Computer Networks 284 (2026) 112352

journal homepage: www.elsevier.com/locate/comnet

Contents lists available at ScienceDirect

Computer Networks -

ter
rks

ADePT: Latency prediction for edge CDN traffic scheduling via causal

inference

Chuangqing Lin **®, Gerui Lv "% Yangguang Liang “*?, Fuhua Zeng ¢, Xiaodong Li ¢,

Qinghua Wu®P, Zhenyu Li »", Gaogang Xie >4
2 Institute of Computing Technology, Chinese Academy of Sciences, China

Y University of Chinese Academy of Sciences, China

¢ Independent Researcher, China

d Computer Network Information Center, Chinese Academy of Sciences, China

ARTICLE INFO ABSTRACT

Keywords:

Causal inference
Latency prediction
Content delivery
Traffic scheduling

To satisfy the unprecedented Quality of Experience (QoE) and stringent latency Service Level Agreements
(SLAs) of emerging interactive applications, modern Content Delivery Networks (CDNs) are deploying mas-
sively decentralized edge nodes. However, this paradigm shift poses a significant challenge: optimal traffic
scheduling fundamentally depends on acquiring real-time, full-coverage end-to-end path latency data to prevent
SLA violations. Current measurement methods cannot scale to monitor every possible user-to-node path, and
traditional prediction approaches (e.g., relying on additional segmented measurements or low-rank matrix
decomposition) fail to achieve satisfactory accuracy on the resulting extremely sparse datasets.

In this work, we present ADePT (Application Delay PredicTion), a novel data-driven causal inference
framework that provides comprehensive and precise latency predictions without requiring additional measure-
ments. By explicitly decoupling user-side temporal variations (e.g., last-mile congestion) and node-side spatial
variations (e.g., core propagation delays), ADePT successfully extracts high-dimensional latent embeddings
from limited measurement data to infer the end-to-end path latency for any potential scheduling decision.
Evaluated on a massive real-world dataset from a leading edge CDN, ADePT reduces prediction errors by 19.6%
and achieves a median absolute error of 4.3 ms. Consequently, integrating ADePT’s accurate predictions into
CDN traffic scheduling significantly improves scheduling decisions, increasing the ratio of traffic meeting strict

applications’ latency requirements by 1.66x.

1. Introduction

Recently, the surge of interactive applications, such as live video
streaming and virtual reality [1-5], has imposed unprecedented Qual-
ity of Experience (QoE) demands. To deliver flawless user experi-
ences, such as eliminating video stalling and accelerating page load
times, modern Content Delivery Networks (CDNs) proactively cache
frequently queried content close to users [6]. However, fulfilling these
rigorous QoE expectations requires CDNs to strictly adhere to stringent
Service Level Agreements (SLAs), which are fundamentally dictated by
the end-to-end path latency. To consistently guarantee that transmis-
sion performance meets these ultra-low latency SLAs, vendors have
evolved toward edge CDNs. This paradigm shift involves deploying
highly decentralized, densely distributed nodes in extreme proximity
to users (typically at the city level per ISP, scaling into the thousands
[7,8D.
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At the core of this decentralized infrastructure is the traffic schedul-
ing center, which dynamically assigns user requests to specific edge
nodes. The ultimate objective of traffic scheduling is to fulfill diverse
SLA requirements, thereby directly promising users’ QoE. However,
unlocking the full potential of this dense edge infrastructure requires
intelligent scheduling, which intrinsically depends on acquiring com-
prehensive and accurate end-to-end path latency data. Only with pre-
cise latency visibility can the scheduler avoid congested network paths,
prevent SLA violations, and continuously guarantee optimal QoE for all
user groups. Yet, the massive scale-up of edge nodes poses a formidable
monitoring challenge. Specifically, a single round of global traffic
rescheduling (typically every 5 min) requires real-time latency evalua-
tion for every potential user-to-node path, resulting in an explosive de-
mand of over 10 million monitoring items in our operational scenarios.

Prevailing measurement methods are incapable of meeting the re-
quirement for explosive measurement data (Section 2.2). As shown in
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Fig. 1. Measurement approach adopted.

Fig. 1, widely adopted measurement methods include active probing
and passive monitoring. Active probing methods [9,10] can be issued
either forwardly from users to nodes or reversely from nodes to users.
These methods can cover all possible nodes but fail to cover all po-
tential user groups, thereby lacking representativeness for the actual
latency of specific applications. Passive probing methods [11] can only
monitor the end-to-end path latency for established paths where traffic
traverses, which lacks coverage of all nodes.

The scale-up challenge necessitates a shift from direct latency mea-
surement to latency predictive modeling (Fig. 2), which heavily relies
on the efficient extraction of latent embeddings and their correlations
from the measurement dataset. However, traditional approaches, such
as global network positioning (GNP) [12-15], and segmented mea-
surement [16-20], focus on direct measurement for all path segments,
which is challenging for CDNs. These works fall short in the embed-
ding extraction and correlation learning, thereby failing to achieve the
desired latency prediction accuracy (Section 2.3).

Our insight lies in the fact that latency prediction can be performed
based on currently deployed measurements, which have already mea-
sured all potential path segments. The inherent latent embeddings of
these segments have been captured in the measurement data, though
they may be highly coupled. Therefore, a well-designed framework is
still needed to extract such high-dimensional latent embeddings and
their correlations from the measurement dataset. In this context, low-
rank decomposition-based matrix completion methods [21-24] fail due
to the extremely sparse nature of the revealed dataset.

This work presents the Application Delay PredicTion (ADePT), a
causal approach to perform comprehensive and precise latency pre-
diction without additional measurement tasks. ADePT employs a data-
driven learning approach to infer latent embeddings and learn their
complex nonlinear correlations. To predict the end-to-end path latency
for any potential path, ADePT first extracts latent embeddings from
the historical measurement dataset. Then it incorporates all latent
embeddings together to predict the underlying end-to-end path latency
for the given path.

Our measurement reveals that the end-to-end path latency varia-
tion can be explicitly decoupled into two components: the user-side
temporal variation (driven by the dynamic processing and queueing
delay in the last-mile network over time) and the node-side spatial
variation (driven by the stable propagation delay when being scheduled
to geographically distinct static nodes) (Section 3). ADePT adopts an
adversarial neural network architecture (Section 4) to extract high-
dimensional latent embeddings for both the node and user sides, cap-
turing a more nuanced representation of the path’s network state
compared to simple, handcrafted features. These learned embeddings
are subsequently fed into a separate network to predict the true end-
to-end path latency. This enables the model to learn the complex
non-linear correlation between user and node side embeddings from the
extremely sparse dataset, and bypasses the need for explicit segmented
measurement or simple linear summation.
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Fig. 2. The goal for latency prediction modeling.
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Fig. 3. Overview of the edge CDN system.

