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Abstract

The recent surge in popularity of cloud-native applications
using microservice architectures has led to a focus on accu-
rate end-to-end latency prediction for proactive resource allo-
cation. Existing models leverage Graph Transformers to Mi-
croservice Call Graphs or the Program Evaluation and Re-
view Technique (PERT) graphs to capture complex temporal
dependencies between microservices. However, these models
incur a high computational cost during both training and in-
ference phases. This paper introduces FastPERT, an efficient
model for predicting end-to-end latency in microservice ap-
plications. FastPERT dissects an execution trace into several
microservices tasks, using observations from prior execution
traces of the application, akin to the PERT approach. Sub-
sequently, a prediction model is constructed to estimate the
completion time for each individual task. This information,
coupled with the computational and structural inductive bias
of the PERT graph, facilitates the efficient computation of the
end-to-end latency of an execution trace. As a result, Fast-
PERT can efficiently capture the complex temporal causality
of different microservice tasks, leading to more accurate and
robust latency predictions across a variety of applications.
An evaluation based on datasets generated from large-scale
Alibaba microservice traces reveals that FastPERT signif-
icantly improves training and inference efficiency without
compromising performance, demonstrating its potential as a
superior solution for real-time end-to-end latency prediction
in cloud-native microservice applications.

1 Introduction

Microservice architecture is becoming a pivotal software
development framework within the realm of cloud-native
applications. It decomposes an application as an assembly
of small and self-contained services, which can be inde-
pendently deployed and managed. Owing to these advan-
tages, industry giants such as Netflix, Twitter, Facebook, and
Airbnb have embraced this architecture for building their
cloud-based applications (net 2019; Dragoni et al. 2017; Sri-
raman, Dhanotia, and Wenisch 2019; air 2017).

In many cases, microservices are deployed in distinct
Docker containers and orchestrated by Kubernetes (Merkel
et al. 2014; Kuberntes 2014). Client users send API call
requests to the application via the API endpoints (Chow
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et al. 2022a). Microservices with dedicated functions are
then invoked to fulfill these user requests. For example, a so-
cial networking application mighht have a post /compose
API endpoint that enables users to create a post. This API
endpoint could invoke the post Storage microservice to
archive the post in the database and the userTimeline
microservice to refresh the user’s timeline.

Compared to a monolithic architecture, the modular na-
ture of microservices facilitates easy scaling of the applica-
tion. When the application faces an increasing load, the ser-
vice provider can identify and scale individual microservices
experiencing heavy traffic, rather than scaling the entire ap-
plication. State-of-the-art resource scaling solutions for mi-
croservices primarily focus on proactive scaling (Zhang et al.
2021; Qiu et al. 2020; Chow et al. 2022b; Park et al. 2021a;
Wang et al. 2022; Tam et al. 2023). In this approach, the ob-
jective is to predict the end-to-end latency of a microservices
trace under various resource configurations in advance. It’s
important to note that a trace encompasses all microservices
invoked from the initial API call requests to the final response
through the API endpoints. The optimal configuration is then
chosen to meet the service level objective (SLO).

The success of real-time proactive scaling hinges on ef-
ficient and accurate end-to-end latency prediction mod-
els. However, these goals often conflict, as accounting for
intricate microservice interactions can compromise model
lightweightness. Neglecting complex dependencies leads to
inaccurate predictions (Zhang et al. 2021; Park et al. 2021b;
Tam et al. 2023; Park et al. 2021b), while overly complex
models, like PERT-GNN (Tam et al. 2023), which uses a
Program Evaluation and Review Technique (PERT) graph
(see sections 4.1 and 4.2 for details) and Graph Transform-
ers to capture temporal dependencies between microservice
tasks, become computationally demanding and challenging
to deploy in real-time production environments.

