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Abstract—Anomaly clue localization ofmulti-dimensional derivedmeasure is vitally important for the reliability of online video services.

In this paper, we proposeRobustSpot, an end-to-end framework for localizing the clues to anomalousmulti-dimensional derivedmeasures.

RobustSpot integrates two novel indicators, i.e., “Anomaly Degree” and “Contribution Ability”, with a simple yet effectivemethod, weighted

association rulemining (WARM), to automaticallymine the hidden relationships across data dimensions for localizing themost likely clues

to the root cause. Using 135 real-world cases collected froma top-tier global online video service providerH with 170+millionmonthly active

users, we demonstrate that RobustSpot achieves high accuracy (Top-5 accuracy of 98%), significantly outperforming state-of-the-art

methods. The average localization time of RobustSpot is 1.83s, which is satisfying in our scenario.We have open-sourced the

implementation of RobustSpot aswell as the data used in the evaluation experiments.
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1 INTRODUCTION

TODAY’S online video services provide application services
for a significant number of customers. The performance of

online video services is vitally important to customers’ quality
of experience (QoE) because even a short period of failure can
bring poor experience tomany customers. Therefore, operators
carefully monitor these services’ performance using some
measures, e.g., the ratio of viewers suffering from stalling (stall-
ing ratio) [1], [2]. When these measures become anomalous, it
usually demonstrates that a high ratio of users suffers from
QoE problems, and operators need to localize the clue to the
root cause formitigating the anomaly quickly.

Usually, these measures are derived from fundamental
measures [3], [4], and they have several attributes, each of
which has multiple attribute values. Taking stalling ratio
(SR) as an example, it is a derived measure [3], [4] generated
from two fundamental measures: the number of viewers suf-
fering from stalling (SV) and the number of online viewers
(OV). Specifically, SR ¼ SV =OV . Table 1 lists three real-
world examples of the measurement records of SV, OV and
SR. Usually, a measurement record has several attributes,
e.g., CDN (the Content Delivery Network provider that
delivers the video), Bitrate (the number of bits transmitted
per second needed to play the video smoothly), and Device
Type (the type of devices viewers used to play the video).
Each attribute has multiple attribute values, e.g., the device
used by viewers can be an iOS phone, an Android phone, or
a PC. Typically, these measurement records are collected in
every time interval (e.g., every minute). Moreover, the most
fine-grained records can be naturally combined to form
more coarse-grained measures. For example, all the mea-
surement recordswith C=CDN1 and B=500 can be combined
into ðC ¼ CDN1; B ¼ 500; D ¼ �Þ, where � is a wildcard.

When the total measure (i.e., ðC ¼ �; B ¼ �;D ¼ �Þ) is
anomalous, e.g., experiencing a sudden spike or level shift, it
is crucial but challenging to localize the clue to the root cause,
i.e., a combination of some attribute values (called single-clue
hereinafter, e.g., ðC ¼ CDN2; B ¼ �;D ¼ iOSÞ), or two or
more such combinations (called multi-clue hereinafter, e.g.,
ðC¼CDN3; B¼�;D¼ iOSÞ and ðC¼CDN2; B¼�;D¼PCÞ),
that have the most potential to have caused the anomalous
total measure. According to the clue, operators can exper-
tise root cause localization and take action to quickly miti-
gate the anomaly. However, the localization of potential
clues, e.g., ðC ¼ CDN2; B ¼ �; D ¼ iOSÞ, is quite difficult,
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because a sudden change (anomalous behavior) in the
clue combination, ðC ¼ CDN2; B ¼ �; D ¼ iOSÞ, can prop-
agate to more coarse-grained combinations (cause them to
change unexpectedly), e.g., ðC ¼ �; B ¼ �; D ¼ iOSÞ, and
more fine-grained combinations, e.g., ðC ¼ CDN2; B ¼
2000; D ¼ iOSÞ, or even other related combinations, e.g.,
ðC ¼ �; B ¼ 2000; D ¼ �Þ [4], [5] (more details can be seen
in Section 2.2). Consequently, it is infeasible to manually
localize the anomaly clue of multi-dimensional derived
measures. In this paper, we aim to automatically, accurately,
and rapidly localize the clue when the total multi-dimensional
derivedmeasure of online video services becomes anomalous.
Note that we only deal with the case where the total derived
measure is anomalous in this paper.

Although several works have been proposed for anomaly
clue localization of multi-dimensional measures, including
iDice [6], HotSpot [5], Squeeze [4] and ImpAPTr [7], the for-
mer two works cannot localize anomalies for derived meas-
ures. Additionally, ImpAPTr cannot be applied for the
multi-clue scenario, and neither Squeeze nor ImpAPTr can
address the following two challenges well (more details can
be seen in Section 2.2).

1) Derived measures have more complex patterns than funda-
mental measures.More specifically, the magnitude of the
difference between forecast and actual measurement,
onwhich iDice, HotSpot, ImpAPTr, and Squeeze relied,
cannot fully capture the anomaly patterns of derived
measures. To accurately localize clues, we should con-
sider, for both derived measures and fundamental
measures, the differences between their forecast mea-
surement and actual measurement in terms of magni-
tude. In addition, we should also pay attention to the
direction of the change from the actual measurement to
the forecastmeasurement, i.e., an increase or a decrease.

2) The propagation pattern and distribution of attribute val-
ues are complex. After extensive investigations on
real-world cases of multi-dimensional derived meas-
ures, we find that the propagation pattern from the
clue combinations to other combinations, which is
the key to infer the clue combinations, does not
always comply with the “Ripple Effect” rule serving
as the base of HotSpot and Squeeze. This causes nei-
ther HotSpot nor Squeeze to perform well in our sce-
nario (more details can be seen in 5.2). Moreover, the
fundamental measures with different attribute val-
ues in normal situations can be very imbalanced. For
example, the SV with ðD ¼ iOSÞ or that with ðD ¼
AndroidÞ are much larger than that with ðD ¼ PCÞ
when the total SR is normal. This can easily cause
that an anomaly localization method, e.g., iDice, Hot-
Spot, ImpAPTr, and Squeeze, mistakenly regard the

combinations which contain attribute values occupy-
ing a large portion in normal situation as the clue.

Therefore, we propose a novel anomaly localization frame-
work, RobustSpot, to accurately and rapidly perform anomaly
localization for multi-dimensional derived measures. The
main contributions of thiswork are summarized as follows:

� We propose two simple yet effective indicators, namely
“Anomaly Degree” and “Contribution Ability”, thro-
ugh which the possible clues are narrowed down to a
small set. The combination of these two indicators accu-
rately captures the complex patterns of anomalous
derivedmeasures and thus addresses the first challenge.

� We propose a new algorithm, Weighted Association
Rule Mining (WARM), to capture the hidden relation-
ship across dimensions and effectively learn the propa-
gation pattern from clue combinations to other
combinations. In addition, for each attribute, WARM
successfully balances the biased distribution of its dif-
ferent attribute values. WARM addresses the second
challenge.

� Based on 135 real-world cases collected from a top-tier
global online video service providerHwith 170+million
monthly active users,we conduct extensive experiments
to demonstrate the performance of RobustSpot. Robust-
Spot achieves 98% ACC@Top5, which is greatly higher
(by 26%) than the best baseline method. In addition, the
average anomaly localization time for each case is 1.83s,
satisfying the requirement of online deployment.

� We have implemented and deployed RobustSpot in
H for 10+ months, and share some successful stories
in Section 6. Moreover, to get readers more easily
understand our work, we have made the data and
code publicly available [8].

2 PRELIMINARIES

2.1 Problem Definition

Table 2 lists the important notations of this paper. Ameasure is
an indicator reflecting the QoE. It is dynamically monitored
and collected at the server-side using application performance
management (APM) systems such as CAT, pinpoint, skywalk-
ing, and zipkin [7]. It can be classified into two types: fundamen-
tal measure and derived measure. A fundamental measure
usually counts the number of viewers with predefined charac-
teristics, e.g., setting video’s Bitrate = 500, using Android
devices, suffering from stalling. Typically, it is additive, e.g.,
for the SV in Table 1, SV ðB ¼ 500Þ ¼ 5þ 8 ¼ 13. A derived
measure (e.g., SR), however, is usually a ratio derived
from fundamental measures1, and it is not additive, e.g.,

TABLE 1
Examples of SV, OV, SR Records

Attribute CDN (C) Bitrate (B) Device
Type (D)

Measure SV OV SR

Attribute Value
CDN1 500 PC

Measurement record
5 90 0.056

CDN2 500 iOS 8 100 0.08
CDN3 2000 Android 5 110 0.045

1. We mainly focus on ratio based derived measures in this work.
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SRðB ¼ 500Þ 6¼ 0:056þ 0:08. It can only be calculated by
aggregating its fundamental measures, e.g., SRðB ¼
500Þ ¼ 5þ8

90þ100 ¼ 0:068. Typically, operators pay more
attention to derived measures than fundamental meas-
ures, because the former one more comprehensively
reflects the performance of services.