ADePT achieves a higher level of accuracy in predicting end-to-
end path latency, making it a more robust and effective solution for
scheduling in large-scale edge CDN environments. We evaluate ADePT
with real-world datasets collected from one of the leading edge CDN
vendors in China. Compared with existing solutions, ADePT can reduce
19.6% of latency prediction errors and achieve 4.3 ms of absolute
prediction error on medium. With ADePT’s accurate latency prediction
data, the scheduling system can reduce the Global Latency Penalty (the
optimization objective score defined in Eq. (8)) by 8.6% and increase
the ratio of traffic meeting the ideal latency requirement (i.e., the SLA
threshold) from 29.6% to 49.1% (1.66x).

The contributions of this paper are summarized as follows:

» We provide a comprehensive analysis of real-world CDN data,
identifying that end-to-end path latency variation is composed
of distinct user-side temporal and node-side spatial factors (Sec-
tion 3).

We propose a novel data-driven causal inference framework,
ADePT, for end-to-end path latency prediction in large-scale edge
CDNs. ADePT first extracts high-dimensional latent embeddings
of both node and user sides and subsequently predicts end-to-end
path latency through these embeddings (Section 4).

We verify that ADePT achieves a higher latency prediction ac-
curacy and effectively helps the scheduling system to sched-
ule traffic with higher overall performance through a real-world
collected dataset (Sections 5-6).

The remainder of this paper is structured as follows. We introduce
the background and motivation in Section 2. A large-scale measurement
is shown in Section 3 to understand the impacting factors of end-to-end
path latency and determine input features for the latency prediction
model. In Section 4, we formalize the latency prediction problem and
propose ADePT to predict end-to-end path latency. We further discuss
how to employ the latency prediction data in the scheduling problem to
achieve better scheduling scores in Section 5. The prediction accuracy
and the improvement in the scheduling problem are evaluated in
Section 6. Section 7 discusses the generalizabilty for ADePT. Sections 8
and 9 introduce the related work and conclude our work.



C. Lin et al.
2. Background and motivation
2.1. Background

Edge CDN system architecture. As illustrated in Fig. 3, an edge
CDN system usually contains three components: (i) geographically
distributed nodes, (ii) a centralized scheduling center, and (iii) DNS
servers. At the data plane, edge nodes form a hierarchical structure,
with the majority of L1 nodes (also known as edges or Pops) located
close to the users. In contrast, L2 nodes are relatively more centralized.
At the control plane, the scheduling center collects real-time monitoring
data from nodes and dynamically adjusts the scheduling mapping, which
maps users’ traffic flow to specific L1 edge nodes. Subsequently, DNS
servers apply the scheduling mapping.

Workflow. The workflow for a user’s request is marked in Fig. 3.
The user first recursively issues probes for the target domain name
through local DNS (LDNS) to determine the exact node to request
from DNS servers (1), and then requests the desired content from the
node (2). The request is directly responded to if the target content has
already been cached; otherwise, the L1 node will fetch the content from
L2 nodes or Content Providers (CPs) (3). This approach enables CDNs to
reduce the network distance traversed by users to access their desired
content, thereby decreasing the transmission latency (i.e., RTT).

Edge node characteristics. Compared to traditional CDN systems,
edge CDNs deploy more heterogeneous nodes at a much higher density
to meet the diverse and stringent performance requirements of various
applications. Specifically, nodes can be constructed in each city per
ISP [7,8] to promise extremely low latency, and equipped with differ-
ent computation and memory resources, specialized for computation-
intensive applications (e.g., encoding and decoding for live streaming
services [25]) or large file downloading applications. As a trade-off,
the bandwidth capacity of a single node is limited to tens of Gbps
(compared to hundreds of Gbps in traditional CDNs). This capacity is
only sufficient to serve requests from a small number of applications
in neighboring geographical regions. Thereby, careful and fine-grained
traffic scheduling is required to avoid node overloading while meeting
the SLA requirements of applications.

Traffic scheduling. Traffic scheduling, which assigns traffic to des-
ignated nodes, is facilitated by the scheduling center. Specifically, the
scheduling center is responsible for updating the following scheduling
mapping M,:

M, : Domain X Region — Nodes (€8]

At each round 7, user requests are grouped into user groups by their
(requested domain name, located region) pairs, and assigned to specific
nodes, respectively. The requested domain name indicates the corre-
sponding application type, reflecting preferences for different types
of nodes to achieve desired performances. The located geographical
region is monitored through the IP address of users’ LDNS or users’
own (by eDNS [10]). To balance the traffic demand size across user
groups, requests to the same application from neighboring regions (i.e.,
from the same province or city) are aggregated into a single unit and
scheduled to the same group of nodes. Traditional methods that distin-
guish traffic from different/24 IP-prefix subnets become ineffective in
the edge CDN scenario due to the tiny traffic demand size of a single
application from a single subnet.

Foundations for optimal scheduling. In order to compute the
optimal scheduling mapping (Eq. (1)), the scheduling center must
acquire comprehensive and accurate end-to-end latency data across all
potential user-to-node paths. This data acts as the fundamental compass
for the scheduler to dynamically bypass congested networks, assign
user groups to the most suitable edge nodes, and ensure that transmis-
sion delays remain strictly below application-specific SLA thresholds.
Without such global visibility, the system risks severe SLA violations
(e.g., video buffering or elevated response times) that directly degrade
user QoE. To summarize, acquiring real-time, large-scale end-to-end path
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latency is not merely a monitoring task, but the indispensable foundation for
the entire edge CDN system to guarantee optimal user experiences.

Definitions and scope. In this paper, we exclusively focus on
the user content delivery phase, where real-time network transmission
directly impacts the user’s QoE. This explicitly excludes the CDN’s inter-
nal cache population, disk I/0 operations, or application-layer process-
ing. Accordingly, the end-to-end path latency discussed herein strictly
refers to the network/transport-layer transmission delay (e.g., Round
Trip Time) for the path between the end-user’s device and the assigned
CDN edge node.

2.2. Existing approaches: Limitations and gaps

Latency measurement scale. The scale for the real-time latency
measurement job can be huge in a large-scale edge CDN system. Ideally,
all possible mapping entries in Eq. (1) should be monitored, leaving
the real-time measurement job at the level of O(N x R x D), where
N, R, D denote the number of nodes, user regions, and serving domain
names, respectively. Currently, a practical large-scale edge CDN system
typically deploys more than 1000 edge nodes and serves thousands
of applications in hundreds of regions, contributing to a Tbps level
of real-time traffic demand. Consequently, the number of required
measurement jobs for each round of scheduling exceeds 100M, posing
significant challenges for the current measurement methods.