In addition to grappling with the trade-off between ef-
fectiveness and efficiency, most prior works overlook the
inherent structural and computational inductive biases of
microservices traces. Specifically, the structural inductive
bias refers to the fact that the relationships among microser-
vices in a trace naturally form a Directed Acyclic Graph
(DAG). This structure reveals the dependencies between
consecutive microservices. The computational inductive
bias pertains to the principle that the end-to-end latency of



a microservices trace is equivalent to the cumulative com-
pletion time of each microservice task along any path from
the source to the sink. This principle implies a consistent
time cost across different paths. However, these two cru-
cial inductive biases are often neglected by existing meth-
ods when constructing their models, leading to suboptimal
performance in end-to-end latency predictions.

To tackle the aforementioned challenges, we introduce
FastPERT, a lightweight model for predicting end-to-end la-
tency in microservice applications. Building on PERT-GNN,
FastPERT leverages structural and computational inductive
biases from microservices traces to accelerate training and
inference without sacrificing performance. Unlike PERT-
GNN, our two-stage approach first predicts the completion
time for each microservice task (node) using a lightweight
model, then captures temporal dependencies by averaging
path completion times in the PERT graph. Experiments on
Alibaba’s real-world datasets show that FastPERT achieves
comparable accuracy to PERT-GNN while significantly im-
proving training and inference efficiency.

In summary, our primary contributions are threefold:

. We revisit the problem of end-to-end latency prediction
in microservices traces and investigate the limitations of
existing models, which suffer from slow training and in-
ference efficiency.

. We propose FastPERT, a lightweight framework design
that leverages structural and computational inductive bi-
ases to predict end-to-end latency with efficient pre-
computation techniques, without relying on Graph Neu-
ral Networks (GNNs).

. Through extensive experiments on a real-world Alibaba
traces dataset, we demonstrate FastPERT’s effectiveness
and efficiency, outperforming PERT-GNN in training and
inference speed while achieving comparable prediction
accuracy without requiring a GPU.

2 Related Works

Microservice performance estimation has been explored in
various works. Distributed tracing systems (Las-Casas et al.
2019; Chow et al. 2014; Huang and Zhu 2021; Weng et al.
2023a) focus on bias sampling towards underrepresented
traces. Root cause analysis systems (Gan et al. 2019; Jay-
athilaka, Krintz, and Wolski 2017; Weng et al. 2021, 2023b)
diagnose performance issues by comparing runtime perfor-
mance to estimations. Resource allocation systems (Liu, Xu,
and Lau 2020, 2022; Rzadca et al. 2020; Luo et al. 2023,
2022b) scale containers based on performance estimation.
We categorize prior works into three groups:

Model-based approaches: Sophisticated models (Cohen
et al. 2004; Gias, Casale, and Woodside 2019; Bhasi et al.
2021; Luo et al. 2023; Shi et al. 2023; Luo et al. 2022b) rep-
resent microservice architecture or performance with math-
ematical models such as Layered Queuing Network (LQN)
and Variable Order Markov Model (VOMM). However,
these approaches often lead to significant estimation errors
due to assumptions about latency or resource usage.

Learning-based approaches: Machine learning ap-
proaches (Gan et al. 2019; Zhang et al. 2021; Yang et al.
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2019; Shi et al. 2022) (e.g. CNN, LSTM) can also be
used to design performance estimation models. In addition,
Firm(Qiu et al. 2020) uses Reinforcement Learning to im-
prove latency along the critical path and Sage(Gan et al.
2021) uses a Causal Bayesian Network and Graphical Vari-
ational Auto-Encoder to generate counterfactuals for QoS
violations. DeepRest(Chow et al. 2022b) incorporates span
graphs to include the call order information into the estima-
tion model. While some consider component dependencies,
they often neglect the order of invocations or temporal de-
pendencies among microservice operations and fail to cap-
ture the runtime dynamics of the same API call.

Our approach combines structural and computational in-
ductive bias without relying on GNNs. By decomposing ex-
ecution traces into microservice tasks via the PERT graph, it
individually estimates task completion times, providing ac-
curate and fast latency predictions for diverse applications.

GNN-based approaches: Graph Neural Networks
(GNNs) (Park et al. 2021a; Wang et al. 2022; Tam et al.
2023) process graph-structured data (e.g. MS Call Graph,
Span Graph, Trace-PERT Graph) to handle the callings
relationships between microservices. However, these ap-
proaches have significant training and inference overhead
and require frequent retraining to ensure accuracy.