A measure usually contains multi-dimensional attributes.
An attribute, e.g., CDN, Bitrate, Device Type, Internet service
provider (ISP), defines a type of configuration information at
the viewer-side and it is recorded by the APM systems at the
server-side. It usually has different values. For example, a
viewer can set the bitrate to be 500, 1200, or 2000 (kbps),
choose a CDN as CDN1, CDN2, or CDN3, and use a device
like an iOS phone, an Android phone, or a PC. A viewer
usually falls into a specific attribute combination, e.g., ðC ¼
CDN2; B ¼ 500;D ¼ iOSÞ in Table 1. This most-fine-grained
attribute combination is called a leaf attribute combination
(notated as "). There are also aggregated attribute combina-
tions, e.g., ðC ¼ CDN2; B ¼ �;D ¼ iOSÞ, ðC ¼ �; B ¼ 2000;
D ¼ �Þ. Fig. 1 shows all possible attribute combinations of the
measures in Table 1, and the most-fine-grained attribute com-
bination set in Layer 3 is called leaf set (notated asE).

Usually, the root cause of an anomalous total SR can be
a failed CDN service provider, an erroneous software
upgrade, a misconfiguration at the server-side, a network
disconnection of an ISP, etc. Localizing such root causes is
quite challenging due to the large scale, frequent update,
and high complexity of today’s online video services[9].
When operators observe that the QoE is degraded (e.g., a
sudden increase in the total SR), they usually try to identify
the clue attribute combination(s) at first, which represents

the right direction to explore the root cause of anomalous
total SR without misleading information [7]. For example,
after the service provider released a new version of the
Android application, which did not effectively support high
bitrate (e.g., B ¼ 2000) video, most of the viewers with the
attribute combination ðC ¼ �; B ¼ 2000; D ¼ AndroidÞ suf-
fered from stalling, leading to an anomalous total SR. The
combination of ðC ¼ �; B ¼ 2000; D ¼ AndroidÞ was a valid
clue attribute combination for the anomalous total SR. How-
ever, neither ðC ¼ �; B ¼ 500; D ¼ iOSÞ nor ðC ¼ �; B ¼
�; D ¼ AndroidÞ was a valid clue attribute combination
because the former showed the wrong direction for opera-
tors to explore the root cause, and the latter provided mini-
mal information. After the clue attribute combination, i.e.,
ðC ¼ �; B ¼ 2000; D ¼ AndroidÞ, was localized, operators
investigated what happened to the viewers using Android
devices with Bitrate=2000. They found that the newly
released Android application did not support a high bitrate
well, which caused the viewers having upgraded Android
applications to suffer from stalling. Therefore, they quickly
fixed the bugs in the Android application and released a new
version. Similarly, when operators found that ðC ¼ CDN3;
B ¼ �; D ¼ �Þwas the clue attribute combination, they inves-
tigated what happened to the CDN provider CDN3, and
found that CDN3 experienced a network outage because of a
router failure. Consequently, they switched the content
delivery services provided by CDN3 to other CDN pro-
viders, successfully addressing the problem.

The search space of all possible clues is quite large. For
example, when the number of attribute values of C, B and D
attributes is 13, 24 and 9, respectively, there will be 3499
combinations. In this case, the search space becomes
23499 � 1 [5], making the brute-force search algorithm inap-
plicable in our scenario. Therefore, instead of brute-force
search, RobustSpot integrates two novel indicators, i.e.,
“Anomaly Degree” and “Contribution Ability”, with a sim-
ple yet effective method, WARM, to efficiently mine the hid-
den relationships across data dimensions (see Section 5.4 for
more details).

Now we apply a toy example to show how to manually
localize anomaly clues for multi-dimensional derived meas-
ures. As shown in Table 3, suppose that SR has two attributes
– C and B, and their attribute value sets are {CDN1, CDN2,
CDN3} and {1200, 500}, respectively. Apparently, when theFig. 1. The possible combinations for the measures in Table 1.

TABLE 2
List of Important Notations

Notation Definition Notation Definition

Fundamental measure The additive measure, e.g., SV, OV fdðT Þ The forecast measurement value of the total SR
Derived measure The non-additive measure derived from

fundamental measures
P The set of preserved "

Attribute (dimension) A feature of an online viewer, e.g., video
bitrate, CDN, device type

Dp, Do The databases weighting " in P and E,
respectively

Attribute value The potential value of an attribute, e.g., the
device type can be iOS, Android or PC

Supportp, Supporto The Support of " in Dp and Do, respectively

h An attribute combination Supportb The difference between Supportp and Supporto
" A leaf attribute combination ta, tc The thresholds of AD and CA, respectively
E The set of " C The set of h 2 Dp

mdð"Þ,msð"Þ,moð"Þ The actual measurement value of "’s SR,
SV and OV, respectively

S The set constituted by the subsets ofCwhere there
are no two subsets share common attribute value

fdð"Þ, fsð"Þ, foð"Þ The forecast measurement value of "’s SR,
SV and OV, respectively

R The candidate clue set
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total SR becomes anomalous, the clue is an element or a
non-empty subset of fðC ¼ CDN1; B ¼ �Þ; ðC ¼ CDN2; B ¼
�Þ . . . ; ðC ¼ CDN3; B ¼ 500Þg. For each cell in Table 3, the
value before the arrow is the forecast (normal) measurement
of SR ¼ SV =OV , and the one after arrow is the actual value
of SR. Obviously, the bottom-right cell denotes the total
value of SR, which has a large difference between the fore-
cast measurement, i.e., 0.04 ( 20500), and the actual measure-
ment, i.e., 0.21 (100480), and thus it is anomalous. In this case, we
can see that ðC ¼ CDN1; B ¼ 1200Þ, ðC ¼ CDN1; B ¼ 500Þ
and ðC ¼ CDN1; B ¼ �Þ all have large differences between
their forecast and actual measurement, respectively. On the
contrary, other attribute combinations have relatively small
differences. That is, the ratios of all attribute combinations
with C ¼ CDN1 suffer from anomalies. Therefore, we can
conclude that the clue of the anomalous total SR is ðC ¼
CDN1; B ¼ �Þ, or ðC ¼ CDN1Þ for short2. Although it seems
straightforward to deduce the clue in this case, as the number
of different attributes, and/or that of different attribute val-
ues of each attribute increase, the search space will increase
exponentially.

2.2 Challenges

There are two main challenges in anomaly localization of
multi-dimensional derived measures as follows.

Challenge 1: Derived Measures Have More Complex Patterns
Than Fundamental Measures. As aforementioned, the clue
combinations are those contribute themost to the anomalous
total measure. In anomaly localization for fundamental mea-
sure, only considering the magnitude of the difference
between the forecast and actual measurement of fundamen-
tal measures is sufficient [4], [5], [6]. For example, when con-
ducting anomaly localization for the fundamental measure
SV, we only need to pay attention to its forecast and actual
measurement. However, because the fundamental measures
of a derived measure can change (increase or decrease)
simultaneously, the difference between the forecast and
actual measurement of derived measures has a far more
complex pattern than fundamental measures. To conduct
anomaly localization for a derived measure, we should con-
sider not only the direction and magnitude of the difference
between its forecast and actual measurement, but also those
of the difference between the forecast and actual measure-
ment of its fundamentalmeasures, respectively. For instance,
when localizing anomalies for the derived measure SR, we

need to pay attention to the forecast and actual measurement
of SV, OV, and SR, respectively. In addition, compared to
fundamental measures, the magnitude and variance of the
derived measures are smaller, so it is more difficult to find
significant anomalous values in the search space.

For example, as shown in Fig. 2, suppose that there are
three candidate attribute values contributing to this anom-
aly, i.e., ðB ¼ 1200Þ, ðB ¼ 500Þ, and ðB ¼ 2000Þ. The total SR
is suffering from an anomaly because its actual measure-
ment (0.165) is much larger than its forecast measurement
(0.015). If we only pay attention to the magnitude of the dif-
ference between the forecast and actual measurement of SR,
ðB ¼ 1200Þ, ðB ¼ 500Þ, and ðB ¼ 2000Þ all have a huge dif-
ference between their forecast and actual measurement of
SR, and they are all supposed to be candidate clues. How-
ever, ðB ¼ 2000Þ has a negative contribution to the increase
of the total SR, because its SR decreases from 0.6 to 0.06.
Moreover, although ðB ¼ 1200Þ contributes positively to the
increase of the total SR, neither of its fundamental measures,
i.e., SV and OV, has a large difference between the forecast
and actual measurement. That is, ðB ¼ 1200Þ contributes lit-
tle to the large difference between the forecast and actual
measurement of the total SR. Therefore, neither ðB ¼ 2000Þ
nor ðB ¼ 1200Þ is the clue. ðB ¼ 500Þ, on the other hand, not
only has a positive contribution to the increase of the total
SR, but also has large differences between its forecast and
actual measurement of fundamental measures. Conse-
quently, it is the actual clue of the anomalous total SR.

