiple
API calls from the clients. Each API call could have differ-
ent runtime behaviors. A microservice operation can invoke
other microservice operations in sequential or parallel.
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Figure 2: The 95th percentile end-to-end latency/ response
time in (b) varies significantly as RPS (the number of re-
quests per second) in (a) fluctuates over time.

There mainly exist two approaches of resource scaling for mi-
croservices: reactive and proactive. Reactive methods tune resources
on-the-fly based on the performance feedback from the system
[25, 56]. By contrast, proactive methods build predictive models to
estimate the tail (e.g., 95th percentile) end-to-end latency of user re-
quests under different resource configurations in advance and then
choose the best configuration [42, 55]. While easy to implement,
reactive solutions can easily cause QoS violations because obtaining
the end-to-end feedback can be too late for scaling especially when
the call chain is long. As a consequence, proactive scaling tends to
be a more promising approach for microservices in recent years.

The ability to achieve efficient proactive scaling is highly de-
pendent on accurate prediction of tail end-to-end latency, which
however, remains quite challenging. First, the component microser-
vices within the same application can form complex interactions
between each other. The response of one microservice would highly
affect its downstream microservices, which in turn would affect
the end-to-end delay of the entire trace. As a consequence, fail-
ing to capture the complex dependencies between microservices
would lead to inaccurate prediction. Second, the tail latency is not
stable due to its inherent stochasticity because it accounts for the
worst-case scenario [8]. As shown in Fig. 2, although the workload
of a social network application changes periodically throughout
the entire week (Fig. 2a), the median latency (response time) stays
between 13ms and 17ms (Fig. 2b, the orange curve). As a compari-
son, the 95th percentile latency presents a significant fluctuation,
varying between 60ms and 510ms (Fig. 2b, the blue curve).
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In the literature, many efforts have been devoted to capturing the
complex dependencies between microservices and their operations
to predict the tail end-to-end latency [19, 38, 55]. In particular, these
works mainly adopt deep neural networks to model the dependen-
cies based on the whole MCG. However, there are three limitations
with MCG-based predictors as explained below.

(1) MCG is not API-aware and contains a lot of irrelevant infor-
mation that can result in suboptimal prediction results. Given
an API call, only a small subset of microservices in the MCG
are involved. For example the readTimeline is irrelevant
to the execution of the API call sent to MediaNGINX, as we
can see in Figure 1. Without filtering the noise, the latency
prediction will be highly inaccurate. Besides, for large appli-
cations, failing to capture the relevant microservices with
API-awareness can easily incur large computation overhead.
MCG is a static graph and does not capture the temporal dy-
namics among calls. For example, the PostStorageService
microservice subsequently call two other microservices, but
MCG does not show which one is invoked first. In addi-
tion, MCG does not distinguish whether these two other
microservices are invoked in parallel or sequentially.

MCG cannot identify runtime dynamics. Given the same
API call, the runtime dynamics can be different depending
on the input parameters. For example, the
/api/home-timeline/read API call can be made with or
without the userId parameter. This would affect whether
the UserTimelineMongoDB: find microservice operation is
called, which in turn would affect the end-to-end latency
of the /api/home-timeline/read API call. However, MCG
is unable to contain this information since it couples all
runtime behaviors using a single static graph.

Due to these limitations, current predictors have low predic-
tion accuracy, leading to QoS violations and wasted resources. To
address this, we introduce PERT-GNN, a graph neural network
(GNN) model that predicts the end-to-end latency of microservice-
based applications based on API call and resource utilization at
a given time. PERT-GNN is a generic model that works for any
microservice-based application and only requires a graph with
node features and/or graph features as input. In this work:

e Graphs (Span/PERT) are constructed from the traces, which
are collected by distributed tracing tools e.g. Jaeger [1]. See
Sec. 3 for details.

e Node features refer to resource utilizations (CPU/ RAM/
Disk/ Network loading) of EACH component microservice
of an application. These features are periodically scraped by
data telemetry tools e.g. Prometheus [6].

e Graph features refer to the type of the API-call, the times-
tamp of the trace, and a time-series of the number of re-
quests/response time in history.

PERT-GNN is API-aware and can incorporate the temporal de-
pendencies between microservices for a given API call. Our contri-
butions are summarized as follows:

o To address limitations (1)-(2), we propose a new design based
on the program Evaluation and Review Technique (PERT)
to construct graphs that are API-aware and able to capture
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the temporal dependencies between microservices. The con-
struction of the graphs is data-driven, based on raw microser-
vice trace data collected by distributed tracing tools such as
Jaeger [1] without any manual intervention.

To address limitation (3), we propose a general graph mixture
approach that identifies different runtime dynamics for the
same API call. This allows us to characterize the relationship
between relevant microservices specific to different runtime
dynamics within the same API call.

We propose PERT-GNN, a transformer-based GNN that pre-
dicts different end-to-end latency percentiles for microser-
vice applications by capturing structural and positional in-
formation of microservices and be trained end-to-end.

Our model was evaulated on large-scale traces from a bench-
mark suite for cloud microservice [18] and real-world Al-
ibaba traces [34]. Our model can predict end-to-end latency
with less than 12% mean absolute percentage error, which is
an improvement of 12% compared to existing predictors.