In comparison to PERT-GNN (Tam et al. 2023), our pro-
posed FastPERT method has three key differences:

1. Unlike PERT-GNN, FastPERT leverages ground-truth
delay information for each microservice task, enhancing
prediction capability.

. Unlike PERT-GNN, FastPERT is not a GNN model and
it does not rely on computationally intensive graph trans-
formers. It does not use neighborhood aggregation for
learning node/graph representations. Instead, it leverages
the key property of constant path latencies in Trace-PERT
graphs and rely on the path latency aggregation schema
to compute the end-to-end latency predictions, which
is difficult for ML models to learn. This approach en-
ables a highly scalable algorithm using vector operations
(Section 5.1), significantly improving training efficiency
while maintaining comparable prediction accuracy.

. FastPERT allows for interpretable models, such as deci-
sion trees, to estimate task delays and explain end-to-end
latency predictions, unlike the black-box nature of PERT-
GNN’s graph transformers.

A comprehensive comparison of our approach with exist-
ing methods can be found in Table 1.

3 Problem Formulation

Our research aims to predict the end-to-end latency of
microservice applications based on API calls and re-
cent resource utilization. We define a dataset D
{(GD, XD RO, y("))l’.’=1 }, where G® is a graph represent-
ing microservice relations, X@ are static node features (e.g.,
unique identifier, communication paradigms such as HTTP,
RPC, Database, Memchached), R® is the recent resource
utilization (e.g., CPU, memory, response times), and y(i) is
the ground-truth end-to-end latency. A full list of node fea-
tures is detailed in the supplementary material.



Source Tech. MCG Span PERT Est.

Graph Graph Speed

Kraken s M v X X Fast
ATOM [ICDCS’19] M v X X Fast
Nodens [ATC’23] M v v X Fast
Seer [ASPLOS’19] L X X X Slow
Sage [ASPLOS’21] L X X X Slow
FIRM [OSDI’20] L v X X Slow
DeepRest[EuroSys’22] L v v X Slow
GRAF GNN v X X Slow
[CONEXT’21]

DeepScaling GNN v X X Slow
[SoCC’22]

PERT-GNN GNN X X v Slow
[KDD’23]

Our work L X X v Fast

Table 1: Related Works for Performance Estimation
"M" represents model-based approach;
"L" represents learning-based approach, except GNN;
"GNN" represents GNN-based approach;
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Figure 1: Project-PERT graph

In this paper, we use the Trace-PERT Graph for G,
which is discussed in section 4.2. Each graph G may dif-
fer due to varying microservice dependencies. We formulate
our task as a supervised graph regression problem:

PO 1= fo(GOXD ROy eR Vie(l,...,n} (1)

where f is a learnable function that predicts the end-to-end
latency. For simplicity, we will omit the superscript i and
assume y pertains to a single trace.

4 Graph Construction for Microservice
Traces
4.1 Project-PERT Graph

PERT (Program Evaluation and Review Technique) is a sta-
tistical tool for project management that involves breaking
down a project into tasks, estimating task duration, and deter-
mining dependencies between tasks (Vance 1963). It exam-
ines the time required to complete each task and determines
the total project duration. A Project-PERT graph represents
the tasks and their dependencies as a Directed Acyclic Graph
(DAG), where nodes represent tasks and edges represent de-
pendencies. Figure 1 shows an example of a Project-PERT
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A1 A3

(a) A Trace

(b) The Trace-PERT Graph

Figure 2: A trace consists of 5 microservices and the corre-
sponding Trace-PERT Graph

graph, with task durations inside each node. In this example,
the edge from programming to testing indicates that testing
cannot start until programming is completed. In a Project-
PERT graph, the total project duration is the sum of activity
delays along the path with the longest delay from source to
sink. Given activity completion times, the end-to-end project
duration can be computed by running the longest path algo-
rithm on the PERT network. The pseudocode for computing
end-to-end latency using topological sort and dynamic pro-
gramming is included in the supplementary material.