Challenge 2: The Propagation Pattern and Distribution of
Attribute Values are Complex. The propagation pattern from
the clue combination to other combinations is complex. As
shown in Table 3, when ðC ¼ CDN1; B ¼ �Þ is anomalous,
it will propagate to other related combinations (cause them
to change unexpectedly), e.g., ðC ¼ CDN1; B ¼ 1200Þ, ðC ¼
CDN1; B ¼ 500Þ, ðC ¼ �; B ¼ 1200Þ, ðC ¼ �; B ¼ 500Þ.
Because both ðC ¼ CDN1; B ¼ 1200Þ and ðC ¼ CDN1; B ¼
500Þ are the “child” combinations of ðC ¼ CDN1; B ¼ �Þ,
they change as ðC ¼ CDN1; B ¼ �Þ changes3. Additionally,
ðC ¼ �; B ¼ 1200Þ and ðC ¼ �; B ¼ 500Þ are the “parent”
combinations of ðC ¼ CDN1; B ¼ 1200Þ and ðC ¼ CDN1;
B ¼ 500Þ, respectively, and thus they change accordingly.

In order to accurately localize the anomaly clue, both
HotSpot [5] and Squeeze [4] are designed based on the
assumption that anomalies propagate observing the Ripple
Effect rule. This rule believes that the difference between

Fig. 2. An example of anomaly localization. The left is the forecast mea-
surement of SR, and the right is the actual measurement of SR. (Actual
Clue: B=500)

TABLE 3
AToy Example of Clue Localization for Anomalous

Total SR (¼ SV
OV ) (Clue: C=CDN1)

f(C,B)!m(C,B)
CDN(C)

CDN1 CDN2 CDN3 *

Bitrate (B)

1200 5
110!75

85
5
80! 7

80
3

100! 2
110

13
290! 84

275

500 3
90!12

65
1
20! 1

30
3

100! 3
110

7
210! 16

205

* 8
200! 87

150
6
100! 8

110
6

200! 5
220

20
500!100

480

2. Hereinafter, we may omit an attribute in a combination when it is
a wildcard. For example, ðC ¼ CDN1; B ¼ �Þ and ðC ¼ CDN1Þ is inter-
changeable in this paper

3. After investigating hundreds of real-world cases, we find that, for
all cases, when one of the clue combinations suffers from an unex-
pected change, all its child combinations will change accordingly.
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the forecast and actual measurement of clue combination,
i.e., ðC ¼ CDN1; B ¼ �Þ, propagate to its “child” combina-
tions, i.e., ðC ¼ CDN1; B ¼ 1200Þ and ðC ¼ CDN1; B ¼
500Þ, in proportion to the forecast measurement of each
“child” combination, i.e., 5

110 ;
3
90 , respectively. However, it

does not hold in our scenario. For example, the larger the
Bitrate is set, the better network transmission is needed.
When the network conditions remain unchanged, we can
infer that the larger the Bitrate is set, the more likely it
causes the video to stall. Therefore, the proportional rela-
tionship between the measurement of the clue combination
and its descendant combinations does not hold anymore.
For example, if ðC ¼ CDN1; B ¼ 1200Þ complies with the
Ripple Effect, the actual value of SRðC ¼ CDN1; B ¼ 1200Þ
should be 

87

150
� 8

200

!
�

5
110
8
200

þ 5

110
¼

87
150� 5

110
8

200

¼ 87

132

 
<
75

85

!

However, the actual measurement of SRðC ¼ CDN1; B ¼
1200Þ is 75

85 , rather than 87
132 , and 75

85 > 87
132 . This is mainly

because the viewers withB ¼ 1200 is more prone to stall than
those withB ¼ 500. Therefore, when ðC ¼ CDN1Þ is the clue,
viewers with ðC ¼ CDN1; B ¼ 1200Þ have a higher probabil-
ity to suffer from stalling than those with ðC ¼ CDN1;
B ¼ 500Þ.

Additionally, the distribution of different attribute values
is highly imbalanced. Usually, for an attribute, the funda-
mental measures with different attribute values are not bal-
anced. For example, over 90% of viewers watch online
videos using mobile devices including iOS devices and
Android devices, leading to that in most cases, the SV with
ðD ¼ iOSÞ or ðD ¼ AndroidÞ occupies a large portion of the
total SV. It can easily cause an anomaly localization method,
if it ignores the imbalanced distribution, to mistakenly con-
sider that ðD ¼ iOSÞ or ðD ¼ AndroidÞ is always the clue.

3 CORE IDEA AND OVERVIEW

In RobustSpot, we first propose two novel indicators,
“Anomaly Degree (AD)” (Section 4.1) and “Contribution
Ability (CA)” (Section 4.2), to comprehensively describe a
leaf combination. Specifically, AD represents whether a leaf
combination is anomalous, and if it is, how severe the
anomaly is. In addition, CA denotes the contribution of an
anomalous leaf combination to the anomaly of the total
measure. In this way, only the leaf combinations that are
significantly anomalous and contribute greatly to the anom-
alous total measures are preserved. This addresses the first
challenge (more details can be seen in Section 2.2).

Furthermore, we propose a simple yet effective method,
Weighted Association Rule Mining (WARM) (Section 4.3),
to capture the propagation pattern from clue combination
to other combinations. WARM does not assume that the
propagation pattern observes the Ripple Effect rule (see Sec-
tion 2.2 for more details). Considering that for a given attri-
bute, the distribution of different attribute values can be
very imbalanced, WARM also balances the biased distribu-
tion of each combination.

Fig. 3 shows the overview of RobustSpot. After an anom-
aly of the total measure, i.e., SR, is detected, we first collect

the measurement data of the fundamental measures, i.e., SV
and OV, at the most fine-grained level. In this way, we
obtain the measurement data of all leaf combinations. After
that, we obtain the significantly anomalous leaf combina-
tions that contribute greatly to the anomaly of the total SR
by combining the proposed AD and CA indicators. Using
the novel WARM method, we finally obtain the candidate
clue set.

4 DESIGN

In this section, we first introduce Anomaly Degree in
Section 4.1, followed by the description of Contribution
Ability in Section 4.2. The WARM method is elaborated
in Section 4.3.

4.1 Anomaly Degree

Anomaly detection for the total derived measure (e.g., SR)
has been well studied for decades [10], [11], [12], [13], [14],
[15]. In this work, we apply Bagel [13], an unsupervised
metric anomaly detection method that has been demon-
strated to be robust and efficient using real-world data, to
automatically detect anomalies in the total SR. Note that
applying Bagel for anomaly detection is not the main contri-
bution of our work. After an anomaly of the total SR is
detected, RobustSpot automatically collects the measure-
ment data of the fundamental measures of leaf combina-
tions (see Table 1 for example).

To determine whether a leaf combination is anomalous,
and if it is, how severe the anomaly is, we first calculate its
AD. Intuitively, for the derived measure of a leaf combina-
tion, we determine the anomaly severity of its measurement
at time t from two aspects: how far it deviates from its his-
torical measurement before t, and how prominent the
anomaly is compared to the measurement of other leaf com-
binations at t.

Usually, for a derived measure, we measure how far its
measurement deviates from its forecast measurement. The
anomaly detection algorithm used in our work can report
the moment t from which the anomaly starts. Therefore, the
total SR is normal before t. Using the measurement within a
period w before t to predict the normal value of t will intro-
duce little bias. Considering the complex pattern (e.g., large
fluctuation, very small magnitude) of measurement data,
and the large number of leaf combinations, we apply a robust
and efficient forecast algorithm, Moving Average (MA) [10],
to obtain the forecast measurement for each leaf combina-
tion. Specifically, for a leaf combination ", suppose that the
total SR becomes anomalous at t, we apply the average of its
collected measurement within a period w before t as its fore-
cast measurement fð"Þ. Typically, a measure’s measurement

Fig. 3. The overview of RobustSpot.
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constantly changes over time, and there are peaks and valleys
within one day, and its patterns also change in different days.
Consequently, it is very difficult to calculate fð"Þ using the
pre-fixed values computed from historicalmeasurements.

Furthermore, we determine the prominence of the anom-
aly of " compared to the measurement of other leaf combina-
tions. Specifically, given " and the set of all leaf combinations
E, we can obtain theAD of " as

ADð"Þ ¼ 1� 1
n�jmdð"Þ�fdð"Þj

j
Pn�1

i¼1 ðmdð"iÞ�fdð"iÞÞj
þ 1

(1)

where mdð�Þ and fdð�Þ are the actual and forecast measure-
ment of ð�Þ’s derived measure at t, respectively, "i 2 E and "i 6
¼ ", and n is the number of leaf combinations in E. To get
readers easily understand the concept of AD, we list several
concrete examples of " as well as their corresponding fd,
md, and AD in Table 4.

Obviously, the more prominently the actual measure-
ment of "’s derived measure deviates from its forecast mea-
surement, the larger ADð"Þ is. Let

n� jmdð"Þ � fdð"Þj
jPn

i¼1ðmdð"iÞ � fdð"iÞÞj ¼ x (2)

Fig. 4 shows how ADð"Þ changes as x increases. We can
find that ADð"Þ 2 ½0; 1Þ. Moreover, when the deviation of
the actual measurement of the derived measure, mdð"Þ,
from its forecast measurement, fdð"Þ, is not very significant,
and thus x is not very large (say smaller than 2.0), ADð"Þ
grows rapidly as the deviation becomes more significant.
Therefore, ADð"Þ makes the deviation distinguishable even
if it is not prominent. Overall, ADð"Þ is robust to determine
the anomaly severity in most cases, even when mdð"Þ
does not deviate much from fdð"Þ compared to other leaf

combinations. The above is also the reason why we have
not simply normalized AD.