2 RELATED WORK

Nowadays, performance estimation has already been a fundamen-
tal problem for distributed tracing [13, 23, 30], root cause analy-
sis [19, 24, 51], and resource allocation [31-33, 44]. A lot of elaborate
models [9, 14, 20] have appeared to depict the microservice architec-
ture. For example, ATOM [20] and Kraken [9] use the Layered Queu-
ing Network (LQN) and Variable Order Markov Model(VOMM) to
predict the workload (i.e., call rate) for each microservice compo-
nent and then estimate the overall application performance. They
usually assume the latency or resource usage of each component
microservice known beforehand or following a simple function
with respect to the workload and resource configuration. These
model-driven approaches do not require much training effort. How-
ever, their assumptions are too strong and the input is based on
MCG, which can cause high estimation errors.

Machine learning approaches [19, 53, 55] are widely adopted
to design accurate performance estimation models. In particular,
Sinan [55] and Seer [19] directly use CNN combined with Boosted
Trees and CNN with LSTM to predict the end-to-end latency under
different workloads, respectively. These approaches treat the mi-
croservice application as a black-box and ignore the dependencies
between microservice components (i.e. not API-aware). Such data-
driven approaches require tremendous training data and are hard
to deploy in large-scale production environments.

In this sense, a body of works [17, 33, 42, 44] combine the ad-
vantage of model-driven and data-driven approaches. They can
consider MCGs while learning the complex mapping from the work-
load to the computation performance. For example, Sage [17] uses
a Causal Bayesian Network (CBN) to capture the dependencies be-
tween components and trains a Graphical Variational Auto-Encoder
(GVAE) to generate QoS-violation counterfactuals. Firm [42] defines
the critical path and uses the Reinforcement Learning to improve
the latency along the critical path. Meanwhile, a request only in-
vokes some paths of components cross the MCG according to the
business logic. Without focusing on such footprint of specific APIs
may involve too much noise in the machine learning model. Deep-
Rest [12] consider the span graphs, graphs containing the logic
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Table 1: Related Works for Performance Estimation

Source Tech. MCG Span Perf. Estimated
Graph Metric  Perf.
Kraken [SoCC’21] M v X LC CCR:99.7%
ATOM[ICDCS'19] M v X TPS  MAPE:5.05%
Seer [ASPLOS'19] D X X LC CCR:90%
MIRAS[ICDCS'19] D X X LC MAPE:14.3%
Sifter [SoCC’19] D X X LC RMSE:6.81ms
Sage [ASPLOS21] D X X LC CCR:94%
Sinan [ASPLOS’21] D v X LC RMSE:25.9ms
DeepRest[EuroSys’22] D v 7/ CPU MAPE:11.9%
GRAF[CONEXT21] D v X LC MAPE:26.9%
AutoPilot[EuroSys’20] M v X CPU CCR:99.5%
FIRM [OSDI’'20] M X LC CCR:93.5%
Our work M+D v / LC MAPE:11.8%,
RMSE:1.658ms

"LC" represents Latency; "TPS" represents Transaction per Second;
"CPU" represents CPU utilization for processing the application;
"M + D" represents mixture of model-driven and data-driven;
"MAPE" represents Mean Absolute Percentage Error; "CCR"
represents Correct Classification Rate;

unit of requests, to enhance the accuracy of the estimation model.
Although it is API-aware, it still ignores the temporal dependen-
cies between microservice operations. It also fails to capture the
runtime dynamics of the same API call since it couples all runtime
behaviors of the same API call together.

Graph neural network (GNN) [45] is used to process graph-
structured trace information. GRAF [39] predicts application la-
tency using graph node embeddings and fully connected layers,
but it doesn’t consider API footprints. To address this, we propose
PERT-GNN, which constructs a PERT graph from span graphs and
uses GNN to provide API-aware latency prediction for microservice
applications. For detailed comparison, see Table. 1.

3 GRAPH CONSTRUCTION FOR
MICROSERVICE TRACES

Our work aims to predict the end-to-end latency of an API call for
microservice-based applications. In general, the latency of a specific
API call is the amount of time it takes from when a request is sent
by the user to the time it takes for the response to be received. It is
a challenging task as the latency depends on the complicated in-
vocation dependencies among a plenty of microservices, while the
run-time dynamics of different API call vary greatly. To capture the
complex dependencies between microservices, previous works pro-
posed to model the traces as a graph. In this section, we introduce
different graph construction methods for representing microservice
traces. We will first introduce MCG and Span Graph (Sec. 3.1 and
Sec. 3.2), which are the most popular graph structures for represent-
ing microservice traces. Then we will propose to build PERT graphs
(Sec. 3.3) to model the relationships among microservices, which
resolve the limitations of MCG and Span graphs. Finally, since there
is a one-to-many relationship between the API call and the Span/
PERT graphs due to the dynamic runtime behavior of API calls, we
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Table 2: Comparison across different graphs structures for
trace representation

MCG Span PERT Span +

Graph ~ Graph  Graph PERT

(Sec.3.1) (Sec.3.2) (Sec.3.3) (Sec.4.1)
Directed v v v v
Acyclic X 4 v v
Tree X v X X
Scalability X 4 4 v
Temporal orderings X X 4 v
Distinguish parallel/ X X v v
sequential calls
APl-aware X 4 v v
Run-time Dynamics X X X v
Work [38] [11], Ours Ours

Ours

apply graph-based algorithms to identify different runtime variants
of the Span/ PERT Graphs efficiently in section 4.1. We summarize
the comparison of different graph structures in Table. 2.