4.2 Trace-PERT Graph

We introduce the Trace-PERT Graph, a variant of the PERT
Graph suitable for microservice traces. A Trace-PERT Graph
is a Directed Acyclic Graph (DAG) where nodes represent
tasks and directed edges represent task dependencies. Our
definition differs slightly from Tam et al. (2023) in that
we represent microservice tasks as nodes instead of edges,
resulting in a smaller graph size and more straightforward
derivation of end-to-end latency estimates.

A Trace-PERT Graph can be automatically constructed
from trace data (See Figure 2b) where the trace can be col-
lected by distributed tracing tools such as Jaeger (jae 2015).
The source node represents the start of the trace (client send-
ing an HTTP request), while the sink node represents the end
of the trace (client receiving the HTTP response).

In a Trace-PERT Graph, there are three types of edges:
(1) a microservice sending a request to another microservice
(e.g. Al to B1), (2) amicroservice sending a response back to
another microservice (e.g. D1 to C4), and (3) a dependency
between tasks within a microservice (e.g. C2 to C3). The du-
ration of a node represents the time between two consecutive
task dependencies within the microservice. For instance, the
duration of node A4 is equivalent to the time between when
microservice A sends a request to microservice C and when
microservice A receives a response from microservice C.

Notably, in a Trace-PERT Graph, all paths from the
source to the sink have the same duration due to the in-
herent computational inductive bias. This is because not
all nodes represent unique independent tasks. Some nodes
are solely waiting for a response from another microservice.
For example, in Figure 2b, all paths starting from node Al
and ending at node A5 have the same duration of 10ms.

This property differentiates a Trace-PERT graph from
common Project-PERT graphs, where nodes represent inde-



Algorithm 1: FastPERT: Compute the end-to-end latency es-
timate of a trace given the delay estimates of each microser-
vice task.

Input: A Trace-PERT Graph G with (directed) adjacency
matrix A, the node features {x,, Vv € V}, the source node
src, the sink node snk, the longest path length between the
source and the sink Z, differentiable function that maps
node features into a node delay estimate f : RY — R
Output: The expected end-to-end latency of the trace.

1: Initialize the node delay estimates d € RV with d, =
fx,) YveVp

Compute S =T+ A+ A2+ ... + A

n_paths < S,.. .., > The number of paths from src to
snk

sum_of _delay < (S, . ® Sisnk) -d > The sum of
end-to-end delays over all paths from src to snk

return sum_of_delay
n_paths

pendent activities and path durations can vary.

5 Proposed Method: FastPERT

In this section, we first present the FastPERT latency predic-
tion algorithm, which generates the end-to-end latency pre-
diction based on the PERT graph and the resource utilization
of each microservice (refer to section 5.1 for details). Subse-
quently, in section 5.3, we outline the backward propagation
algorithm used for training the model. The comprehensive
framework of the proposed FastPERT is depicted in Figure 3.

5.1 End-to-end latency prediction algorithm

In this section, we detail the forward propagation algorithm,
assuming that the model parameters have already been pro-
vided. FastPERT consists of two steps: (1) estimating the de-
lay of each microservice task, and (2) computing the end-to-
end latency estimate for a trace.

Step 1: Delay Estimation We employ a model fj
R@+4) s R to estimate microservice task delays (node-
level delays), where the input is a concatenated vector of
static node features and resource utilization. Unlike previ-
ous methods, our approach allows flexibility in choosing f,,
requiring only that it be optimizable based on the loss func-
tion’s gradient with respect to its output. We utilize a gradient
boosted tree (GBT) as fj in this study. Although GBTs are
not inherently differentiable, they can still be employed since
their updates primarily depend on the loss function’s gradi-
ent (discussed in Section 5.3). The delay estimate for each
node v is given by:

d, = fo(x,]IR,) )

where || is the concatenation operator and f is shared across
all nodes to minimize model complexity.