Because we should only pay attention to the leaf combi-
nation that has large AD and thus suffers from a significant
anomaly, we apply the Knee-point method [4], [16] to auto-
matically determine the threshold of AD, i.e., ta. The Knee-
point method has been demonstrated to be accurate and
efficient for automatic threshold tuning in practice [4]. Note
that applying this method for threshold tuning is not the
main contribution of our work.

4.2 Contribution Ability

Now we have obtained the AD for each leaf combination to
measure its anomaly severity. However, a leaf combination
with large AD and thus having high anomaly severity does
not necessarily contribute much to the anomaly of the total
derivedmeasure. For example, as listed in Table 4, when " ¼
ðC ¼ CDN1; B ¼ 2000;D ¼ iOSÞ (the fifth row), AD ¼ 0:86,
which is very large (recall that AD 2 ½0; 1Þ), demonstrating
that this leaf combination suffers from a severe anomaly.
Nevertheless, it is obvious that the anomaly of the total
derived measure (fd ¼ 0:07! md ¼ 0:12) is mainly caused
by the large fluctuation of the total SV (fs ¼ 35! ms ¼ 60),
and the change of SV in " (fs ¼ 0! ms ¼ 1) contributes little
to this fluctuation.

Intuitively, to measure how the fluctuation of a leaf com-
bination " contribute to that of the total derived measure,
we assume that only " suffers from an anomaly (i.e., using
its actual measurement) and other leaf combinations are
normal (i.e., using their forecast measurement), and deter-
mine how the measurement of the total derived measure in
this case deviate from its forecast measurement. Specifically,
we calculate CAð"Þ as

CAð"Þ ¼ uð"Þ�fdðT Þ
fdðT Þ (3)

where fdðT Þ ð¼ fsðT Þ=foðT ÞÞ is the forecast measurement of
the total derived measure, i.e., SR. fsðT Þ and foðT Þ are the
forecast measurement of the total fundamental measure,
i.e., SV and OV, respectively. And uð"Þ is

uð"Þ ¼ fsðT Þ þ ðmsð"Þ � fsð"ÞÞ
foðT Þ þ ðmoð"Þ � foð"ÞÞ (4)

where msð"Þ and moð"Þ are the actual measurements of
"’s SV and OV, respectively, fsð"Þ and foð"Þ are the forecast
measurement of "’s SV and OV, respectively. The maximum
and minimum values of CA are different in different cases.
Theoretically, the possible maximum and minimum of CA
are positive infinity and -1.0, respectively. When fdðT ! 0Þ

TABLE 4
Examples of Leaf Combinations and Their CA and AD

Fig. 4. How ADð"Þ changes as x increases.
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and u > 0, CAð"Þ ! 1. Additionally, when u! 0,
CAð"Þ ! �1. Moreover, the larger the actual measurement
of "’s SV compared to its forecast measurement (i.e.,
msð"Þ � fsð"Þ), and the smaller the actual measurement
of "’s OV compared to its forecast measurement (i.e.,
moð"Þ � foð"Þ), the more " contributes to the anomaly of the
total SR, and the larger CAð"Þ becomes At this time, from
Eq. (3) and Therefore, we can infer that the maximum
CAð"Þ indeed denotes the maximum contribution.

In this way, as listed in Table 4, when " ¼ ðC ¼
CDN1; B ¼ 2000;D ¼ iOSÞ (the fifth row), CAð"Þ � 0, dem-
onstrating that " has a small contribution to the anomaly of
the total SR. On the contrary, when " ¼ ðC ¼ CDN3; B ¼
500;D ¼ iOSÞ (the seventh row), CAð"Þ ¼ 0:86, ADð"Þ ¼
0:95, showing that " suffers from a significant anomaly and it
makes a great contribution to the anomalous total SR. This is
mainly because its change of SV (fs ¼ 0! ms ¼ 30) has a
large contribution to the change of the total SV (fs ¼ 35!
ms ¼ 60). From Table 4, we can also see that some fluctuation
in the leaf combination may have a negative contribution to
the anomaly of the total SR. For instance, when " ¼ ðC ¼
CDN2; B ¼ 1200;D ¼ PCÞ (the eighth row), CAð"Þ ¼ �0:31,
demonstrating that " contributes negatively to the anomaly of
the total SR. It is because its SV decreases (fs ¼ 15! ms ¼ 4)
while the total SV increases (fs ¼ 35! ms ¼ 60).

It can be easily obtained from Eq. (3) that, when CAð"Þ
approximates to 0, or is negative, " has a little or negative con-
tribution to the anomaly of the total SR. Only when CAð"Þ >
0, " has a positive contribution to the anomaly of the total SR.
Therefore, we set the threshold of CA, i.e., tc ¼ 0, and auto-
matically prune the leaf combinationswhoseCA � tc. A posi-
tive or negative CA has a different physical meaning. When
CAð"Þ is positive (negative), " has a positive (negative) contri-
bution to the anomalous total SR. Therefore, we do not nor-
malize CA. In this way, only " ¼ ðC ¼ CDN3; B ¼ 500;
D ¼ PCÞ (the fourth row) and " ¼ ðC ¼ CDN3; B ¼ 500;D ¼
iOSÞ (the seventh row) in Table 4 are preserved.

Although CA can measure the contribution of a leaf com-
bination to the anomalous total SR, usingCA alone is not suf-
ficient in the anomaly localization process. For instance, as
listed in Table 5, when " ¼ ðC ¼ CDN5; B ¼ 1200; D ¼ iOSÞ
(the second row), CA ¼ 0:39 > 0, demonstrating that " has a
positive contribution to the anomaly of the total SR. Never-
theless, "’s actual SR is as expected (fd ¼ 0:01! md ¼ 0:01),
and thus it is not anomalous (AD ¼ 0). Therefore, " should
not be preserved for further anomaly localization process.
Similarly, we do not retain " ¼ ðC ¼ CDN5; B ¼ 500;D ¼
PCÞ (the third row) because itsAD is very small.

4.3 Weighted Association Rule Mining

Now we have obtained the leaf combinations that suffer
from prominent anomalies and contribute significantly to

the anomalous total derived measure, and they constitute
the set of preserved leaf combinations, i.e., P. However, we
cannot directly use these leaf combinations as clues because:
(1) Usually there are a large number of leaf combinations
satisfying the above two conditions when the total derived
measure is anomalous. Operators have to spend a lot of
time checking every combination if using them as clues. (2)
These leaf combinations are too fine-grained to capture the
pattern of the clue, and operators need those more coarse-
grained combinations that better represent the pattern of
clue. Consequently, we propose a simple yet effective
method, WARM, to narrow down the anomaly localization
results to a small number of combinations capturing the pat-
tern of the clue.

After investigating extensive real-world anomalous SR
cases, we have the following two observations:

1) The combinations in the clue set are significantly
anomalous (with a high AD) and contribute the most
to the anomaly of the total SR (with a high CA),
and thus cover most of the above preserved leaf
combinations.

2) The measurement of OV (i.e.,mo) with different attri-
bute values can be highly imbalanced. For example,
as shown in Table 4, we have

moðC ¼ �; B ¼ 500; D ¼ �Þ
moðTotalÞ ¼ 450

510
¼ 88% (5)

It denotes that 88% online viewers set video Bitrate
to 500, and only 12% online viewers use other types
of Bitrate. It can easily cause an anomaly localization
method ignoring the imbalanced distribution to mis-
takenly consider that ðB ¼ 500Þ is always the clue.

We thus design WARM motivated by association rule
mining [17], which is a rule-based machine learning
method for discovering interesting relations between varia-
bles. In our scenario, the scale of the data is significant,
and thus the designed rule mining algorithm should be
computationally efficient. Additionally, operators want to
implement a simple rule mining algorithm that is easy to
understand. WARM is efficient and straightforward. There-
fore it is suitable in our scenario. It consists of two core
ideas: (1) creating a weighted database according to AD
and CA to capture the hidden relationship across different
attributes, and (2) balancing each combination’s proportion
(i.e., contribution) in the weighted database based on its
fundamental measure. Specifically, to apply the rule-based
machine learning method for efficiently capturing the pat-
tern of clue combinations, we first create two databases, i.e.,
Dp and Do, respectively.

TABLE 5
Examples of AD and CA to Show That CA Alone is Not Sufficient to Determine the Prominently Anomalous Leaf Attributions
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� Dp. We create Dp by weighting every preserved leaf
combinations based on their AD and CA. In this
database, "’s number of transactions, Npð"Þ, is

Npð"Þ ¼ bADð"Þ � CAð"Þ � �c (6)

where � is an amplification factor. The objective of
applying � is to construct a large database to facili-
tate the application of data mining algorithms. In the
same scenario, we set the same value for all pre-
served leaf combinations. In different scenarios, if
the value of ADð"Þ � CAð"Þ is small, a large �, say
1000, is preferred. Otherwise, we can set � to a small
value, e.g., 100 in our scenarios (see Section 5.1.5 for
more details). In this way, we incorporate every pre-
served leaf combination as well as their AD and CA
in Dp. To get readers better understand the database,
in Table 6 we list the Dp generated from the pre-
served leaf combinations of Table 4.