Measurement methods. CDN vendors collect measurement data
through various methods at different network layers, which are illus-
trated in Fig. 1. (1) Active measurement: CDN vendors can measure the
latency of the desired path by actively issuing probes. Some works
(e.g., Microsoft’s Odin [9]) preserve constant probing sources at the
user side and issue active probes (e.g., periodical ICMP PING, HTTP
GET requests, DNS requests) from sources to measure network latency.
Conversely, some works (e.g., Akamai [10,38]) issue active probes
(periodical ICMP PING) from their nodes to LDNS or gateways lo-
cated closest to users. (2) Passive measurement: CDN vendors can also
measure the actual latency of existing connections. Some work (e.g.,
Facebook [11]) captures the connection states from nodes’ TCP stacks,
HTTP servers, or users’ browsers. To measure latency for a broader
range of nodes, some work (e.g., Google [36]) proactively schedules a
small group of traffic to multiple nodes and collects measurement data
from corresponding nodes.

Limitations. Table 1 summarizes the approaches and limitations
of prior measurement works. As discussed above, ideal path latency
information provided should cover all possible (R1) end-to-end paths,
(R2) from all user groups, (R3) to all edge nodes; while still promising
accuracy. Current measurement approaches cannot provide the desired
data that meets all of the goals simultaneously:

+ Active probing from preserved user sources fails to represent the
latency for all user groups. For example, we observe high diversity
of average latency on a single edge node for content from different
domain names when requested by users in the same regions, as
illustrated in Fig. 4.

Active reverse probing from CDN nodes cannot obtain the end-
to-end path latency. The request performance is deeply impacted
by the quality of the user-side last-mile network [39,40], which
is neglected by this methodology.

Passive monitoring fails to cover paths from users to all possible
CDN nodes. Methods that proactively schedule traffic to multiple
nodes still cannot tackle the problem because only a small pro-
portion of possible paths can be covered due to the limit of the
DNS redirection scheme. More seriously, scheduling traffic that
requests the same domain name to multiple nodes simultaneously
will compromise the efficiency of content caching, particularly on
lightweight edge nodes.
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Table 1
Current measurement methods.
Type Works Descriptions R1: End-to-end R2: User group R3: Node
pat_h coverage coverage
Active Odin [9], BISmark [26], NEL [27] Actively probe through users Yes No Yes
Active DMS [28], King [29], [30] Actively probe through DNS No Yes Yes
Passive CPR [31], Latlong [11,32-34] Monitor on the network stack Yes Yes No
Hybrid EdgeFabric [35], Espresso [36,37] Proactively redirect traffic to Yes Yes No
target nodes to measure
125 segmented measurement-based methods cannot achieve the desired
= —— App #1 predictive accuracy.
£100] App #2 Matrix completion. The effectiveness of matrix completion in real-
> —— active e2e probe world predictive problems where the low-rank structure holds has been
S 751 proven, particularly in network measurements [21,22,24]. However,
© our experiments demonstrate that the average prediction error of stan-
2 501 dard matrix completion methods that rely on matrix decomposition
E exceeds 51%, indicating they are not capable of achieving the desired
& 257 results.
The reason also comes from a two-fold. First, the number of revealed

00 02 04 06 08 10 12 14 16 18 20 22 00
hour

Fig. 4. Active end-to-end probing results are not consistent with actual traffic
latency.

In summary, it is impractical to collect all the required latency data
directly by current measurement approaches. However, as illustrated
in Fig. 1, these measurement approaches are indeed capable of probing
all potential path segments, thereby ensuring that the measurement
data carries invariant latent embeddings of all path segments. Since
the measurements have varying segment coverage ranges, these latent
embeddings are highly coupled, making them difficult to extract and
utilize directly. Therefore, end-to-end path latency prediction becomes
a promising approach to exploit current measurement data to extract
these latent embeddings and reconstruct the desired latency knowledge
for the scheduling center.

2.3. Filling missing entries via latency prediction

The latency prediction task can be formulated as an entry-filling
problem illustrated in Fig. 2. We can define a matrix M where m,,
denotes the end-to-end path latency for a user group u (each row)
assigned to node n (each column). According to the passive measure-
ment, we observe m,, for each user group and several corresponding
nodes. Conversely, active probing monitors from a full-node coverage
perspective for specific probing groups. The goal of latency prediction
is to fill missing entries in M, i.e., the underlying latency when a user
group is scheduled to a node that has not yet been assigned. This
completion task is typically accomplished by first inferring irrelevant
latent embeddings for each axis (i.e., user groups and nodes), and then
finding the correlation among these axes.

Segmented measurement. Prior works have proposed segmented
measurement-based prediction approaches such as iPlane [16] and
GNP [13]. These approaches measure each path segment separately to
infer the segment latency Lat,, Lat, and consequently predict the end-
to-end path latency through straightforward summation: M, = Lat, +
Lat,. The drawback of such methods is twofold. First, it is difficult
for CDNs to measure each segment of the entire path (especially the
last-mile network), because CDNs cannot deploy active probing on ac-
tual user groups. Second, the segmented measurement-based approach
can only measure simplistic features from each segment and deploy
a straightforward summation to predict the latency, which fails to
capture the complex nonlinear correlation that influences the true end-
to-end path latency. As shown in our experiments (Section 6.1), the

entries is insufficient to recover the original matrix. To achieve high
cache efficiency, a user group is assigned to fewer than 4 nodes. As a
result, for each row (user group) of the matrix, only a small portion of
the entries is revealed. Prior works have shown that the lower bound on
the number of revealed entries required to recover a matrix accurately
is 4Ur — r? [41]. Here, U denotes the maximum number of rows (user
groups) and columns (nodes). In the case of rank r = 2, all user groups
are required to be randomly assigned to at least 8 nodes, which is
impractical in the real world. Second, although the low-rank structure
may be valid in our scenarios, the precise rank remains unknown
and may be non-integer, resulting in high prediction error for matrix
completion.

Solution. The extremely sparse dataset and the complex correlation
among segments motivate us to adopt a data-driven causal framework
to perform high-dimensional latent embedding inference and non-linear
end-to-end path latency prediction. Nonetheless, before designing a
learning-based predictive model and determining the corresponding
input features, it is important to first understand the factors that impact
end-to-end path latency from both the user side and the node side,
which the model is intended to extract from the dataset.