3.1 Microservice Call Graph

With insider knowledge of the microservice application structure,
one can construct a graph where each node represents a microser-
vice, and each edge represents the communication between two
microservices. Figure 1 shows an example of a MCG for the Social
Network Microservices application. MCG has several fundamental
limitations, as explained in Sec. 1.

3.2 Span Graph

Due to the inability of the MCG to capture different invocation
paths for different API calls, DeepRest [11] proposed to use the
Span Graph to represent the microservice traces. Definitions are as
follows:

Definition 3.1. A span represents a logical unit of work that
has a microservice name, an operation name, the start time of the
operation, the duration, and the parent Span. Spans may be nested
and ordered to model causal relationships between microservice
operations [1]. A trace is made up of one or more spans. Figure 3a
shows a visualization of a trace.

Definition 3.2. A Span Graph is a directed rooted tree where
nodes are the spans and edges represent the calling relationships.
The Span Graph can be constructed directly from the trace where
the edges are the set of (parent Span, child Span) pairs. Figure 3b
shows an example of a Span Graph.

We denote the Span Graph of a trace as S = (Vs, Eg) where Vg
is the set of spans and Eg is the corresponding set of edges.

Every span has only one parent span, except the root span. The
root span/ node is the user span which represents the process
of the user sending and receiving an HTTP request. The end-to-
end delay is the duration of the root node, which is our target for
prediction. Although Span Graph can capture the calling hierarchy
between microservices and eliminate irrelevant microservices, it
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Figure 3: A span represents a logical unit of work in Jaeger
that has an operation name, the start time of the operation,
and the duration. Spans may be nested and ordered to model
causal relationships.

ignores the temporal orderings of the operations in the trace and
cannot distinguish parallel and sequential calls in the graph. For
example in Figure 3a, C calls D before calling E, but the Span Graph
(Fig. 3b) cannot capture this information. In addition, considering
the cases that A invokes C until B is finished, versus C invokes D and
subsequently invokes E without waiting D to finish. The Span Graph
cannot distinguish these two cases as they both have the same Span
Graph structure (two spans connected by a common parent span).
Consider an image retrieval system with three microservices: (A)
search query, (B) images ranking, and (C) image filtering. For a
user requesting the "top-K largest size monkey images among all
images," the calling order should be A — C — B. For a request
to "find all monkey images among top-K largest size images," the
calling order should be A — B — C. The Span graph structure
remains the same, with A as the parent and B and C as the leaves.
However, it does not reflect the calling order. Since end-to-end
latency is highly dependent on the calling order of microservices,
failing to capture the temporal dynamics of the operations will lead
to a suboptimal prediction of the response time.

3.3 PERT Graph

To address the limitations of the MCG and Span Graph, we propose
to use the PERT Graph to represent the microservice traces, which
captures the temporal dynamics of microservices call intrinsically.
The idea is inspired by the program evaluation and review technique
(PERT), a statistical tool for project management. PERT was created
to evaluate and represent the tasks necessary to complete a certain
project [48]. It is a technique for examining the tasks involved in
finishing a given project, particularly the amount of time required
to perform each work, and determining the time required for the
whole project [48]. PERT analysis is based on Project Control’s
network diagram, a Directed Acyclic Graph (DAG), where the nodes
represent events (or completed phase, or stages) and the arrow
represents the activities necessary to reach the nodes.

Since PERT Control’s network diagram is very useful in identi-
fying the time required to complete the total project, we present
a generalization of PERT to model microservice traces. Towards
this end, we define a DAG where nodes are stages and edges are
activities or work necessary to reach the next stages. Concretely,
we define a PERT Graph as follows:

Definition 3.3. A PERT Graph is a connected directed acyclic
graph (DAG) with a single source and a single sink. In a PERT
Graph, nodes are the stages/ milestones and edges represent the
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x

(a) Span Data (b) The final PERT Graph.

Figure 4: Illustration of the PERT Graph construction.

activities/ work/ tasks that must be performed to reach the next
stages. In the context of microservice traces, a stage is the moment
when a microservice invokes a call to or receives a response from
another microservice. The activities will be internal business logic
of the microservice. A PERT Graph can be constructed from the
Span Data (See Algorithm 1 for details). The source node represents
the start of the trace, i.e. the stage where a client sends an HTTP
request. The sink node represents the end of the trace, i.e. the stage
where the client receives the HTTP response.

PERT Graph divides a span into multiple stages to capture the
order of requests and responses. This helps distinguish between
sequential and parallel calls, which are represented differently.