� Do. We create Do by weighting all the leaf combina-
tions based on their actual measurement of OV ( i.e.,
mo). More specifically, "’s number of transactions in
Do is: Noð"Þ ¼ mo. For example, in Table 7 we list Do

generated from the raw dataset listed in Table 4.
Now we define Supportp, Supporto and Supportb in our

scenario to mine the pattern of clue combinations and solve
the challenge induced by the imbalanced distribution of OV.

� Supportp and Supporto. Based on Eq. 6, we can con-
clude that for a leaf combination ", the larger ADð"Þ
andCAð"Þ are, the more transactions " occupies inDp.
Based on Observation 1, we can conclude that the
combinations of attribute values in the clue set fre-
quently occur inDp. Therefore, we calculate the occur-
rence frequency of every combination using Support.
The Support of a combination is the proportion of
transactions in which it appears. More specifically

Supportðh1; . . . ; hmÞ ¼ P ðh1 [ ::: [ hmÞ (7)

where hi is a combination, and h1; . . . ; hm is a set con-
taining m combinations. For a combination, its
Supportp and Supporto are its Support in Dp and Do,
respectively. For example, as listed in Tables 6 and 7,
SupportpðC ¼CDN3; B¼500;D ¼ �Þ ¼ P ðC ¼ CDN3;
B ¼ 500;D ¼ �Þ ¼ 1:0 and SupportoðC ¼ �; B ¼ 500;
D ¼ �Þ ¼ P ðC ¼ �; B ¼ 500;D ¼ �Þ ¼ 0:88, respectively.
We can find that Supporto represents the distribution
of OV fromwith respect to attribute values.

� Supportb. As discussed in Observation 2, for an attri-
bute, the mo (i.e., actual measurement of OV) of its

different attribute values can be highly imbalanced.
To address this challenge, we should consider
OV’s distribution of different attribute values. Since
combinations’ Supporto reveals OV’s distribution con-
cerning different attribute values, we propose a simple
yet effective indicator, support balancer (Supportb),
integrating their Support in bothDp andDo as follows:

Supportbðh1; . . . ; hmÞ ¼ Supportpðh1; . . . ; hmÞ
� Supportoðh1; . . . ; hmÞ (8Þ

Specifically, to alleviate the impact of the imbalanced
data distribution of OV, Supportb applies the differ-
ence between combinations’ Supportp and Supportb
to measure how much these combinations contribute
to the anomalous total derived measure.

Assuming that all h that appears in Dp form a set C, the
anomalous total derived measure can be caused by a single
combination hi 2 C (single-clue), or a subset of two or more
combinations fhi; . . . ; hjg 	 C (multi-clue), where hi; . . . ; hj
become prominently anomalous simultaneously and together
contribute significantly to the anomaly of the total derived
measure. Usually, hi; . . . ; hj do not share any non-wildcard
common attribute value [4], [5], [6]. For example, fðB ¼
500;D ¼ PCÞ; ðD ¼ PCÞg cannot be amulti-clue.

As aforementioned, Supportb integrates Supportp which
measures how prominently a set of combinations become
anomalous and how significantly they contribute to the total
anomalous derived measure, with Supporto describing OV’s
distribution concerning different attribute values. Therefore,
we first select the subsets of Cwhere there are no two combi-
nations that share common non-wildcard attribute values,
and these subsets constitute S. Usually, the number of sub-
sets in S is not very large, e.g., < 1000 in our scenario. Then
we sort the subsets in S based on their Supportb and choose
the Top k subsets to constitute the candidate clue setR.

To get readers better understand the design of Robust-
Spot, we illustrate its procedure from input to result in
Algorithm 1.

5 EVALUATION

To evaluate the effectiveness and efficiency of RobustSpot,
we perform extensive experiments to answer the following
research questions.

� RQ1 (Localization accuracy): How accurate is Robust-
Spot in localizing the anomaly of multi-dimen-
sional derived measure for real-world online video
services?

TABLE 6
Dp, the Weighted Database Generated by the Preserved

Leaf Combinations in Table 4

TABLE 7
Do, the Weighted Database Generated by

All Leaf Combinations in Table 4
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� RQ2 (Main components): In this work, we propose
two simple yet effective indicators, i.e., AD and CA,
and a new WARM method. They serve as the main
technical contributions of our work. How promi-
nently do they impact the accuracy of RobustSpot?

� RQ3 (Computational efficiency): Is the computational
efficiency of RobustSpot sufficient for anomaly local-
ization of multi-dimensional derived measure in
real-world?

The rest of this section is organized as follows. We first
depict the details of the experimental setup, including data-
sets, compared methods, metrics, and implementation in
Section 5.1, and evaluate the accuracy of RobustSpot in Sec-
tion 5.2. After that, we study how significantly AD, CA, and
WARM contribute to the accuracy of RobustSpot in Sec-
tion 5.3, followed by the introduction of RobustSpot’s
computational efficiency in 5.4.

Algorithm 1. The Design of RobustSpot

Input:msð"Þ,moð"Þ,mdð"Þ, where " 2 E

Result: Candidate clue set R (Top k)
1 P ¼ ? , C ¼ ? , S ¼ ? ;
2 for " 2 E do
3 fsð"Þ, foð"Þ, fdð"Þ  MA;
4 Calculate ADð"Þ usingmdð"Þ; fdð"Þ (Eq. 1);
5 Calculate CAð"Þ usingmsð"Þ;moð"Þ; fsð"Þ; foð"Þ (Eq. 3);
6 ta Knee-point(ADð")), tc ¼ 0:0;
7 if ADð"Þ > taandCAð"Þ > tc then
8 P ";
9 end
10 end
11 Dp  weight P based on AD and CA (Eq. 6);
12 Do  weight E based onmo;
13 Calculate Supportp using Dp (Eq. 7);
14 Calculate Supporto using Do (Eq. 7);
15 Supportb ¼ Supportp � Supporto (Eq. 8);
16 for h appears in Dp do
17 C h;
18 end
19 for fhi; . . . ; hjg 	 C do
20 if 8hx; hy 2 fhi; . . . ; hjg, hx and hy do not share any common

attribute value then
21 S fhi; . . . ; hjg;
22 end
23 end
24 R sort S by Supportb and select Top k elements;
25 return R;

5.1 Experimental Setup

5.1.1 Datasets

The real-world dataset used in our experiments is collected
from a top-tier global online video service providerH, which
provides services for 170+ million monthly active viewers. It
consists of 135 anomalous SR cases that have been manually
investigated by experienced operators. These cases are ran-
domly selected within 10 months period. For each anomalous
case, we collect its records of fundamental measures includ-
ing SV and OV, and calculate their derived measure, i.e., SR,
within the range between 25 minutes before and after the
anomaly. Both of the two fundamental measures have five

attributes (dimensions), i.e., CDN (C), Bitrate (B), Device
Type (D), P2P (P), ISP (I), and the number of their different
attribute values are 13, 24, 9, 3, 94, respectively.

As aforementioned, the anomalous derived measures,
according to their clues, can be classified into two categories:
single-clue and multi-clue. The distribution of the above 135
cases is listed in Table 8. Single-1/2/3 denotes that the clue is
one single combination, and the numbers of non-wildcard
attributes (dimensions) in the combination are 1, 2, 3, respec-
tively. As for “Multi”, two or more combinations simulta-
neously contribute to the total anomalous SR and together
serve as the clue. Note that this distribution is consistent
with that of all anomalies in the studied company.

5.1.2 Compared Methods

We compare RobustSpot with the state-of-the-art anomaly
localizationmethods formulti-dimensionalmeasures, includ-
ingHotSpot [5], Squeeze [4], ImpAPTr [7] and iDice [6]. Addi-
tionally, Adtributor [3] can address the anomaly localization
problem for single-dimensional scenarios, and we thus also
compare RobustSpotwith it. Note that the parameters of these
baselinemethods are set best for accuracy.

5.1.3 Evaluation Metrics

To evaluate the accuracy of RobustSpot and baseline meth-
ods, we need an appropriate evaluation metric. Because the
anomaly localization methods usually generate a rank of
potential clues for each case, we can evaluate the perfor-
mance of each method based on the position of the actual
clue in the rank [18]. Specifically, suppose g is the actual
clue of an anomaly case, < is the set of the clues of the 135
cases, and thus we have g 2 <. Let rg represent the position
of g output by an anomaly localization method. Given k, gk
denotes that whether the first k entries output by a method
include g

gk ¼
1; rg � k
0; rg > k

�
(9)

The accuracy at top k, i.e., ACC@Top k, is the probability
that the top k entries output by a method contain the actual
clue

ACC@Top k ¼
P

g2< gk
<k k (10)

Obviously, the objective of an anomaly localization method
is to obtain a high accuracy when k is relatively small. We
set k from 1 to 5 in our evaluation.

TABLE 8
The Distribution of the Studied 135 Cases

Notation #Combination #Attribute #Case #Candidate
clues

Single-1 1 1 71 About 6:05� 109

per caseSingle-2 1 2 45
Single-3 1 3 11
Multi 2 – 8
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In addition, we also use F-score to evaluate the accuracy
of RobustSpot, i.e., F � score ¼ ð2� Precision�RecallÞ=
ðPrecisionþRecallÞ, where Precision ¼ TP=ðTP þ FP Þ and
Recall ¼ TP=ðTP þ FNÞ. TP (true positive) is the number of
cases where the clue is correctly reported, and FP (false pos-
itive) is the number of cases where the clue is wrongly
reported. FN (false negative) is the number of cases where
the clue is not reported. Here we only calculate the F-score
of the best clue (Top 1). At the same time, we also use F-
score to express the performance of Bagel, the anomaly
detection algorithm used in this paper.