3. Identifying input features for end-to-end path latency predic-
tion

In this section, we investigate the factors that influence the per-
ceived latency between users and edge nodes, with the aim of designing
the latency prediction model and selecting input features. We first
describe the hybrid methodology we adopted to collect real-world
latency measurement data (Section 3.1). Next, we split the end-to-
end path into two independent segments to analyze the node-side and
user-side impacting factors, respectively (Sections 3.2-3.4).

3.1. Dataset collection

In order to collect real-time measurement data that covers all pos-
sible paths, we adopt the following hybrid measurements in a leading
CDN vendor in China, as illustrated in Fig. 1. All of the measurements
last for one month and involve more than 1500 nodes serving 100+
Tbps real traffic demand, which comes from more than 10,000 domain
names and 31 regions (i.e., provinces).

Active reverse measurement (1): We deploy active measurement
from the node side to measure the core network latency. Based on the
IP addresses of user requests recorded at CDN nodes, we maintain a
list of routers located closest to users in all provinces through reverse
traceroute, which respond to the ICMP PING. We let each L1 edge
node randomly send at least 10,000 ICMP PING requests to some of the



C. Lin et al.

routers in each province at each 5-minute time slot. This measurement
collects the real-time latency for each (province, node) pair of the core
network.

Active end-to-end path measurement (2): We also maintain a
group of fixed user probers located in all provinces in China. Probers in
each province periodically issue ICMP PING requests to each L1 node
more than 300 times in each 5-minute time slot. This measurement
records the end-to-end (province, node) path latency for a fixed group
of users.

Passive measurement (3): We capture established connection states
from the TCP stack and the HTTP server of edge nodes, aggregated at
the (user group, node) level. Each item of record includes user province,
requested domain, requested node, requesting time, connection build-
up time, requested file size, transmission time, and retransmitted bytes.
This measurement records the accurate mean performance (latency,
throughput, loss rate) for users from each user group ((domain name,
region)) to assigned nodes.

3.2. Path segmentation

We manage to split the end-to-end path into two segments: the last-
mile segment and the core segment, to study the impacting factors of
the user side and the node side, respectively. The former starts from the
end device of users to the first router with a public IP address, and the
latter refers to the rest of the link on the public Internet, as illustrated
in Fig. 1. It is worth noting that the last-mile segment is in accordance
with a fixed group of users instead of the fixed IP-prefix subnet.

We compute the latency of two path segments in the following way.
The latency of the core segment Lat, can be obtained directly through
measurement (). Whereas the last-mile segment latency Lat, of each
user group is hard to measure directly. Instead, we compute it through
end-to-end path latency Lat . collected from passive measurement
(® minus the corresponding core segment latency, which has been
proven to be a practical method in [40,42,43]:

Lat, = Lat — Lat, 2

passive

The absolute value of Lat, may be meaningless in practice, because
Lat . and Lat, are collected from different network layers and
different connection sides [27,44,45]. Nevertheless, this value remains
adequate to indicate the aggregated variation feature of the last-mile
segment for each user group. As we will show in Section 3.4, the
computed results Lat, show a high similarity among a fixed group
of probers, even though probers are assigned to nodes with different
geographical and network distances.

3.3. Node-side features

As the core network is maintained by ISPs, we observe that the
node-side latency exhibits high stability and is primarily related to the
geographical transmission distance.

High stability. We observe that the core segment latency exhibits
high stability over a day, which can be attributed to the ISP’s well-
constructed facilities and efforts. According to measurement (1), the
fluctuation in segment latency throughout a day is negligible for a fixed
core network path, either on weekends or weekdays. Conversely, as
evidenced by measurement (2), for a constant end-to-end path, the full
path latency displays a distinct periodicity. Specifically, during periods
of traffic peak (i.e., 9 p.m.), latencies are observed to exceed 25 ms
compared to off-peak periods (i.e., 3 a.m.). This discrepancy in stability
suggests that the deterioration in Quality of Service (QoS) during peak
periods is not typically attributable to the core network.

Proportional to geographical distance. We observe a strong cor-
relation between the mean core segment latency and transmitted geo-
graphical distance. Based on the data collected from measurement (D),
we find an approximately 1.9 ms increase in latency for every 100
km geographical distance, with a high linear coefficient (R?) of 0.92.
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Considering the propagation delay at the speed of light in fiber is close
to 1 ms per 100 km, the processing and queuing delay by in-network
routers does exist, but remains stable.

The core network latency monitored by measurement () also has a
strong similarity with the full path latency monitored by measurement
®. The mean Kendall similarity [46] can reach 73.7% over a month.
This strong similarity indicates the core segment latency to be a good
input feature for end-to-end path latency prediction.

Implication. The node-side spatial variation significantly influences
the end-to-end path latency. This variation refers to the latency dif-
ferences arising when traffic from the same user group is scheduled
to geographically distinct static nodes. Given the stability of ISP core
networks, this spatial variation is heavily dominated by the physical
distance, i.e., the propagation delay over optical fibers. Consequently,
the core network latency monitored by the active reverse probe (1) serves
as a solid node-side input feature for predicting the propagation-dominated
component of the end-to-end path latency.

3.4. User-side features

Previous work [39,47] has pointed out that the last-mile segment
becomes the bottleneck of the entire path. In this part, we provide a
quantitative illustration of the temporal pattern of the last-mile segment
latency and the diversity among different user groups.

Strong temporal pattern. The last-mile segment latency highly
varies in one day and behaves differently on weekends and weekdays,
as depicted by Fig. 5 through measurement (2). Based on our fixed
probing users, the latency on weekdays peaks at midday and evening,
while the latency on weekends continues to be high since morning.
In the evening peak, the last-mile segment latency can rise to 40 ms,
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accounting for more than 80% of the full path latency. The high last-
mile segment latency, which is out of the control of CDN, severely
hinders CDN’s efforts to reduce the content delivery latency through
traffic scheduling.

The last-mile performance also exhibits a monthly cyclic pattern.
Fig. 6 illustrates the CDF of the performance deterioration ratio for
users from all user groups monitored by measurement (3), which is
computed by the latency (or loss rate) at the month end divided by
that at the month start. Most applications witness increased latency
and much more packet loss at the end of the month. For example, more
than 50% of applications exhibit a 1.5x loss rate and higher end-to-end
path RTT. This can be attributed to the possibility that cellular network
users’ transmission rate may be limited by ISP when the data cap is
reached [48]. For different applications, the ratios of cellular network
users result in the corresponding performance deterioration ratios.

