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• 传统网络/网元质量指标，不能完全
准确反映用户体验

• 不同业务的用户体验与网络质量指
标之间的影响关系不同，没有完整
的指标体系

• 无法及时获取用户视频业务实际体验，
靠用户反馈主观且滞后

• 仅靠网络报文分析，没有用户体验关
联，准确度差

• 端到端路径长，分段分域各自排障效率
低，缺乏方法和工具，定界难且时间长

• 故障诊断维度和层级多且相互交织，复
杂度高

• 截至2023年6月，网络视频的用户规模达到10.44亿，视频在网络流量中占比将超过70%

• 视频业务形态多样：IPTV、互联网电视、长视频、短视频、直播、VR／AR、元宇宙等



用户体验质量采集

AI故障检测与诊断
摄像头 手机/平板头 机顶盒

VR眼镜 电脑 智能电视

手机/平板头 智能设备VR眼镜 智能电视

摄像头 机顶盒 智能电视

家庭

个人

政府
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故障监测平台

本系统已用于互联网电视领域，同样适用于其他视频业务场景





精确捕捉用户体验相关

业网关键指标

快速、准确的故障智能

监测技术

构建全面的视频质量评测

指标体系



• 参照ITU-T、3GPP、CCSA等
国内外标准

• 通过大数据建模分析，筛选出
与用户体验强相关的指标

• “四层六类”体系，指标数
300+
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精确采集与用户体验劣化

关联的网络指标

适配数十个厂商、数百款型号、

亿级的用户终端

精确捕获视频播放全周期的

用户体验指标

痛点：传统技术采集视频体验指标不全或不精准，易发生漏检、错检

点击播放 首帧画面

卡顿加载 花屏显示



首次提出基于前沿“启发式搜索”
算法构建根因定界模型，具备
“精确定界”“快速检索”优势

Fig.2. V isualisation of m etrics across various devices.(a) are tw o perform ance m etrics of three devices from an Internetcom pany,w hile (b) are tw o service
m etrics of three devices from C hina M obile.

applied to all other devices providing the sam e service.

There are essentially tw o anom aly detection scenarios: Self
and C ross. In the Self, both the training data and test data
originate from the sam e device.C onversely,in the C ross,the
training data and test data stem from different devices. W e
directly em ploy the m odel(and scaler,threshold,etc.) derived
from the training data to m onitor the targetdevice w ithoutany
fine-tuning.In com parison to the few -shotlearning m ethod for
anom aly detection, there is no need for a substantial duration
to accum ulate new training data for each additional target
device.A s a result,the unm onitored phase forthe new devices
can be avoided.

A nom aly detection com m only em ploys unsupervised learn-
ing due to the scarcity of failure data sam ples and the high
costs associated w ith labeling.O verthe pastfew years,various
classical unsupervised m ethods [1]–[6] have been developed.
These m ethods typically treateach tim estam p as an individual
data point and em ploy relatively sim plistic m odels to cap-
ture the correlation am ong m etrics. R ecently, deep learning
techniques [7]–[12] have dem onstrated successfulapplications
in capturing com plex tem poral-spatial dependencies w ith a
non-linear m anner in tim e series. H ow ever,directly applying
these m ethods to Self and C ross scenarios in the industrial
environm ent still presents challenges. The challenges m ainly
com e from three distinct aspects:

• N um erous noise. D ata collected from real-w orld often
contains a significantam ountofnoise,as depicted in Fig.
2(a). Excessive noise can obscure the typical present in
tim e series.

• Variable period com ponent.D ue to the distinct charac-
teristics of users served,the behavior of each device can
vary w ithin each period. For exam ple, in Fig. 2(a), the
first device dem onstrates a sharp increase follow ed by a
gradualdecrease,w hereas the second device exhibits tw o
distinct peaks.