5.1.4 Implementation

We implement RobustSpot and baseline methods with
Python, and run them on a server with 12 � Intel(R) Xeon
(R) CPU E5-2650 v4 @ 2.20GHz and 128G RAM. To get read-
ers more easily understand our work, we have made the
data and code publicly available [8].

5.1.5 Parameter Tuning

As aforementioned, we tune ta automatically using the
Knee-point method, and set tc ¼ 0 empirically. Addition-
ally, we tune w and � (see Section 4.1 and Section 4.3 for
more details, respectively) as follows. As shown in Fig. 5,
we calculate the accuracy (in terms of ACC@Top 5) and
computational complexity (in terms of the average running
time per case) of RobustSpot. As shown in Fig. 5a, we can
see that the computational complexity is insensitive to the
value of w. Moreover, RobustSpot’s accuracy is also not
very sensitive to w, and becomes stable when w 
 4. There-
fore, we set w ¼ 4. Additionally, from Fig. 5b) we can find
that when � ¼ 100, RobustSpot achieves the best accuracy,
and becomes stable when � 
 100. In addition, the compu-
tational complexity increases as � increases. Therefore, we
set � ¼ 100.

5.2 Overall Accuracy (RQ1)

Due to the application of Bagel [13] for anomaly detection is
not our main contribution, here we just present its perfor-
mance simply. The precision and recall of Bagel are 0.97
and 0.95, respectively, with an F-score of 0.96, proving its
superior effectiveness.

Table 9 lists the accuracy (in terms of ACC@ k) of
RobustSpot and five baseline methods on the 135 real-world
cases. We can see that RobustSpot outperforms the five
baseline methods in terms of ACC@Top1, ACC@Top2,
ACC@Top3, ACC@Top4, and ACC@Top5. More specifically,
its ACC@Top5 is 98%, which is 26% higher than the best

baseline method. Similarly, its F-score is 0.8, which is 0.25
higher than the best baseline method.

To better understand the results, we show the accuracy of
different methods on different types of datasets in Fig. 6. We
can see that RobustSpot achieves close-to-one ACC@Top5
when the clue contains only one combination. When there
are two combinations in the actual clue, the ACC@Top5 is
88%, which is much higher than the best performed method,
i.e., Adtributor, by 75%. Moreover, the scenario where there
are two or more combinations in the clue does not occur
often (5.93% in our scenario). Therefore, operators are satis-
fied with the accuracy of RobustSpot for the multi-clue
scenario.

Both Adtributor and iDice achieve good performance
when the clue has only one non-wildcard attribute value.
However, Adtributor can only be applied for the scenario
where the clue has a single non-wildcard attribute value
(dimension), and cannot be used for multi-dimensional
anomaly localization (Single-2/3). Moreover, neither iDice
nor ImpAPTr can be applied to the scenario where there are
two or more combinations serving as the clue (multi-clue),
and neither of them performs as well as RobustSpot when
there is only one combination in the clue. This is because to
improve localization efficiency, iDice heavily relied on
pruning strategies, which caused iDice to mistakenly con-
sider too coarse-grained combinations as the clues. Simi-
larly, ImpAPTr also depended on pruning strategies, which
only considered how large the measurement value of a com-
bination was, rather than how significantly it became anom-
alous. This causes ImpAPTr to generate much more false
alarms than RobustSpot. Therefore, none of Adtributor,
iDice, or ImpAPTr is applicable in our scenario. In addition,
as aforementioned, both HotSpot and Squeeze work only
when the data complies with the Ripple Effect rule, but the
real-world data in our scenario does not comply with this
rule. Consequently, neither HotSpot nor Squeeze performs
well in our scenario, no matter how many non-wildcard
attribute values in the single-clue, or how many combina-
tions in the multi-clue.

5.3 Effect of AD, CA, and WARM (RQ2)

As aforementioned, we propose AD and CA to capture the
complex pattern of derived measures. Moreover, we present
a new method, WARM, to capture the hidden relationship
across different attribute values and thus learn the propaga-
tion pattern from clue attribute values to other attribute val-
ues. AD, CA and WARM serve as the main technical
contributions of our work. To evaluate the effect of the three
main components, we evaluate the accuracy of RobustSpot

Fig. 5. ACC@Top 5 and average running time under different w and �.

TABLE 9
The ACC@Top k of RobustSpot and Baseline Methods

Method Top 1 Top 2 Top 3 Top 4 Top 5 F-score

RobustSpot 0.67 0.84 0.87 0.95 0.98 0.8
Adtributor 0.38 0.41 0.45 0.45 0.45 0.55
iDice 0.44 0.59 0.61 0.63 0.63 0.62
HotSpot 0.07 0.1 0.12 0.13 0.14 0.13
Squeeze 0.04 0.05 0.05 0.05 0.05 0.09
ImpAPTr 0.1 0.21 0.31 0.43 0.5 0.19
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when each of them is removed from it. Specifically, we have
three different versions of RobustSpot as follows.

� “RobustSpot without AD”: We remove AD from
RobustSpot, and only apply CA instead of the combi-
nation of AD and CA to obtain the preserved ".

� “ RobustSpot without CA”: Similarly, we remove CA
from RobustSpot, and only apply AD instead of the
combination ofAD andCA to obtain the preserved ".

� “RobustSpot without WARM”: As aforementioned,
creating the weighted database Dp according to AD
and CA as well as calculating the balanced support
Supportb are the two core ideas of WARM. Therefore,
we evaluate RobustSpot’s accuracy when the above
two ideas are removed from it.More specifically, after
calculating AD and CA, we can obtain the set of pre-
served leaf combinations (i.e., P). Then we create a
database constituted by these combinations, instead
of weighting " 2 P based on their AD and CA. After
that, we calculate the Supportp of every combination
in the database, and deduce the clue combinations
based on their Supportp instead of Supportb.

Fig. 7 shows the accuracy of the above three versions of
RobustSpot as well as that of the whole RobustSpot. As
aforementioned, if we ignore how prominently " becomes
anomalous, we maymistakenly retain normal "s (see Table 5
for more details). Therefore, RobustSpot without AD suffers
from low accuracy. Similarly, the "s contributing little to the
anomalous total SR may be preserved when we ignore CA
(see Table 4 for more details), and thus RobustSpot without
CA performs not well compared to the whole RobustSpot.
In our scenario, for most cases, many leaf combinations suf-
fer from anomalies when the total SR becomes anomalous.
However, only a small number of these anomalous leaf
combinations significantly contribute to the total anomalous
SR (more details can be seen in Challenge 1 of Section 2.2).
Therefore, when we remove CA from RobustSpot, a large

number of false alarms will be generated, and thus the accu-
racy is prominently degraded.

Additionally, when we remove WARM from Robust-
Spot, its accuracy degrades dramatically. That is because
WARM can not only capture the hidden relationship across
different attributes (dimensions), but also take the distribu-
tion of different attribute values of each attribute into
account. Without WARM, RobustSpot can mistakenly con-
sider too fine-grained combinations as clues.

5.4 Computational Efficiency (RQ3)

Fig. 8 shows the CDF of RobustSpot’s running time on the
135 anomalous total SR cases.We can see that more than 75%
of these cases are localized within 2s. The maximum anom-
aly localization time is less than 12s. Specifically, the average
anomaly localization time of RobustSpot is 1.83s. It is much
faster than the manual way, which usually costs operators
1hþ to localize the clue of an anomalous total SR case. More-
over, since these measurement records are collected every
minute (i.e., the shortest time interval between two anoma-
lies is one minute), the average localization time of 1.83s is
quite satisfying in our scenario. Additionally, clue localiza-
tion is triggered only when the total SR becomes anomalous,
which occurs not often (less than ten times per day). There-
fore, a server is enough, with RobustSpot, to localize the
clues of anomalous total SR. Additionally, as listed in
Table 10, the average anomaly localization time of Hot-
Spot [5] and Squeeze [4] is slightly higher than that of
RobustSpot. Although ImpAPTr [7], iDice [6], and Adtribu-
tor [3] achieve higher efficiency, they are not effective in our
scenario as shown in Fig. 6.

6 CASE SUTDY

RobustSpot has been implemented and deployed in a top-
tier global online video service provider H, which provides
services for 170+ million monthly active viewers, for more

Fig. 6. The accuracy of RobustSpot and baseline methods on different types of datasets.

Fig. 7. The accuracy (measured by ACC@K of different versions of
RobustSpot). Fig. 8. The CDF of the running time of all 135 cases.
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than ten months. When the anomaly detection system
reports an anomaly, RobustSpot will be triggered. The time-
stamp of the anomaly and the monitoring data near before
the anomaly will be input into RobustSpot. The data has five
dimensions: CDN(C), Bitrate (B), Device Type (D), P2P (P),
ISP (I). For each anomaly case, RobustSpot reports the Top 5
candidate clues to operators. For the present, it has been
used to handle more than 2700 anomalous total SR cases.
Before the application of RobustSpot, operators have to use
the graph visualization tools to manually identify possible
clues. For each case, the typical time used for manual clue
localization and confirmation is over 1 hour. RobustSpot, on
average, generates clue recommendations in 1.83 seconds.
According to the randomly selected 135 of the above 2700+
cases, we demonstrate that RobustSpot achieves 65%þ
ACC@Top 1 and 90%þ ACC@Top 5 (see Section 5 for more
details). Specifically, we present two successful and repre-
sentative stories as follows.