High diversity among applications. Temporal patterns for differ-
ent applications (or domain names, user groups) are highly diverse,
based on their types of applications and use cases. Firstly, users exhibit
a preference for divergent access methods across various applications.
To illustrate, in comparison with cellular access with high latency, WiFi
or wired access, with their steadier and lower latency, prove more
suitable for long video-on-demand and live streaming applications,
given these applications require high transmission performance and the
transmission of large datasets. Conversely, access methods for music
or short video applications appear to be more arbitrary. In practice,
evidence suggests that different cellular access ratios are observed for
different types of applications, according to the labeled data collected
from the relevant content providers [48]. Secondly, the use case of
different types of applications also varies. Reconsidering Fig. 4, applica-
tion 2 (a music APP) shows increased latency during commuting hours,
as users suffer poor cellular access performance while in transit.

Resulting from the above two reasons, the mean last-mile segment
latency of different applications exhibits significant disparity. For ex-
ample, the maximum mean last-mile segment latency exceeds 84 ms,
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whereas the minimum is only 16 ms. If a latency monitor fails to diag-
nose an application’s large last-mile segment latency and consequently
the scheduling center does not specially optimize its assigned nodes,
the corresponding QoS will face severe degradation.

In order to more effectively illustrate the temporal fluctuations in
last-mile segment latency patterns, a clustering approach was employed
on the daily last-mile segment latency time series of applications. For
each user group, the last-mile segment latency is recorded in 10-minute
time slots and subsequently normalized to trace the changing pattern.
The pattern difference between weekdays and weekends is also con-
sidered. As demonstrated in Fig. 7, most applications can be clustered
into three groups by employing the K-means clustering algorithm. The
traffic of each group accounts for 14.5%, 25%, and 60.5% of the total
traffic, respectively.

The primary distinctions between the three groups are as follows:
(1) the severity of latency degradation, i.e., the disparity between
the minimum and maximum value; (2) the similarity of the temporal
pattern on weekdays and weekends. For example, Group 2 demon-
strates comparable patterns during weekdays and weekends, suggesting
a similar use case. However, Group 1 experiences more severe la-
tency degradation during weekday commuting hours, while the latency
changes exhibited by Group 3 are more modest.

Implication. The user-side temporal variation also heavily influ-
ences the end-to-end path latency. This variation captures the temporal
latency fluctuations within the last-mile access network for stationary
user groups. These fluctuations are predominantly characterized by
processing and queueing delays at the congested ISP edge. Furthermore,
these temporal patterns exhibit a high degree of diversity among dif-
ferent aggregated user groups (applications) due to their unique usage
behaviors. Therefore, application types and time information are both
indispensable user-side input features to capture the queueing-dominated
temporal dynamics for end-to-end path latency prediction.

4. ADePT design

Measurements in Section 3 indicate that the end-to-end path latency
can be predicted based on the features of both nodes and user sides.
In this section, we propose ADePT, an Application Delay Prediction
tool. We first formulate the problem in Section 4.1. In Sections 4.2-4.4,
we introduce the design and deployment issues of the causal neural
network (NN) predictor, respectively.

4.1. Problem statement

As analyzed in Section 3, the end-to-end path latency for a specific
application (or user group) u € U from users in region r € R to the
node n € N is depicted by the mapping Lat'(u,r,n). If we consider
the impacting factors of the user side and the node side separately, the
mapping can be rewritten to:

Lat'(u,r,n) = f'(User'(u,r), Nodeé' (r, n)) 3
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where User'(-) and Node'(-) denote the hidden embedding of the user
group and the node, respectively. The function f’ illustrates the cor-
relation between two embeddings. Such a relation is illustrated in Fig.
8.

The monitoring system collects two real-time measurements: (i)
the partly observed Lat'(u,r,n): for any user group u in region r, the
end-to-end path latency is logged by passive measurement (3 on the
assigned node n; (ii) the full observation for Node'(r,n): the active
reverse measurement (D) monitors the latency for each node n to all
regions r. Note that the observed core network latency is not entirely
equivalent to the hidden high-dimensional node-side embedding.

The goal of the predictive model is to learn the mapping Lat'(u, r, n)
completely. Formally, for any given user group u at region r, we wish to
predict the end-to-end path latency when it is assigned to any possible
node » at time 7.

4.2. Causal NN model

As discussed in Section 2.3, traditional prediction methods cannot
efficiently capture the hidden high-dimensional embeddings and their
correlations. The data-driven learning model, conversely, has been
proven to be more proficient in accomplishing this task with limited
data. However, a naive supervised NN model may be unsuitable as the
user-side embedding User’ in Eq. (3) cannot be directly observed by
CDNs. Inspired by former causal inference works [48,49], we model
this problem as a counterfactual prediction and split it into two steps:

» predicting the hidden user-side embedding User'(u,r) for each
user group u by observed Lat'(u,r,n) and the corresponding ob-
servation Node'(r,n).

» making counterfactual predictions of end-to-end path latency
Lat' (u, r,n) for specific nodes through function f’ with user-side
and node-side embeddings.

The key challenge of ADePT is to extract the node-invariant user-
side embedding U ser'(u, r) for each user group u, which is achieved by
the adversarial neural network framework.

ADePT architecture. As illustrated in Fig. 9, ADePT consists of
three neural networks: the hidden user-side embedding extractor, the
hidden embedding discriminator, and the end-to-end path latency pre-
dictor.

Extractor. To extract the high-dimensional hidden user-side em-
bedding User'(u,r), ADePT adopts an LSTM that takes in Lat'(u, r, n),
corresponding Node'(r,n), features of the user group u, and explicit
time-related features (denoted as t features). Based on the tempo-
ral patterns identified in Section 3.4, we design t features to include
HourOfDay, DayOfWeek, and DayOfMonth to capture the intra-
day, weekly, and monthly patterns of last-mile networks, respectively.
The input data is aggregated at a 10-minute granularity. To capture the
hidden state stably and filter out real-world measurement noise, the
LSTM takes a sliding window of historical records spanning 3 h (i.e., a
sequence of 18 timesteps) as input.
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Discriminator. ADePT employs a multilayer perceptron (MLP) to
ensure the invariance of the hidden user-side embedding according to
nodes. This NN aims to predict the assigned node 7 for a given predicted
user-side embedding U ser! (u, r). If the hidden embedding is invariant to
the assigned node, as expected, the discriminator will fail to distinguish
the assigned node but will predict randomly at the prior probability.
ADePT uses cross-entropy loss to train the discriminator:

£disc = Lcross—entropy(n’ i) 4

Predictor. ADePT uses another MLP to extract node-side embed-
dings and then predict the counterfactual end-to-end path latency.
This predictor takes the predicted hidden embedding User'(u,r), the
core network observation (to extract node-side embedding Node(r, n)),
features of the user group u, and the current t features (HourOfDay,
DayOfWeek, DayOfMonth) as input, and outputs the predicted coun-
terfactual latency Ija\t’(u, r,n). ADePT formulates a Mean Squared Er-
ror(MSE) loss for the predictor:

£,=E[(Lat'(u,r,n)— Lat'(u, r, "))2] 2

4.3. Training

Similar to the training procedure of the Generative Adversarial
Network (GAN) framework, ADePT alternates between two training
phases. Firstly, ADePT trains the discriminator through loss £;;,, with
fixed extractor and predictor parameters. Subsequently, the extractor
and the predictor are trained by the following total loss £,,, while
keeping the discriminator fixed:

Ligrar = [’p — k- Ly (6)

where k is the hyperparameter to balance the trade-off between model
fitting and generalization. Note that here the negative sign of the dis-
criminator loss means the extractor is trained to fool the discriminator
to ensure the hidden state is invariant to the assigned node.

The NN structure and hyper-parameters are listed in Table 2. The
training procedure takes less than 2 h on a 16-core CPU with 150k
samples.

4.4. Deployment issue

Data cleaning. The real-world collected latency data needs careful
pre-processing. Firstly, the measurement data is unstable and exhibits
huge noise. Secondly, the latency often incurs long-tailed outliers and
does not follow a Gaussian distribution. To fix this, ADePT first ap-
plies a logarithmic transformation to all of the latency data and then
performs the standardization. This approach can effectively limit the
impact of the instability of the real-world data on the learning model.

Node labeling. The labeling of nodes for the discriminator is com-
plex because the number of nodes in the edge CDN system exceeds
1000. ADePT labels nodes by their observed core network latency
for users in each region. The latency metric, which is continuous, is
discretized into several uniform bins, thereby transforming the dis-
criminator’s task into a classification problem to accommodate the
cross-entropy loss.

User group feature extraction. The user group feature is supposed
to identify the seasonality and long-term trends of user groups, as
shown in Section 3.4. Thereby, we collect the last-mile segment latency
time series for each user group from the historical dataset and extract
the daily, weekly, and monthly seasonality, respectively. Principal
components of such features are further filtered out through principal
components analysis (PCA) and selected as features of user groups.

5. Optimization of the scheduling problem

By utilizing more accurate end-to-end path latency predicted by
ADePT as the latency metric input to the scheduling system, CDNs can
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Table 2
Training setup and hyperparameters for ADePT.
Model Hyperparameters Value Model Hyperparameters Value
Hidden layers (128,64,32) Extractor Hidden layers (32,32)
Predictor Loss function MSE Activation function ReLU
Max epoch 20,000 Optimizer Adam
Hidden layers (128,64,32) Common Learning rate 0.001
Discriminator Iteration per epoch 10 Batch 212
Loss function Cross entropy k {0, 1le—4, 5e—4, le-3, 1le-2, 0.1}

effectively guarantee more traffic with latency that satisfies the require-
ments of SLAs through intelligent scheduling, thereby improving user
QoE. In this section, we introduce the methodology for incorporating
the predicted latency metric in the CDN scheduling center. We begin
with the optimization goal, followed by the latency metrics and the
solution method for the scheduling problem.

Optimization goal. Improving the access performance (QoS) is the
most important goal for the CDN scheduling center. CDN vendors typ-
ically execute Service Level Agreements (SLAs) with content providers
to ensure reliable content delivery. Specifically, CDNs guarantee that
the latency for most traffic stays below a pre-determined threshold
for each user group. For example, considering the perceived latency
Lat'(u, r,n) for a user group u from an application in region r € R when
requesting node n € N, we can define the latency penalty P’ function
at time ¢ as follows.

. Lat'(u, r,n),if Lat'(u,r,n) < Thresh, @
L [ e Lat'(u, r,n),if Lat'(u,r,n) > Thresh,

where Thresh, denotes the corresponding latency threshold for the
application and corresponding user group u, and & (where § > 1)
denotes the penalty multiplier when the perceived latency exceeds the
threshold.

The introduction of the penalty multiplier 5 for latencies exceeding
the threshold Thresh, is crucial for both practical and mathematical
reasons. Practically, Thresh, reflects the ideal latency requirement for
different applications. In real-world CDN scenarios (e.g., live stream-
ing), once the latency crosses this threshold, the user’s QoE suffers
a cliff-like degradation (e.g., severe video stalling). The multiplier §
acts as a heavy penalty to reflect this unacceptable QoE drop. Mathe-
matically, without the multiplier §, the penalty function only reflects
the average global latency. Under a linear objective, swapping the
scheduling decisions of two equal-volume traffic streams often results
in a zero-sum exchange with no net reduction in the penalty, thereby
treating a threshold-violated stream and a well-performing stream with
equal priority. By introducing a piecewise penalty function via §, we
break this symmetry. It strictly forces the solver to prioritize pulling
traffic below the threshold, thereby steering the objective toward max-
imizing the ratio of traffic meeting the ideal latency requirement rather
than blindly minimizing the mean latency.

According to the given underlying latency data (predicted by
ADePT), to achieve the best global QoE assurance, the scheduling
problem aims to find the optimal scheduling mapping M (Eq. (1)) to
minimize the global latency penalty under traffic demand T, for all user
groups u:
min ) P, - T, ®

u,n

Latency metrics. Since the perceived latency Lat'(u,r,n) remains
unknown until the actual scheduling decision is applied, the scheduling
center requires a metric to characterize the underlying latency. As
analyzed in Section 2.2, monitoring all possible paths through di-
rect measurement is impractical. CDNs typically select the following
alternative metrics:

Core segment latency from active reverse probes D):

Lat'(u,r,n) = Node'(r,n), Yu 9

Full path latency from active probing (@) issued by a fixed group of
users. This path includes a fixed last-mile segment, depending on the
probing user in the specific region, as well as a core segment that varies
depending on the probed node:

Lat'(u,r,n) = f'(User'(u,,r), Node'(r, n))

(10)
= RTTProp:n, Yu

Both of the two directly measured metrics overlook the impacting factor
from the user side. This is because CDNs mostly focus on the core net-
work latency. The traversed core network is selected by the scheduling
of CDNs, whereas the user-side last-mile network is out of the control of
CDNs. As a result, such metrics are unable to accurately reflect actual
end-to-end path latency and can easily lead to a decline in QoS due to
improper scheduling. For example, as shown in Fig. 4, if application
1 and application 2 are scheduled to the same node according to the
latency in Eq. (10) through measurement (2), application 2 will suffer
severe latency deterioration in morning commuting hours.