Step 2: End-to-end latency estimation For the second
step, we predict the end-to-end latency of the trace using

task delay estimates d. As discussed in section 4.2, in a
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Trace-PERT graph, adhering to the computational inductive
bias, all source-sink paths share the same duration, capturing
structural dependencies between microservices. To estimate
end-to-end latency, selecting one source-sink path and sum-
ming its task delays can lead to accumulated errors and sub-
stantial variance due to path sensitivity. Instead, we propose
averaging latency estimates across all source-sink paths, ef-
fectively combining predictions via ensemble learning.

Enumerating all possible paths in a Trace-PERT graph to
estimate average latency can be computationally demanding
due to the exponential number of paths with increasing graph
size. To address this, we propose an efficient method that
avoids enumerating all paths, significantly speeding up the
model. Let A be the directed adjacency matrix of the graph,
where A,,, = 1 if there’s an edge from u to v, and O otherwise.
Since the graph is a DAG, we can use powers of A to encode
the number of paths between nodes. Specifically, A’,j , 1s the
number of paths from node u to node v that can be reached
in exactly k steps. Consider the matrix

4
S=1+A+A2+...+Af=2A" 3)

i=0
, where ¢ is the longest path length from source to sink (7 is
finite since a Trace-PERT is acyclic). Then, S, represents
the number of paths from node u to node v reachable in £ or
fewer steps. For the source node (src¢) and sink node (snk),
Sre.snk gives the total number of source-sink paths.

We can efficiently estimate the average end-to-end delay
from source (src) to sink (snk) as y = T/SS,C’Snk, where
T is the sum of delay estimates over all src-snk paths. We
compute T using the following proposition:

Proposition 1.
T =(S,..08 )d (4)

where © denotes element-wise product. Notably, the vector
T . .
Ssre,: © ST, can be precomputed, enabling efficient end-

to-end latency prediction via a single vector operation.

Proof. Let Py, sy be the set of paths from the source node
to the sink node. Then,
r= Y Y4, 5)
Pepxrc.xnk vEP
= Z Z (iU]l{veP} (6)
Pepsrc,snk veV
= Z d, Z Tivep) (7
vev Pepsrc,sﬂk
= 2 (iu (Ssrc,u : Su,snk) (8)
veV
=(Sy: © ST, 0d ©)

where 1, ¢ p) is an indicator variable denoting whether node
visin path P. The inner sum in equation 7 counts the number
of source-sink paths passing through node v, which is equiv-
alent to the product of the number of source-v paths and the
number of v-sink paths, as shown in equation 8. O
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Figure 3: The overall framework of FastPERT. The model follows a two-stage workflow: 1. A microservices trace is transformed
into a PERT graph, where each node corresponds to a microservice task. A node-wise latency predictor is subsequently applied
to estimate the latency on each node. 2. With node latency estimates, FastPERT derives the total latency of all possible paths
from the source to the sink. The final prediction is then obtained by averaging over all path latencies.

(a) A simple TRACE-PERT Graph with source node A1 and sink
node AS. The number on top of each node represents the delay es-
timate of the node.

A1A2A3A4A5B1C1 A1A2A3A4A5BI1Cl1
Al{0 1 0001O0 A1|]1 112311
A2 001 0001 A2|]01 11201
A3/]0001000 A3]001 1100
A4 0000100 A4]00O01T1O0OO
A5 0000000 AS|OO0OO0OO0OT1O0O
BIL|{0OOO1O0O0O0O B1L|OOO1T1T1O0
Cl/0000100 C1L|OOO0OOT1O0?1

(b) Adjacency Matrix A ©S=I+A+A>+ A3+ A*

Figure 4: Illustration of Algorithm 1 on a Trace-PERT
graph. The average end-to-end latency estimate over all paths
from the source node to the sink node is given by
(SA,,L,,ZOS:T’S"k)d _ 28

S T3

src,snk

Note that the vector Sj,.. © S :Tsn , can be precomputed,
as it does not depend on the paraméters of the model, the ex-
pected end-to-end latency prediction can be efficiently sim-
plified with a vector-operation.

5.2 Anillustrative example

We summarize the key steps of FastPERT in Algorithm 1.
An illustrative example of computing the end-to-end latency
estimate for a Trace-PERT graph using our algorithm is pro-
vided in Figure 4.