3.3.1 Algorithm for Constructing PERT Graph. The algorithm of
constructing a PERT Graph is given in Algorithm 1. It takes a
Span Graph S = (Vs, Eg) as input, and returns a PERT Graph # =
(Vp, Ep) with respect to S where v5 ; € Vp represents the i-th stage
of span s, and a hashmap timestamps where timestamps.get (vs,;)
represents the corresponding timestamp. In summary, we create the
PERT Graph from a trace by first splitting each span into multiple
stages (line 5 of Alg. 1), and then adding edges between the stages of
the same span (line 6 of Alg. 1) and between the stages of different
spans (Fig. 4b and line 9-26 of Alg. 1).

Let |Vs| and |Es| be the number of vertices and edges in the span
graph S respectively, Algorithm 1 has a time complexity of O(|Vs]),
since line 3 - 7 takes O(|Vs|+|Es|) time and line 9 - 26 takes O(|Es|)
time. Since Span graph is a tree, |Es| = |Vs| — 1, which implies
Algorithm 1 takes O(|Vs|) time. Furthermore, we demonstrate the
correctness of Algorithm 1 in the following theorem.

THEOREM 3.4. Algorithm 1 always produces a DAG.

Proor. First, the vertices of the PERT Graph sorted by their
timestamps are always in topological order. This is because the
edges are added in temporal order in algorithm 1, that is for any edge
(a, b) added to the PERT graph in algorithm 1, timestamps.get(a) <
timestamps.get (D). Since temporal order is a total order, that is, it
satisfies the following properties for all timestamps 1, 12, and #3:

(1) 1 <11,

(2) t1 <t2andt2 <13 = 1 <13,

(3) t1 <t2andt2 < t1 = t1 =12, and
(4) t1 <t2ort2 < tl.

This implies that the vertices of the PERT Graph sorted by their
timestamps are in total order. Therefore, there exists a topological
ordering of the PERT Graph generated by algorithm 1. Since a
topological ordering is possible if and only if the graph is a DAG,
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Algorithm 1 PERT Graph construction

Input: A Span Graph S = (Vs, Es), the start time and the end time

of each span s € Vs.

Output: A PERT Graph P = (Vp, Ep) with respect to S where
vs,i € Vp represents the i-th stage of span s, and a hashmap
timestamps where timestamps.get (vs ;) represents the corre-
sponding timestamp.

: Initialize Vp = 0 and Ep = 0.

: Initialize n_stages[] to be an empty array of size |Vg|

. for s € Vs do

n_stages|[s] « v.outdegree() * 2 + 2
Vp «— Vp U {usli € [1,n_stages[s]]}
node s and add them to the PERT Graph
¢ Ep — EpU{(05505m)li € [1,n_stages[s] — 1]} »Add
edges between the copies of node s to the PERT Graph

7. end for

8: Initialize an empty hashmap timestamps.

9: for s € Vg do

1S I N N

> Create copies of

10: start_times « {(c.start_time,c)|c € s.out_neighbors()}
11: end_times < {(c.end_time, c)|c € s.out_neighbors()}
12: out_neighbors_times < start_times U end_times

13: ie2

14: for (t,c) € sort(out_neighbors_time, key = time) do
15: if t == c.start_time then

16: Ep «— Ep U {(vs,i,0¢,1)}

17: timestamps.insert (v j, t)

18: timestamps.insert(vc 1, t)

19: else if t == c.end_time() then

20: Ep < Ep U {(Uc,n_stages[c]’osi)}

21: timestamps.insert(Vcn_srages(c]>t)

22: timestamps.insert (v j, t)

23: end if

24: ie—i+1

25: end for

26: end for

27: return (Vp, Ep), timestamps

the PERT Graph generated by Algorithm 1 is always a DAG. This
completes the proof of Theorem 3.4. O

4 SUPERVISED GRAPH REGRESSION WITH
GRAPH NEURAL NETWORKS

As mentioned in Sec. 1, we aim to predict the end-to-end latency of
microservice traces as a function of the API call and the resource
utilization for all microservices at a particular timestamp. That is,
let MS be the set of all microservices and ‘Rﬁms) be the resource
utilization of a microservice ms € MS at any given time ¢:

R, = {R\™) € R% | ms € MS} 1)

where d; is the number of resources. Let G = (V.g, E #) be the
Span/PERT graph associated with the API A with V.# being the set

of vertices and E # being the set of edges. Let R; G, be the resource
utilization of all microservices at time ¢ restricted to graph G 4, i.e.:

RiGq = {R™) e R | ms € Vg @)
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Figure 5: The Design Overview of PERT-GNN

Rt,G 4 is also the set of node features that are related to A. Since we
can use different Span/ PERT graphs to represent different API calls
to capture microservice operations dependencies !, our problem
can be formulated as a supervised graph regression problem:

®)

An overview of our proposed PERT-GNN framework is shown
in Fig. 5. In PERT-GNN, fj is a composition of a node encoder

J0encoe» @ 8raph pooling operator fy . and a graph predictor fy .,

Jar, = fo(Ga,Recq) ER

as follows:

JAR: = Jopmea © J0p001 © SOencoae) (G- Re,Gn) 4
Given (Gg, Ry,G4 ), We first generate a node embedding h, € Rout
for each node v € V with an encoder fy ., which captures the
structural information of the graph. These node embeddings can be
stacked to form a matrix Hg,; € RIVXdour The encoder f :

encode
G — RN*dout can be a graph neural networks (GNNs) [21, 27, 50]
or a graph transformer [10]. Then, we use a graph pooling oper-
ator f9pool : RN%dour _; Rdout 1 aggregate the node embeddings

to generate a graph embedding hg,, € Rour fgpool can be a per-
mutation invariant pooling function such as max pooling, mean
pooling, or attention pooling [52, 54]. Finally, we use a graph pre-
dictor fgpIe " Rut — R to predict the target value § AR, from the
graph embedding hg,,. f9pre . can be a simple linear function or a
multi-layer perceptron (MLP).