Solution. Theoretically, the scheduling problem can be formulated
as a linear or convex optimization problem to solve [50,51]. However,
the real-world scheduling problem is complicated by other complex
commercial constraints and deployment limitations. As a result, CDNs
typically adopt heuristic approaches to adjust the scheduling decision
dynamically [35,36].

6. Evaluation

In this section, experiments are conducted based on collected data
from a leading CDN vendor in China. Specifically, two key questions
are examined: (1) the accuracy of ADePT in predicting end-to-end path
latency for any specified path, and the contribution of its causal design
(Section 6.1); (2) the optimization improvement that can be achieved
by the scheduling center through more accurate latency prediction
provided by ADePT (Section 6.2).

6.1. Prediction accuracy

We first validate the superior prediction accuracy that ADePT
achieves on the collected measurement dataset.

Experiment setup. The latency dataset was collected in 5-minute
time intervals for more than 10,000 domain names in 31 regions, cov-
ering more than 1500 nodes, over a period of one month, based on the
hybrid measurement method deployed in the real world (Section 3.1).
After record aggregating and decorating the sliding window of records
for the extractor, the dataset is further filtered, leaving more than 150k
items. Only when a scheduling decision change happens, the sample
is reserved, i.e., the traffic from a specific user group switches from
one node to another. This is due to the fact that it is only necessary to
predict the end-to-end path latency of paths that do not carry traffic
and cannot be monitored by measurement 3). Consequently, the time
interval during traffic rescheduling constitutes an ideal opportunity for
validating the prediction accuracy of prediction models. The data from
the last 30% of days is split out as the test set, and prediction models
are trained with the remaining data.

Baselines. We compare ADePT with two methods. The baseline
method [16] relies on segmented measurement (Section 2.3), which
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predicts the end-to-end path latency by simply summing up the last-
mile segment latency of a user group and the core segment latency
from the corresponding region to the node. Note that the last-mile
segment latency is difficult to measure directly for CDNs. Therefore,
it is calculated through Eq. (2) in Section 3.2. To evaluate the design
of ADePT, we also train an integrated NN model (h-NN) to predict the
end-to-end path latency directly. This hybrid NN model combines an
LSTM for historical latency data and 3 fully connected layers for other
features, sharing the same input as ADePT and outputting the predicted
latency for the new destination node.

Prediction accuracy. ADePT achieves superior prediction accuracy
compared to the baseline and the h-NN model. Figs. 10 and 11 illus-
trate three models’ mean absolute percentage error (MAPE) and the
90th-percentile absolute prediction error, respectively. We distinguish
the weekdays and weekends due to their different user-side latency
patterns, as discussed in Section 3.4. The MAPE of ADePT is 10.5%,
representing a 19.6% reduction compared to the baseline (13.0%) and
a 9.8% decrease compared to the h-NN model (11.6%). ADePT also
outperforms the other two models in the control of the tailed error
(90th-percentile value), which is 22.4% and 19.4% less than baseline.
The higher prediction error observed on weekends may indicate the
existence of complex interactions for node-side and user-side embed-
dings within a specific path. In this context, ADePT exhibits superior
adaptability in comparison to the baseline.

Contribution of the discriminator. The improvement in prediction
accuracy from h-NN to ADePT is attributed to the design of the discrimi-
nator. The discriminator promises the extractor to extract the user-side
latent embeddings, which are irrelevant to the assigned node. Recall
that nodes are labeled by their corresponding observed core network
latency and further classified into multiple bins (Section 4.4). Ideally,
a successful extractor will completely blind the discriminator, making
it impossible to infer the true assigned node bin from the extracted
user-side embeddings. In such a case, to minimize the cross-entropy
loss L 4., the discriminator’s best strategy is to simply guess the output
based on the prior probability (i.e., the overall population distribution)
of the node bins in the dataset.
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To visualize this, Fig. 12 plots the prediction distribution of the
discriminator. The y-axis represents the ground-truth node bin, and
the x-axis represents the discriminator’s prediction. The bottom row
illustrates the prior population for node bins in the whole dataset. As
shown in the heatmap, there is no density concentration along the
diagonal. Instead, the prediction distribution for any given ground-
truth bin (each row) is nearly identical to the overall prior population
(the bottom row). This explicit uniform guessing pattern firmly vali-
dates our hypothesis: the discriminator fails to distinguish the assigned
nodes, proving that the extractor successfully purifies the user-side
latent embeddings by stripping away any node-related information.

Setting of the parameter k. The successful extraction of user-side
latent embeddings requires careful parameter selection, especially the
weight k in the total loss Eq. (6). Fig. 13 shows the variation (bar, left
y-axis) and the MAPE (line, right y-axis) of ADePT of the extractor’s
output under different k. The variation is characterized by the trace of
the covariance matrix of the extractor’s output. As demonstrated, the
extractor trained with a lower k is incapable of extracting the latent
features purely, thus failing to fool the discriminator and resembling
h-NN. Conversely, the heavy punishment under high k suppresses the
variation of latent embeddings, resulting in the extractor becoming
useless.

6.2. Scheduling improvement

In this part, we demonstrate that ADePT’s latency prediction can
improve CDN traffic scheduling decisions.

Experiment setup. We select a smaller range of 26 user groups in
the same region from major video-on-demand applications in China.
Traffic of these applications is easier to schedule flexibly and swiftly
through HTTP-DNS [52]. Traffic demands of these user groups are also
stable and higher than 100 Mbps on average over a month. To obtain
the actual end-to-end path latency of any specified path, we temporarily
schedule a small portion of traffic (i.e., thousands of connections) from
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these user groups to a total of 62 nodes on six selected time points
(morning 9 a.m., midday 1 p.m., and evening 9 p.m. on both weekends
and weekdays) to perform traffic scheduling experiments, which cover
major traffic demand and quality scenarios.

With the above dataset, we managed to reschedule these traffic
demands to minimize the global latency penalty Eq. (8) in a simulated
environment. When a user group is assigned to a specific node, the
latency penalty is set according to Eq. (7) and the actual latency is
collected as aforementioned. The penalty multiplier § in Eq. (7) is
set to 2, and the ideal latency requirement T hresh, is set according
to the priority of the user group u (50 ms in most cases), which
resembles the real-world setting. We do not minimize the global latency
but the penalty because we want to serve as much traffic as possible
with latency under the corresponding latency requirement T hresh,.
The resource supplement is limited to ensure that the low-latency
resources are incapable of serving all requests. Eventually, we compare
the objective score (global latency penalty) and the ratio of traffic
that meets the ideal latency requirement (T hresh,) for the scheduling
problem when taking different sources of latency information.