One Combination of Two Non-Wildcard Attribute Values is
the Clue. As shown in Fig. 9a, the total SR suffered from a
level shift (i.e., a sudden change in the monitored time series
data) and the anomaly detection system reported an alarm
at 16:52, 21 January, 2021, and this anomaly lasted 30+
minutes. This anomaly was then input into RobustSpot,
which reported that the combination of ðC ¼ 5; P ¼ 0Þ was
the clue in less than 1 s, i.e., the service quality of viewers
with CDN=5 and P2P=0 was severely degraded, which led
to the anomalous total SR. The result was confirmed by
operators. This incident was induced by a misconfiguration
of the P2P traffic, which was triggered by the service pro-
vider of CDN5. The service provider mitigated these mis-
configurations half an hour later. Fig. 9b shows the total SR,
the SR with (C ¼ 5; P ¼ 0), and the SR with (C 6¼ 5; P 6¼ 0),
respectively. We can see that the fluctuation of the total SR
is highly consistent with that of the SR with (C ¼ 5; P ¼ 0),
and the latter one is much more significant than the former
one. In addition, in order to verify the effectiveness of CA
and AD, we analyzed their values during the localization
process of this case. Since it is impossible to display the
intermediate experimental results of all "s, we calculated

and displayed the average AD and CA values of the clue "s
and the non-clue "s. The result shows that the average AD
and CA of "s with (C ¼ 5; P ¼ 0) are 0.86, 0.33, respectively.
However, the average AD and CA of "s without
(C ¼ 5; P ¼ 0) are 0.13 and -0.005, significantly smaller than
those of "s containing (C ¼ 5; P ¼ 0), respectively. It can be
seen that AD and CA well capture the anomalous "s and "s
that contribute the most to the total anomaly.

Two Attribute Combinations are the Clue. Fig. 10a shows the
second case. The total SR suffered from an abnormal spike at
3:34, 5 February, 2021, and returned to normal status 1 min
later. Immediately after this anomaly was detected, Robust-
Spot reported that the clue was two combinations, i.e., ðB ¼
500Þ and ðB ¼ 2000Þ, respectively. This means the service
quality of viewers with Bitrate=500 and those with
Bitrate=2000 was severely degraded, which leads to the
anomalous total SR. That is, as shown in Figs. 10c and 10d,
both of the two combinations became prominently anoma-
lous and contributed significantly to the anomaly of the total
SR. The anomaly localization result was validated by opera-
tors, because the SRwithB 6¼ 500 andB 6¼ 2000 did not expe-
rience any anomaly as shown in Fig. 10b. More specifically, a
software update was deployed at 3:33, which triggered the
reboot of a collection of servers providing services for the
online videos with Bitrate=500 and those with Bitrate=2000.
After these servers were rebooted and the software update
was successfully deployed, the above online video services
returned to normal. Because this software update was rolled

TABLE 10
The Average Anomaly Clue Localization Time Per Case for RobustSpot and Baseline Methods

Method RobustSpot Adtributor iDice HotSpot Squeeze ImpAPTr

Time (s) 1.83 0.09 0.08 2.30 2.11 0.07

Fig. 9. An anomalous total SR case where a combination of two non-
wildcard attribute values was the clue.

Fig. 10. An anomalous total SR case where two attribute combinations
were the clue.
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out at midnight, the experience of only a small number of
viewers was affected. The average AD and CA of "s with
(B ¼ 500) or (B ¼ 2000) were 0.61, 1.75, respectively. More-
over, the average AD and CA of "s with (B 6¼ 500&B 6¼ 2000)
were 0.14 and -0.003, respectively, significantly smaller than
those of "s with (B ¼ 500) or (B ¼ 2000).

7 RELATED WORK

Recently, a large number of failure diagnosis works have
been conducted by studying how anomalies propagate
among different metrics, traces, or logs [18], [19], [20], [21],
[22], [23], [24], [25], [26], [27]. In this work, however, we
study how anomalies propagate among different attributes
(dimensions) of the same multi-dimensional derived metric.
Several similar works have been proposed in recent years,
including Adtributor [3], iDice [6], HotSpot [5], Squeeze [4]
and ImpAPTr [7]. Table 11 summarizes the characteristics
of these works, including whether they can be applied for
multi-dimensional measures, fundamental measures, and
derived measures, and their requirement of data distribu-
tion. We then describe these works as follows.

Adtributor [3] assumed that all clues were one-dimen-
sional, and used “Surprise” and “Explanatory power” to
identify clues. However, the clues of many anomalous
derived or fundamental measures were multi-dimensional,
and thus Adtributor could not be applied in these scenarios.
iDice [6] proposed “Isolation Power” to capture the pattern of
clues based on information entropy. It applied a variety of
pruning strategies to reduce complexity, which caused it to
mistakenly consider too coarse-grained combinations as
clues.

HotSpot [5] applied a reinforcement leaning method to
infer the clues of anomalous additive fundamental measures.
After that, Squeeze [4] was proposed to improve HotSpot to
be fit for derived measures. Both HotSpot and Squeeze
believed that all the combinations complied with the Ripple
Effect. However, as aforementioned, some scenarios, includ-
ing ours, do not satisfy the Ripple Effect. Therefore, they
could not be applied to address the anomaly localization
problem for online video services.

ImpAPTr [7] was another anomaly localization method
for multi-dimensional derived measures. It was designed
for the cases where there was only one combination in the
clue, and could not be applied for those cases where two or
more combinations simultaneously contribute to the anom-
alous total derived measures. Additionally, the pruning
strategies used in ImpAPTr made it likely to generate too
coarse-grained combinations as clues.

8 CONCLUSION

Anomaly localization of multi-dimensional derived mea-
sure is of vital importance for online video services. In this
work, we propose RobustSpot, a robust anomaly localiza-
tion framework for multi-dimensional derived measure. It
integrates two new indicators, AD and CA, to accurately
capture the complex patterns of derived measures, with a
simple yet effective method, WARM, which robustly cap-
tures the hidden relationship and learns the propagation
patterns across different dimensions, and balances the
biased distribution of fundamental measures. Extensive
experiments using 135 real-world cases demonstrate that
RobustSpot achieves 98% accuracy (in terms of ACC@Top5),
significantly outperforming baseline methods. RobustSpot
has deployed in a top-tier global online video service pro-
vider, which provides services for 170+ million monthly
active users.

Theoretically, RobustSpot can be applied to any derived
measure with multi-dimensional attributes. Therefore, as
long as a Web service pays attention to derived measures
with multi-dimensional attributes, RobustSpot can be
applied for its anomaly clue localization. Additionally, the
baseline methods, e.g., iDice, HotSpot, Squeeze, ImpAPTr,
and Adtributor, have demonstrated the importance and fea-
sibility of robust anomaly clue localization for other Web
services, including online office, advertising, search engine,
online shopping, online banking, etc. We believe that Robust-
Spot can also be applied to theseWeb services.

REFERENCES

[1] M. Seufert, P. Casas, N. Wehner, L. Gang and K. Li, “Features that
matter: Feature selection for on-line stalling prediction in encrypted
video streaming,” in Proc. IEEE Conf. Comput. Commun. Workshops,
2019, pp. 688–695.

[2] S. Wassermann, N. Wehner, and P. Casas, “Machine learning
models for youtube qoe and user engagement prediction in
smartphones,” ACM SIGMETRICS Perform. Eval. Rev., vol. 46,
no. 3, pp. 155–158, 2019.

[3] R. Bhagwan et al., “Adtributor: Revenue debugging in advertising
systems,” in Proc. 11th USENIX Symp. Netw. Sys. Des. Implementa-
tion, 2014, pp. 43–55.

[4] Z. Li et al., “Generic and robust localization of multi-dimensional
root causes,” in Proc. IEEE 30th Int. Symp. Softw. Rel. Eng., 2019,
pp. 47–57.

[5] Y. Sun et al., “HotSpot: Anomaly localization for additive KPIs with
multi-dimensional attributes,” IEEE Access, vol. 6, pp. 10 909–10 923,
2018.

[6] Q. Lin et al., “iDice: Problem identification for emerging issues,” in
Proc. 38th Int. Conf. Softw. Eng., 2016, pp. 214–224.

[7] G. Rong et al., “Locating the clues of declining success rate of service
calls,” in Proc. IEEE 31st Int. Symp. Softw. Rel. Eng., 2020, pp. 335–345.

[8] Code and Data, 2022. [Online]. Available: https://github.com/
robustspotproject/RobustSpot

[9] L. Liao et al., “Locating performance regression root causes in the
field operations of web-based systems: An experience report,” IEEE
Trans. Softw. Eng., to be published, doi: 10.1109/TSE.2021.3131529.