In this work, apart from the resource utilization R; 4, we also
include the microservice name, the operation name and other
structural features such as node depth as the node features (See
Sec. 5.1 for more details.). We use structure-aware graph trans-
former (SAT) [10] as the graph encoder f_ . since it achieves
state-of-the-art performance on graph prediction benchmarks. De-
tailed description of SAT can be found in the Appendix A. We use

mean pooling for f,gp and a 2-layer MLP for fgpm .

ool

!Caveat: We assume here that there is only one Span/ PERT graph for each API call. We
will discuss how to handle the general case in Sec. 4.1. In practice, it is very likely that
there are multiple Span/ PERT graphs for the same API call due to different runtime
behaviors (as mentioned in Sec. 1.)
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4.1 Graph Mixtures: Characterizing different
runtime behaviors of the same API call

Since we are predicting the latency based on that API call but
not the actual trace, and we want to capture the dependencies
between microservice operations, we need to construct a graph
that is API-specific but not trace-specific. In other words, we need
to construct a graph for each API call to capture different API-
specific dependencies. However, there could be different runtime
dynamics for the same API call. That is, there is no one-to-one
correspondence between the entry operation name and the span
graph topologies. An intuitive solution is to form a static graph by
taking the union of all Span Graphs of the same API call. But this
method couples all runtime behaviors and therefore fails to isolate
and capture different invocation patterns.

To resolve this challenge, for a given API call A, we interpret
G # as a random variable that takes values in the set of Span (or
PERT) graphs associated with the API call A. Let G be the set
of all Span/PERT graphs where the operation name of the root
node (the API call) is A, we compute the graph representation
hg,, € Rut by taking the conditional expectation of the graph
representation given A as follows:

hG?{ ‘= Eclﬂ [fepool °© feencode (G’ Rt’G) |ﬂ] (5)
= > PR fore0 © foeneose (9 Reg) (©)
9€GA
With Q;P;an and QP;‘RT being the collection of Span graphs and

PERT graphs, we can generate their graph representation h _span

A
and hGI;-:RT using Eq. 5 respectively, with different parameters. We
can compute the final graph representation matrix hg , by taking
the weighted average of the two matrices with a trade-off parameter
a as follows:

™)

hg., = ah_span + (1 — a)h .
Ga G ( )G{;§RT

4.2 Time2Vec

As mentioned in sec. 4, we include the timestamp of the request. For
predicting the service response time at a particular time, it should
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be useful to know if it is at peak-hours or not. Since peak-hours
and off-peak hours are periodic in real-world traffic (e.g. peak-hour
in lunchtime and late evening occurs everyday) [29], we use a
Time2Vec [36] to capture the periodicity of the traffic. Specifically,
given a timestamp t € R, we use the Time2Vec to generate a vector
in R%ut a5 follows:

ifi=0
if1<i<dou—1

wit +¢i
sin(w;jt + ¢;)

t2v(n)[i] = { ®
where w;s and ¢;s are trainable parameters.

In our experiments, the granularity of ¢ is an hour. Our ablation
studies in Sec. 5.5.3 show that the Time2Vec is effective for predict-
ing the service response time. We also find that in most runs, at
least one of the learned w; takes the value of 0.26 ~ ZZ—Z, indicating
that the traffic repeats every 24 hours, which captures the daily
periodic patterns.

4.3 Processing Graph features for Predictions

Apart from the timestamp, we also include a time series of the past
service response as the graph-level features to the model. To capture
the trend of this time series, we apply a sequence model fgseq to

the time series, to obtain a vector representation hy;siory € Rout
of the time series, as shown in Fig. 5. fgseq can be any differentiable
sequence model such as LSTM [22] or Transformer [49]. Finally,
we combine the t2v vector, the graph embeddings hg,,, and the
time-series embedding hy;story to generate the latency prediction
as follows:

g:ﬂ,Rt = fepred (hGy{ +12v(t) + hhistory) eR. ©

4.4 Quantile Regression Loss

Standard regression model minimizes the mean squared error (MSE)
between the predicted and the ground truth. The method of least
squares estimates the conditional mean of the delay given the entry
microservice and the resource utilization. However, end-to-end
delay is commonly modeled in terms of quantiles, such as the 95th
percentile. The tail behavior is usually more important because
some user studies have found out that people favor a slightly slower
system to one with unstable response time [8].