Consider a simple Trace-PERT graph with source node A1
and sink node A5, as shown in Fig. 4a. The delay estimates
for each node are given by dr [1,2,1,5,1,4,3]. The ad-
jacency matrix A of the graph is presented in Fig. 4b. There
are three paths from the source to the sink with a maximum
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path length of 4. Using our algorithm, we can derive .S =
I+ A+ A%+ A3+ A%, as depicted in Fig. 4c. Specifically, we
obtain Sy,.. = [1,1,1,2,3,1,1] (row Al of matrix .S) and
S. o =32, 1,1, 1,1, 117 (column A5 of matrix ). Con-
sequently, we compute S, . © stnk = [3,2,1,2,3,1,1]

and the end-to-end latency estimate is:

(SS'"CG o S:?:snk)& _ 28
S =

src,snk

3 (10)

¥

5.3 Learning the model parameters

We describe the backward propagation algorithm for learn-
ing the model f. The loss function for FastPERT comprises
two components: node-level microservice task delay esti-
mates and graph-level end-to-end latency estimate.

For a given Trace-PERT graph G with actual end-to-end
latency y, the loss function is defined as:

L=G-y*+i ) d,-d,)

vevV

Y

where A is a hyperparameter that balances the node-level and
graph-level losses. The second term acts as a regularization
term, encouraging delay estimates to align with actual de-
lays. The gradient of the loss function with respect to the
output of f can be calculated using the chain rule:

oc _oc oy  od,—d,)’

— = —— - 12)
od, 9Yad, ad,
SorenS, .
=200-p» =g 24, -d,)  (13)
src,snk

This regularization term embodies multi-task learning, en-
hancing the model’s generalization by leveraging shared in-
formation across tasks (Caruana 1997).

5.4 Inference with FastPERT

During inference, for proactive resource allocation, the un-
derlying Trace-PERT graph is not predetermined. We are
only provided with the API call type .A and the recent re-
source utilization of each microservice R. Let G 4 represent



the set of all Trace-PERT graphs associated with the API
call A. Consequently, the end-to-end latency prediction is
defined as:

P=fo(AR) = Y p(GlA) * f4(G, X, R)
GeG 4

(14)

In our implementation, we approximate p(G|.A) by the fre-
quency of occurrence of G in G 4 in the training set.

6 Experiment

In this section, we present the experimental results to demon-
strate the effectiveness of FastPERT. We first describe the ex-
perimental setup, including the datasets, the evaluation met-
rics, and the baselines. Subsequently, we present the results
FastPERT and compare it with the baselines.

6.1 Datasets

We evaluate our proposed method on real-world traces from
Alibaba (Luo et al. 2021) !. Node features are listed in the
supplementary material. The experiments are conducted on
a server equipped with two Intel Core AMD EPYC 7532 32-
Core Processor CPU with 1 TB of memory and an Nvidia
GeForce RTX 3090 GPU. It’s worth noting that GPU is not
used in the training of FastPERT, but it is employed in the
training process of other models for comparison purposes.

Alibaba Microservice Applications We utilized two real-
world trace datasets from Alibaba, collected in 2021 and
2022, respectively. The 2021 dataset, characterized byLuo
et al. (2021), comprises 20 million traces spanning over 20
thousand microservices across 10 clusters. After preprocess-
ing (see supplementary material for details), we obtained
1.75 million traces with 65 distinct API calls.

The 2022 dataset, released by Alibaba(Luo et al. 2022a),
contains detailed runtime metrics of nearly 20 thousand mi-
croservices over a span of 13 days and incorporates addi-
tional information, such as the service ID within the call
graph and extra runtime metrics like the average response
time and normalized read/write call rates to the RPC/Mem-
cached/Database/Message Queue. Regrettably, these addi-
tional metrics are not recorded for most microservices. We
selected the initial 2 days of the trace and, after preprocess-
ing, obtained 1.50 million traces with 1084 distinct API calls.
This dataset poses a greater challenge due to more varied run-
time behaviors, larger variance in end-to-end latency.