[10] D. Liu et al., “Opprentice: Towards practical and automatic anom-
aly detection through machine learning,” in Proc. Internet Meas.
Conf., 2015, pp. 211–224.

[11] H. Xu et al., “Unsupervised anomaly detection via variational
auto-encoder for seasonal KPIs in web applications,” in Proc.
World Wide Web Conf. World Wide Web, 2018, pp. 187–196.

[12] J. Bu et al., “Rapid deployment of anomaly detection models for
large number of emerging KPI streams,” in Proc. IEEE 37th Int.
Perform. Comput. Commun. Conf., 2018, pp. 1–8.

[13] Z. Li, W. Chen, and D. Pei, “Robust and unsupervised KPI anom-
aly detection based on conditional variational autoencoder,” in
Proc. IEEE 37th Int. Perform. Comput. Commun. Conf., 2018, pp. 1–9.

TABLE 11
Qualitative Comparison of Related Works

Algorithms Multi-
dimensional

Fundamental
measure

Derived
measure

Data distribution
requirement

Adtributor No Yes Yes No
iDice Yes Yes No No
HotSpot Yes Yes No Ripple Effect
Squeeze Yes Yes Yes Ripple Effect
ImpAPTr Yes Yes Yes No
RobustSpot Yes Yes Yes No

SUN ETAL.: ROBUSTANOMALYCLUE LOCALIZATION OF MULTI-DIMENSIONAL DERIVED MEASURE FOR ONLINE VIDEO SERVICES 1399

Authorized licensed use limited to: Tsinghua University. Downloaded on May 26,2026 at 09:24:12 UTC from IEEE Xplore.  Restrictions apply. 

https://github.com/robustspotproject/RobustSpot
https://github.com/robustspotproject/RobustSpot
http://dx.doi.org/10.1109/TSE.2021.3131529


[14] W. Chen et al., “Unsupervised anomaly detection for intricate
KPIs via adversarial training of VAE,” in Proc. IEEE Conf. Comput.
Commun., 2019, pp. 1891–1899.

[15] X. Zhang et al., “Cross-dataset time series anomaly detection
for cloud systems,” in Proc. USENIX Annu. Tech. Conf., 2019,
pp. 1063–1076.

[16] V. Satopaa, J. Albrecht, D. Irwin and B. Raghavan, “Finding a knee-
dle in a haystack: Detecting knee points in system behavior,” in Proc.
Int. Conf. Distrib. Comput. Syst.Workshops, 2011, pp. 166–171.

[17] J. Han, J. Pei, and M. Kamber, Data Mining: Concepts and Techni-
ques, Amsterdam, The Netherlands: Elsevier, 2011.

[18] J. Weng, J. H. Wang, J. Yang, and Y. Yang, “Root cause analysis of
anomalies of multitier services in public clouds,” IEEE/ACM
Trans. Netw., vol. 26, no. 4, pp. 1646–1659, Aug. 2018.

[19] Y. Gan et al., “Seer: Leveraging big data to navigate the complexity
of performance debugging in cloud microservices,” in Proc. 24th
Int. Conf. Architect. Support Program. Lang. Oper. Syst., 2019, pp.
19–33.

[20] X. Zhou et al., “Latent error prediction and fault localization for
microservice applications by learning from system trace logs,” in
Proc. 27th ACM Joint Meeting Eur. Softw. Eng. Conf. Symp. Found.
Softw. Eng., 2019, pp. 683–694.

[21] X. Guo et al., “Graph-based trace analysis for microservice archi-
tecture understanding and problem diagnosis,” in Proc. 28th ACM
Joint Meeting Eur. Softw. Eng. Conf. Symp. Found. Softw. Eng., 2020,
pp. 1387–1397.

[22] J. Lin, P. Chen, and Z. Zheng, “Microscope: Pinpoint performance
issues with causal graphs in micro-service environments,” in Proc.
Int. Conf. Serv.-Oriented Comput., 2018, pp. 3–20.

[23] M. Ma et al., “AutoMAP: Diagnose your microservice-based web
applications automatically,” in Proc. Web Conf., 2020, pp. 246–258.

[24] X. Zhou et al., “Fault analysis and debugging of microservice sys-
tems: Industrial survey, benchmark system, and empirical study,”
IEEE Trans. Softw. Eng., vol. 47, no. 2, pp. 243–260, Feb. 2021.

[25] L. Wang, N. Zhao, J. Chen, P. Li, W. Zhang and K. Sui, “Root-
cause metric location for microservice systems via log anomaly
detection,” in Proc. IEEE Int. Conf. Web Serv., 2020, pp. 142–150.

[26] A. R. Chen, “An empirical study on leveraging logs for debugging
production failures,” in Proc. IEEE/ACM 41st Int. Conf. Softw. Eng.,
Companion Proc., 2019, pp. 126–128.

[27] T. Jia, P. Chen, L. Yang, Y. Li, F. Meng and J. Xu, “An approach for
anomaly diagnosis based on hybrid graph model with logs
for distributed services,” in Proc. IEEE Int. Conf. Web Serv., 2017,
pp. 25–32.

Yongqian Sun (Member, IEEE) received the BS
degree in statistical specialty from Northwestern
Polytechnical University, Xi’an, China, in 2012, and
PhD degree in computer science from Tsinghua
University, Beijing, China, in 2018. He is currently
an assistant professor with theCollege of Software,
Nankai University, Tianjin, China. His research
interests include anomaly detection and root cause
localization in servicemanagement.

Daguo Cheng received a BS degree in informa-
tion security from the School of Computer Science
and Cyberspace Security, Hainan University, Hai-
kou, China, in 2019. He is currently working toward
the MS degree with the College of Software, Nan-
kai University, Tianjin, China. His research inter-
ests include anomaly detection and root cause
localization.

Pengxiang Jin received the bachelor’s degree in
software engineering from Nankai University,
Tianjin, China, in 2020. He is currently working
toward the master’s degree with the College of
Software, Nankai University. His research inter-
ests include anomaly detection and anomaly
localization.

Quan Ding received the BS degree in software
engineering from the School of Software, Nankai
University, Tianjin, China, in 2020. He is currently
working toward the master’s degree with the Insti-
tute of Computing Technology, University of Chi-
nese Academy of Sciences. His research interests
include anomaly detection and summarization on
time series data.

Shenglin Zhang (Member, IEEE) received the BS
degree in network engineering from the School of
Computer Science and Technology, Xidian Univer-
sity, Xi’an, China, in 2012 and the PhD degree in
computer science from Tsinghua University, Bei-
jing, China, in 2017. He is currently an associate
professor with the College of Software, Nankai Uni-
versity, Tianjin, China. His current research inter-
ests include failure detection, diagnosis and
prediction for servicemanagement.

Xu Chen received the bachelor’s degree in soft-
ware engineering from Nankai University, Tianjin,
China, in 2020. His research interests lie in data
science and computer graphics with particular on
physically-based simulation.

Yuzhi Zhang received the BS and MS degrees in
computer science from the Department of Com-
puter Science and Technology, Tsinghua Univer-
sity in 1985 and 1987, respectively, and the PhD
degree in computer science from the Institute of
Computing Technology, Chinese Academy of Sci-
ences in 1991. He is currently dean with the Col-
lege of Software, Nankai University, and is also a
distinguished professor. His research interests
include deep learning and other aspects in artifi-
cial intelligence.

Minghan Liang is currently a senior undergradu-
ate with the College of Software at Nankai Univer-
sity, Tianjin, China. His research interests include
data science, anomaly detection, and root cause
localization.

1400 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 16, NO. 2, MARCH/APRIL 2023

Authorized licensed use limited to: Tsinghua University. Downloaded on May 26,2026 at 09:24:12 UTC from IEEE Xplore.  Restrictions apply. 



Dan Pei (Senior Member, IEEE) received the BE
and MS degrees in computer science from the
Department of Computer Science and Technology,
TsinghuaUniversity in 1997 and 2000, respectively,
and the PhD degree in computer science from the
Computer Science Department, University of Cali-
fornia, Los Angeles (UCLA) in 2005. He is currently
an associate professor with the Department of
Computer Science and Technology, Tsinghua Uni-
versity. His research interests include network and
service management in general. He is an ACM
senior member.

Jianyan Zheng received the BS degree in elec-
tronic information science and technology from
Shandong Agricultural University in 2014 and the
MS degree in signal and information processing
from the School of Electronic and Information
Engineering, South China University of Technol-
ogy, Guangzhou, China, in 2017. He is currently
an engineer with HUYA, Inc.

Sen Luo received the BA degree in financial
management from the School of management,
Guangzhou College of South China University of
Technology, Guangzhou, China, in 2016. He is
currently an engineer with HUYA, Inc.

Xinyu Tang received the BS degree in mathe-
matics from Nanchang University, Nanchang,
China, in 2016, and the MS degree in mathemat-
ics from Xi’an Jiaotong University, Xi’an, China, in
2019. Her research interests mainly include data
mining and anomaly detection. She is currently
an engineer with HUYA, Inc.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

SUN ETAL.: ROBUSTANOMALYCLUE LOCALIZATION OF MULTI-DIMENSIONAL DERIVED MEASURE FOR ONLINE VIDEO SERVICES 1401

Authorized licensed use limited to: Tsinghua University. Downloaded on May 26,2026 at 09:24:12 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