In light of this, rather than giving a point estimate of the end-to-
end delay (e.g. the conditional mean), we propose to use quantile
regression [28] to predict the conditional quantiles of the end-to-
end delay given the API call and the resource utilization for all
microservices at a particular time. Let § be the predicted end-to-
end delay and y be the corresponding ground truth (We omit the
subscript A and R; for simplicity.), the quantile regression loss [28]
for 7-th quantile is defined as:

L:(9,y) = rmax(y — §,0) + (1 - 1) max(§ —y,0) ~ (10)
_ r(y—y‘)A %fy>y: (11)
1-0@-y ify<y

Note that when 7 = 0.5, the quantile regression loss is equivalent
to half of the Mean Absolute Error (MAE) loss. It can be shown
that the minimizer of the quantile regression loss is the conditional
7-th quantile of the end-to-end delay given the entry microservice
and the resource utilization [28]. The quantile regression loss is a
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convex function of the predicted delay. Since the quantile loss is not
differentiable when ¢ = y, we use subgradient descent to optimize
the quantile regression loss.

5 EXPERIMENT

In this section, we present the experimental results to demonstrate
the effectiveness of PERT-GNN. We first describe the experimental
setup, including the datasets, the evaluation metrics, and the base-
lines. Then, we describe the results of our proposed method and
compare it with the baselines. We further conduct ablation studies
to analyze the effectiveness of the proposed components.

5.1 Data Processing

We evaluate our proposed method on a Social Network microservice
application using simulated workloads from DeathStarBench [18] 2
and real-world traces from Alibaba [34] 3. The experiments are
conducted on a server with Intel Core AMD EPYC 7532 32-Core
Processor CPU X2 with 1 TB of memory and GeForce RTX 3090
SUPER GPU x 8 running Ubuntu 20.04.3 LTS.

5.1.1 DeathStarBench Social Network application. The Social Net-
work application consists of 29 components and 76 resources. We
preprocess the dataset according to [11] by generate the work-
loads with Locust [3]. The loading pattern follows real-world traffic
pattern [29] with two peaks per day, and we simulate 7 days of
workloads for training and evaluation. The social network graph
and post contents are based on real-world datasets from Facebook
and photos are drawn from the INRIA dataset [15] to resemble
the realistic interactions between users [43] All microservices are
deployed in separate Docker containers [37] orchestrated by Ku-
bernetes [2]. Span data is collected with Jaeger [1].

For the node features, we include the microservice name, the
operation name and the most recent CPU and memory utiliza-
tion, write IOps and write throughput for all components. We use
Prometheus [6] to collect these utilization metrics, with a scrape
interval of 5 seconds. For Span Graph, we also include the node
depth (i.e., the number of hops from the entry microservice) as
node features. For PERT Graph, we extract both the minimum and
maximum node depth (i.e. the shortest and the longest path length
between the root and the nodes) as node features.

For graph features, we include API-call id, and create a multivari-
ate time series of past number of requests and the response time of
the entry microservice. We divide the history into k time windows
of u seconds each, where k and u are hyperparameters. For each
time window, we extract the timestamp and compute the count,
mean, min, max, and standard deviation of the response time.

5.1.2  Alibaba Microservice applications. Alibaba’s real-world traces
(collected in 2021) [34] were obtained from over ten thousand bare-
metal nodes on production clusters for 12 hours, with a 0.5% sam-
pling rate. The dataset includes 20 million traces (user requests),
spanning over 20 thousands microservices within 10 clusters.

Node features include the microservice name, the communi-
cation paradigms (e.g. HTTP, Remote procedure call, Database,
2The application is available at https://github.com/delimitrou/DeathStarBench/tree/
master/socialNetwork

3The dataset is available at https://github.com/alibaba/clusterdata/tree/master/cluster-
trace-microservices-v2021
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Table 3: Test set quantile regression results. The best-performing model is highlighted with boldface.

Social Network Alibaba
=05 7=0.95 =05 7=0.95

Model Input Graph MAPE MAE (ms) Quantile Loss MAPE MAE (ms) Quantile Loss

Linear - 18.27% 2.547 0.6564 44.38% 2.046 6.2496

Random Forest - 18.85% 2.596 0.6731 42.40% 3.866 1.9174

Decision Tree - 18.65% 2.577 0.6693 70.15% 6.054 2.7274

Gradient Boosting - 18.25% 2.546 0.6560 12.57% 1.407 0.6234

MLP - 18.92% 2.521 0.7038 16.76% 1.755 2.5460

GRAF MCG 21.3%2 - - OOM OOM OOM

PERT-GNN (a =1) Span Mixture  12.84% 1.683 0.2310 12.04% 1.391 0.5865

PERT-GNN (a =0) PERT Mixture 11.81% 1.658 0.2184 11.47% 1.275 0.5781

8 We report the lowest MAPE among different latency regions shown in [39].
Memcached), the interface name, the node depth (see Sec. 5.1.1), 10 Restdualvs. Flted apt 10 Restdualvs. Fted API
and the CPU and memory utilization of the microservices. Since ol S : 9
only 1300+ nodes are selected for recording the CPU/ RAM uti- % 4 % .
lization per 30 seconds, node features are missing for most of the g o = Ehet & o %
microservices. We selected 1.75 million traces (9.37%) for training A 2
2 3 4 5 6 7 8 910 2 3 4 5 6 7 8 9 10

and testing, each with over 60% of microservices having node fea-
tures (i.e. CPU/RAM utilization). To address missing features, we
added a missing value indicator. Out of 1.75 million traces, there
are 65 different API calls. As mentioned in Sec. 4.1, a single API
call can have numerous runtime behaviors. On average, there are
722 different runtime behaviors per API call with some API calls
having up to 6061 different runtime behaviors.