We partitioned both datasets into training (75%), valida-
tion (10%), and test sets (15%). Additional preprocessing
steps were performed to ensure data quality and consistency;
see supplementary material for details.

6.2 Baseline Models
We compare FastPERT with three baseline models:

e GBDT: A gradient boosted tree model that predicts end-
to-end latency directly from microservice resource uti-
lization, without considering the PERT graph. (Trained
on 64 CPU cores)

'The dataset is available at https://github.com/alibaba/
clusterdata/tree/master/cluster-trace-microservices-v2021
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e PERT-GNN: A graph neural network model that predicts
end-to-end latency using the PERT graph and microser-
vice resource utilization. (Details in Tam et al. (2023);
trained on Nvidia GeForce RTX 3090)

ProjectPERT: A variant of FastPERT that uses the same
node predictor but the long path algorithm (see Supple-
mentary Material for details) is used to compute end-to-
end latency estimates. (Trained on 64 CPU cores)

For FastPERT, we tune the hyperparameter A over the range
[0, 1] and report the Test Mean Absolute Percentage Error
(MAPE) and Test Mean Absolute Error (MAE) based on the
best performance on the validation set. We do not compare
FastPERT with FIRM (Qiu et al. 2020), SAGE (Gan et al.
2021) and GRAF (Park et al. 2021a) as they focus on dif-
ferent aspects: FIRM optimizes resource allocation using re-
inforcement learning; SAGE identifies root causes of QoS
violations post-occurrence. In contrast, FastPERT aims to
proactively predict end-to-end latency. In addition, the lack
of publicly available source code for GRAF also makes fair
and extended comparisons with FastPERT difficult.

6.3 Results

Table 2 presents the experimental results on the test set,
comparing PERT-GNN with other machine learning mod-
els. We observe that FastPERT outperforms GBDT in terms
of Mean Absolute Percentage Error (MAPE) and Mean Ab-
solute Error (MAE), as it leverages API-awareness and struc-
tural relationships between microservices. Although PERT-
GNN achieves similar performance to FastPERT, it requires
significantly more computational resources: FastPERT is or-
ders of magnitude faster, does not necessitate a GPU for
training, and predicts 1.5 million traces within 10 seconds us-
ing CPUs, whereas PERT-GNN takes over 10 minutes with
a GPU. This disparity stems from FastPERT’s simpler ap-
proach with O(n) complexity, compared to PERT-GNN’s
complex graph transformers with O(n?) complexity.

To demonstrate the statistical significance of the improve-
ment of FastPERT over GBDT, we evaluated both mod-
els on the same 5-fold cross-validation split of the Alibaba
2022 dataset. We used a one-sided paired t-test to deter-
mine whether the average performance, measured by Mean
Absolute Percentage Error (MAPE) and Mean Absolute Er-
ror (MAE), differed significantly between the models. For
MAPE, the null hypothesis was rejected with a p-value of
0.0196 and a t-statistic of -3.017. For MAE, the null hypoth-
esis was rejected with a p-value of 0.0000137 and a t-statistic
of -21.570.

ProjectPERT underperforms compared to PERT-GNN
and FastPERT due to significant overestimation of end-to-
end latency. Since ProjectPERT selects the paths with the
largest delay estimations, the path with larger overestimation
is more likely to be chosen. Such overestimation originates
from limited model capacity or data noise, resulting in impre-
cise estimation of the delay of microservice tasks at the node
level. This results in a substantial overestimation of the end-
to-end latency estimate and the issue exacerbates when the
graph is large, as the overestimation can accumulate along an
extended path. In contrast, FastPERT mitigates this by aver-



Dataset Model MAPE MAE (ms)  Training Time (minutes) ¥ Inference Time & Hardware

Ali-2021  GBDT 18.69% + 0.38% 2.12 +0.010 3.6+0.8 <10 secs CPU
PERT-GNN  11.57% +0.82% 1.60 + 0.022 631.1 +181.7 104+ mins GPU
ProjectPERT  13.73% +0.89% 1.68 +0.032 194 +32 <10 secs CPU
FastPERT 11.59% + 0.53% 1.61 +0.016 6.5+3.0 <10 secs CPU