10
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To isolate the impact of latency prediction accuracy on scheduling
performance, we formulate this simulated scheduling task as a standard
Linear Programming (LP) problem, focusing exclusively on minimizing
the global latency penalty defined in Eq. (8). We solve this LP using
standard optimization solvers (e.g., SciPy [53]).

It is worth noting that designing a novel scheduling algorithm is not
the focus or contribution of this paper. While production CDNs rely on
complex heuristic algorithms to balance multidimensional commercial
constraints, as discussed in Section 5, incorporating those factors would
confound the evaluation of our prediction model. Using a pure LP
simulation based solely on the latency objective, we provide a clean,
controlled environment to evaluate and demonstrate that ADePT’s su-
perior prediction accuracy directly translates into better scheduling
outcomes.

Baseline. We compare the performance of scheduling decisions
computing based on different sources of predicted latencies from the
aforementioned methods: ADePT, h-NN, and baseline. We also compare
with the current online scheduling decision. Current CDNs typically
select the full path latency Eq. (10) as the latency metric, which
overlooks the diversity of user-side features among applications, as
discussed in Section 5. Note that selecting core segment latency Eq. (9)
as the latency metric results in negligible differences compared to the
full path latency.

Scheduling improvements. The global latency penalties for differ-
ent latency prediction methods are shown in Fig. 14(a). ADePT can
effectively reduce the penalty at all time points. With ADePT, the
scheduling center improves the scheduling results by 8.6% compared
with the currently adopted latency prediction source, whereas the
other methods result in negligible scheduling improvements due to
their latency prediction errors. Specifically, the system gains more
improvement in the morning when the latency among applications
varies the most.

We investigate the percentage of traffic that meets the latency
requirement (T hresh,) by different solutions, and the results are shown
in Fig. 14(b). Compared to baseline, ADePT increases the percentage of
traffic with latency below Thresh, significantly from 29.6% to 49.1%
(1.66x). Even on weekday evenings, when the average latency and
traffic demand are highest, adopting accurately predicted latency by
ADePT can promise nearly 20% more of the traffic with guaranteed
latency.

Promising more portions of traffic with guaranteed latency under
T hresh, sacrifices the performance of traffic with originally the lowest
latency. Fig. 14(c) illustrates the distribution of the latencies of all
traffic on weekend evenings. Requests from user groups with the lowest
last-mile segment latency are scheduled to more distant nodes, so that
more requests can be guaranteed under 50 ms of latency and avoid
multiplicative penalties.

7. Discussion: Generalizability and extensions

Generalizability to other networks. ADePT is evaluated on a
single, albeit highly representative, large-scale commercial edge CDN
that processes 100+ Tbps traffic across 1500+ nodes. While we ac-
knowledge the limitation of not evaluating on multiple distinct CDN
architectures due to the practical unavailability of proprietary com-
mercial datasets, the core contribution of ADePT, a causal inference
methodology for decoupling coupled path segment embeddings from
extremely sparse measurements, is highly generalizable. For instance,
in inter-autonomous system (inter-AS) transmissions or anycast rout-
ing [19], end-to-end active probing from all ASes to all catchments
is impossible. ADePT’s adversarial architecture can be readily adapted
to these scenarios to decouple and extract the hidden state for each
AS, thereby inferring the end-to-end path latency for unseen BGP
paths. Extension to emerging satellite-assisted CDNs. As network
architectures evolve, satellite-assisted CDNs [54,55] are emerging as
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a cost-effective solution to offload terrestrial core networks via mul-
ticast capabilities. In such converged architectures, satellite links are
primarily utilized to feed edge caches (i.e., acting as CDN nodes).
This paradigm shifts the node-side latency from distance-proportional
fiber delays to satellite propagation delays (e.g., uniform delays across
a wide spot-beam footprint), while the volatile user-side temporal
variation (last-mile congestion) remains the critical QoS bottleneck.

The decoupled, causal nature of ADePT is perfectly suited for this
architectural evolution. Because ADePT extracts node-invariant user-
side embeddings, it can seamlessly evaluate these new satellite-assisted
nodes. By simply introducing the satellite’s specific propagation char-
acteristics as new node-side features, ADePT can accurately predict the
end-to-end path latency for these hybrid paths, aiding the scheduling
center in dynamically balancing traffic between purely terrestrial nodes
and satellite-assisted nodes.

8. Related work

CDN measurement methodologies. CDNs have proposed various
measurement methodologies to evaluate or improve the performance of
CDNs. By collecting TCP connection states from the TCP stack, passive
measurements are used for event localization in CPR [31,33]. Active
measurements issue probes periodically either from the user end device
(e.g., Odin [9]) or home routers (e.g., BISmark [26]) to monitor the
quality of networks. Proactive measurements are used in EdgeFab-
ric [35] and Espresso [36] by directing a small proportion of user traffic
to alternative paths or in [30] by directing DNS queries to different
servers. A hybrid method of measurement is used in Blameit [11,56]
for troubleshooting and rerouting. These methods cannot support the
large-scale latency data that an edge CDN needs.

Latency prediction. Traditional end-to-end path latency predic-
tion methods include matrix completion [21,24], global network po-
sitioning [12,13,15] and segmented measurement [16,19,20]. In re-
cent years, data-driven causal models [57-60] have been adopted for
the purpose of predicting microservice latency and troubleshooting.
This work focuses on predicting the end-to-end network transmission
latency for specified paths.

CDN Scheduling Strategy. CDN scheduling can be formulated as
the path selection problem [10,35,36,50,61] or the node placement
problem [51]. These scheduling methods are incapable of obtaining
optimized solutions without accurate end-to-end path latency data.

9. Conclusion

In this paper, we propose ADePT, a novel data-driven causal in-
ference framework that accurately predicts end-to-end path latency.
ADePT is capable of extracting high-dimensional latent embeddings of
user and node characteristics from sparse measurement datasets and
of learning the complex non-linear correlations of embeddings. Our
comprehensive evaluation on a real-world dataset demonstrated that
ADePT significantly surpasses existing latency prediction approaches.
ADePT reduced prediction errors by 19.6% and achieved a highly
accurate median absolute error of 4.3 ms. The practical impact of this
improved accuracy was further validated by showing that ADePT can
improve the percentage of traffic meeting ideal latency requirements
(the SLA threshold) by 1.66x, proving its value in real-world traffic
scheduling.
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