API call id is the only graph features in this dataset. The mul-
tivariate time series of past number of requests and the response
time are not available in the dataset. Refer to [34] for more details.

5.2 Hyperparameter Settings

We adapt the code from Chen et al. [10] to implement SAT model
for our applications. * We use the Random Walk Embedding as the
Absolute embedding [46]. The number of transformer layers of the
SAT is selected from 1-4. The embedding dimension is selected from
16-256. The dropout rate is selected from {0,0.2,0.4,0.6,0.8}. The
number of layers are selected from 1-3. We use the mean pooling as
the pooling operator fy . We train PERT-GNN with 50 epochs and
a batch size of 256. We use Adam [26] as the optimizer for the model
and the learning rate is selected from the range of [0.0002, 0.005].

5.3 Baselines

We compare PERT-GNN with 6 baselines: Linear Regression (LR),
Random Forest (RF), Decision Tree (DT), Gradient Boosting De-
cision Tree (GBDT), Multi-Layer Perceptron (MLP), GRAF [39].
For LR, RF, DT, GBDT, and MLP, the input features are the con-
catenation of the features of all microservices (i.e. the most recent
utilization) and the graph features. For RF and DT, we use Scikit-
garden implementation [7] with default hyperparameters. For LR
and GBDT, we use Scikit-learn implementation [41] with default
hyperparameters. For MLP, we implement it using PyTorch [40]

“Implementation code is available at https://github.com/handasontam/PERT-GNN-
KDD23.git.
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Predicted Predicted

(a) PERT-GNN (z = 0.5) (b) Linear (z = 0.5)

Figure 6: Residual vs. fitted for two selected API-call in the
Social Network application. The linear regressor has a larger
error and fails to identify different runtime behaviors of the
same API call. Best viewed in color.
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Figure 7: Performance of
PERT-GNN across different
time interval and number of
steps. Best viewed in color.

Figure 8: Histogram of
the period learned by
Time2Vec.

where the number of layers is selected from 2 — 3, the number
of hidden units is selected from 16 — 256, and the learning rate is
also selected from 0.0002 — 0.005. DeepRest’s [11] results cannot
be directly comparable to ours since DeepRest focuses on the time-
series resource estimation problem. Additionally, DeepRest builds
a graph by only merging the Span graphs together, therefore we
expect that if we apply its prediction model to estimate latency, the
performance will be worse than PERT-GNN with « > 0.

5.4 End-to-End Results

Table 3 shows the results of the experiments where we compare the
performance of PERT-GNN with other machine learning models.
We trained the models with 7 = 0.5 and 7 = 0.95 and report the
test results with the best validation performance. PERT-GNN out-
performs the other models in terms of MAPE and MAE for median
estimate, as shown in Table 3. In the Social Network application,
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PERT-GNN with & = 0 outperforms all other models, indicating
PERT Graph is more effective than Span Graph in capturing tempo-
ral dependencies. Alibaba trace dataset has more microservices and
API calls than the Social Network application (20000+ vs. 29 and
65 vs. 3, respectively). All baseline models fail to provide accurate
predictions in the Alibaba traces dataset. This is because they are
not API-aware and cannot identify the few relevant microservices
from a large set of microservices for each API call. In the worst case,
if we include all relations between microservices (MCG), training
becomes infeasible due to out-of-memory (OOM). Thus, an API-
aware model is necessary to handle large-scale traces. Similarly,
PERT-GNN with PERT mixture (i.e., @ = 0) also outperforms all
other models in the Alibaba traces dataset. We display residual
plots for two API calls in the Social Network Application’s median
estimate in Fig. 6a and Fig. 6b for PERT-GNN and Linear Regressor
respectively. Compared to PERT-GNN, the linear regressor predicts
the latency of the trace with a large error and gives almost the
same prediction for the same API, indicating that it cannot capture
different runtime behaviors of the same APL

Unlike median estimate, it is difficult to evaluate the performance
of 95th percentile estimate. This is because we cannot observe the
true 95th percentile value of any trace, i.e. there is no ground truth
to compare with. Thus, we cannot use the MAPE or MAE to evaluate
the performance of 95th percentile estimate. Since the minimizer
of the quantile loss with 7 = 0.95 is the 95th conditional percentile,
the model with the lowest quantile loss is the best model for 95th
percentile estimate. Quantile loss is hard to interpret but we can still
use it to compare the performance of different models. Table 3 shows
that PERT-GNN outperforms the baselines in terms of quantile loss.
Similar to the median estimate, PERT-GNN with a = 0 outperforms
the other models, which indicates that the PERT Graph incorporates
important information for capturing tail behaviors.