Ali-2022 GBDT 17.29% + 0.41% 0.87 +0.013 44+12 <10 secs CpPU
PERT-GNN  12.84% +0.89% 0.63 +0.074 696.0 + 170.7 10+ mins GPU
ProjectPERT  16.17% +0.80%  0.80 + 0.070 21.2+5.7 <10 secs CpPU
FastPERT 11.36% £ 0.51% 0.62 +0.017 7.4+42 <10 secs CPU

Table 2: Results for the end-to-end latency prediction on the Alibaba datasets (2021 and 2022)
T Training time is calculated based on training with one set of hyperparameters. I Average inference time over 1.5 million traces.

Aggregation Scheme MAPE MAE (ms)
Entering-Service-Path Scheme 14.44% 0.6579
Longest-Delay-Path Scheme 16.17% 0.8017
All-Paths-Averaging Scheme 11.36% 0.6178

Table 3: Performance of FastPERT with different aggrega-
tion methods

aging latency estimates across all source-sink paths, effec-
tively employing an ensemble learning approach that com-
bines multiple predictions.

7 Ablation Studies

In this section, we carry out ablation studies to scrutinize the
influence of various components of FastPERT on the model’s
performance. We aim to address the following queries: (1)
The effect of averaging paths for end-to-end latency estima-
tion, (2) The sensitivity of the hyperparameter A within Fast-
PERT’s loss function.

7.1 The impact of end-to-end latency estimate via
paths averaging

We evaluate FastPERT against three aggregation schemes:
(a) Entering-Service-Path Scheme, which selects the path as-
sociated with the entering microservice (e,g., the Al — A2
— A3 — A4 — A5 path in Fig. 2b); (b) Longest-Delay-Path
Scheme, which chooses the path with the longest delay es-
timate (i.e. the ProjectPERT); and (c) All-Paths-Averaging
Scheme (i.e., FastPERT), which computes the average la-
tency estimates of all paths from source to sink.

The results in Table 3 show that the All-Paths-Averaging
Scheme outperforms the other two schemes. This superior-
ity stems from their limitations: the Entering-Service-Path
Scheme neglects resource utilization for other relevant mi-
croservices, while the Longest-Delay-Path Scheme is prone
to overestimation in large graphs. In contrast, averaging la-
tencies of all paths offers two advantages. Firstly, it acts as
an ensemble method that improves predictive performance
by combining predictions from different paths. Secondly, it
enables efficient calculation via a weighted sum operation,
eliminating the need for sampling as discussed in Section 5.1.
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Figure 5: MAPE of FastPERT with different A values. Lower
MAPE values indicate better performance.

7.2 Sensitivity of A

We investigate the sensitivity of FastPERT’s hyperparameter
A, which regulates the node-level delay estimates to match
ground truth delays (Section 5.3). Varying A from O to 1,
we evaluate FastPERT’s performance on the Alibaba test set
(2022) and present the results in Figure 5. We observe that in-
creasing A values lead to higher Training MAPE, mitigating
model complexity. However, excessive A values can cause
underfitting, while diminutive values can cause overfitting,
both resulting in higher Test MAPE. Our experiments set
A = 4e —4, achieving the lowest Validation and Test MAPE.

8 Conclusion and Future Works

We introduce FastPERT, a fast improvement of PERT-GNN.
The pivotal components of FastPERT encompass predicting
the delay of each microservice task with a parameter-shared
model and harnessing the computational inductive bias of
the PERT graph to compute the end-to-end latency estimate
of the trace by averaging the end-to-end latency estimates
of all paths from the source to the sink. This averaging ap-
proach can be perceived as an ensemble learning method,
and it can be implemented efficiently with a vector operation.
Experiments substantiate that the proposed method is orders
of magnitude faster than PERT-GNN and achieves compara-
ble performance. Future works include extending FastPERT
to handle quantile estimation for tail latency prediction.
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