5.5 Ablation Studies

In this section, we conduct ablation studies to analyze the effective-
ness of the proposed components. We seek to answer the following
questions:

(1) How does the use of the PERT graph affect the performance
of the model?

(2) How does the number of steps and the time interval for each
step for the historic affect the performance of the proposed
method?

(3) Can t2v generate a good embedding that captures the trend
or the periodicity of the time series?

5.5.1 Influence of using PERT Graph. To evaluate the impact of
using PERT graphs, we compared PERT-GNN with PERT mixture
to PERT-GNN with Span mixture while holding other hyperparam-
eters fixed. As shown in Table 3, PERT-GNN with PERT mixture
(a = 0) outperforms PERT-GNN with Span mixture (¢ = 1) in all
metrics. We also attempted to use a weighted sum of the two graphs
by selecting a € (0, 1), but the performance was typically similar to
PERT-GNN with a = 0. This supports our intuition that the PERT
graph provides additional temporal ordering information that is
not captured by the Span graph, and adding the Span graph does
not improve the performance since all the information in the Span
graph is already captured by the PERT graph.
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5.5.2 Influence of the number of time steps and time interval. To
evaluate the influence of the number of time steps and the time
interval for the time series of the past history of the number of
requests and response time, we conduct experiments with different
combinations of the number of time steps (ranging from 1 to 100)
and the time interval (ranging from 5 to 600 seconds) while holding
other hyperparameters fixed. Figure. 7 shows the performance of
the proposed method with different combinations of the number of
time steps and the time interval. As shown in the figure, smaller
time interval leads to better performance. This is expected because
the short-term trend of the time series gives more information about
whether there is traffic congestion at the moment. On the other
hand, we observe that the performance of the proposed method
is not sensitive to the number of time steps across different time
intervals. Surprisingly, setting the number of steps to 1 does not
hurt the performance of the proposed method, and for the time
interval of 10s and 30s, the model is significantly degraded when
the number of steps is set to 100. This is because large step sizes
introduce a lot of noise to the time series, which makes it difficult
for the model to learn the short-term trends of the time series. For
time intervals larger than 30s, the performance of the proposed
method saturates, which again indicates that long-term trends are
not as important as short-term trends for the prediction of latency.

5.5.3 t2v. Figure. 8 shows the histogram of the period learned by
t2v for the different runs. Looking at the learned frequency for the
sine functions across several runs, we observed that in many runs,
we find that in most runs, one of the learned w; takes the value of
0.26 ~ ZZ—Z, indicating that t2v learns a periodic traffic pattern that
repeats every 24 hours.

6 CONCLUSION AND FUTURE WORKS

We present PERT-GNN, a graph neural network model to predict
the end-to-end latency for microservice applications. With the use
of PERT Graph, the temporal orderings of microservice operations
can be preserved and the run-time dynamics within or across dif-
ferent API-call can be decoupled and incorporated into the graph
learning model. Experiments and ablation studies suggest that the
proposed model is capable of producing accurate predictions while
being computationally efficient. Future directions include designing
a better graph neural networks model that exploits the DAG prop-
erties of a PERT Graph, and building a proactive resource allocation
system based on PERT-GNN.
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A STRUCTURE-AWARE GRAPH
TRANSFORMER

In this paper, we use structure-aware graph transformer (SAT) [10]
as the graph encoder fy_ . since it achieves state-of-the-art per-
formance on graph prediction benchmarks, and it is able to capture
the structural information of the graph, which is important in our
application. We will briefly introduce SAT in this section. SAT first
uses a k-subgraph GNN extractor to extract local structure of a
node. Let GNNK) (0, G) be an arbitrary GNN with k layers applied
to node v in graph G. Let h), € Rut be the embeddings of node v
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computed by GNNé,k) , that is:

h} == GNN{" (0, G) € Ru, (12)

Let 8¢ be the local structural embedding of node v, which is
computed by summing the embedding of all nodes within the k-
hop neighborhood of v:

t dou
hy™ = ) by e Rébow,
ueNi(v)
SAT then define an asymmetric exponential kernel function x

to compute the structural similarity between two nodes v and u in
graph G via:

(1, 0) = exp ((thf}f“C, Wichstrue) /\/dm) €eR  (14)

where (-, ) is the dot product, Wg, Wy € RYoutXdout are trainable
parameters, and dyy; is the dimension of the structural embedding.

Having defined the structural similarity between two nodes, SAT
then computes the self attention [10, 49] of node v via:

(13)

Kk (v, u)

R A (va ) c Rdout’
ZWEV K(Z), W) “

SA-attn(v) := Z
uev
Finally, we apply a skip-connection and a multi-layer perceptron

to the output of the self-attention to obtain the final embedding of
node v:

(15)

hy = ReLU((xp + SA-attn(v))W; )Wy € Rfout (16)

In practice, we use multi-head attention [49], where we apply
multiple Eq. 15 with different Wo, Wk, Wy, and 0, and concatenate
the results, followed by a projection. This allows the model to
attend to different structural information. Equation (16) is a layer
of structure-aware graph transformer (SAT) [10]. One can stack
multiple layers of SAT to obtain a deeper SAT.
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