• D rifting data distribution. D istribution drift can occur
both intra-device and inter-device. Intra-device drift is a
com m on occurrence. A s data is collected from a non-

stationary environm ent,tem poralpattern can change over
tim e.Forinstance,asthe popularity ofa service increases,
the request count gradually escalates. Inter-device drift
prim arily arises from the distinct regional characteris-
tics. For instance, as illustrated in Fig. 2(b), the second
province,w ith a largerpopulation,exhibitsapproxim ately
three tim es the num ber of active users com pared to the
first province w ith a sparser population.

In response to the above challenges,w e introduce G enA D ,a
G eneral A nom aly D etection fram ew ork for m ultivariate tim e
series. G enA D efficiently m onitors diverse devices in cross-
regionallarge-scale system s using a m onolithic m odel.In our
approach, w e begin by em ploying Singular Value D ecom po-
sition (SV D ) based inform ation com pression to reduce noise.
Follow ing that, w e utilize w indow norm alization to address
distribution drift.To handle the variable distribution and period
com ponents,w e introduce M etric-Patch-W ise (M PW ) em bed-
ding to extract high-level features. W ithin M PW em bedding,
each m etric is divided into m ultiple patches, and each patch
is independently em bedded into the feature vectors.Finally,to
leverage the observed tem poral-spatialconsistencies,w e incor-
porate a series prediction task to capture tem poraldependency
and a m etric reconstruction task to capture spatialdependency.

In general, our contributions are sum m arized as follow s:

• W e propose a novel tim e series em bedding m ethod,
M etric-Patch-W ise, to ensure generalization am ong de-
vices w ith variable distribution and period com ponents.

• W e integrate the tasks of series prediction and m etric
reconstruction to m odel tem poral-spatial consistencies
am ong devices across different regions.

• W e introduce G enA D , w hich achieves accurate anom aly
detection for alldevices providing the sam e service after
being trained solely on a single device in cross-regional
large-scale system s.

• W e validate the superiority of the proposed m ethod by
extensive experim ents on tw o real datasets from Internet
com pany and C hina M obile.

创新研发基于多维指标时序表征方法，
实现跨省网络“时空一致性”建模，
构建省间泛化能力

痛点1
业务高峰期易出现“非平稳时间序
列漂移”，产生虚警

痛点2
各省时序数据模式多样化，逐省
标注、建模成本高

基于深度学习异常检测算法，动态解耦
时间序列，学习指标内在变化规律，应
对时序非平稳问题

痛点3
长流程、多层多维组网结构引发
“维度爆炸”，影响定界效率



6项

2项

3篇

立项7项

• CN109769131A 一种视频质量监测方法及机顶盒
• CN109729051A 一种信息处理方法、机顶盒及计算机存储介质
• CN111405363A 一种家庭网络中识别机顶盒的当前用户的方法及设备

• CN111405350A 一种多媒体访问处理方法、机顶盒及网关
• CN109391520A 基于融合型家庭网关的深度报文检测方法、装置和系统
• CN110943874A —种家庭宽带网络的故障检测方法、装置和可读介质

• 软著登字10775801  宽带电视故障检测发现系统 V1.0 • 软著登字10775797  宽带电视质差因素多维分析系统 V1.0

• 2022 10th International Conference on Information Systems and Computing Technology (ISCTech)
   Anomaly Detection of Internet Service Quality Degradation in Digital Twin for Fixed Access Network

• 2022 IEEE the 8th International Conference on Computer and Communications (ICCC)
   Informer-based Anomaly Detection for Internet TV Service in Home Network

• 《面向公众应用的移动互联网网络质量评测方法 监测》
• 《面向公众应用的移动互联网网络质量评测方法 拨测》
• 《面向行业应用的移动互联网网络质量评测指标 电网场景》

• 2022 18th International Conference on Mobility, Sensing and Networking (MSN)
   MSJAD: Multi-Source Joint Anomaly Detection of Web Application Access

• 《面向公众应用的移动互联网网络质量评价指标和评测方法 视频直播类》
• 《面向公众应用的移动互联网网络质量评价指标和评测方法 视频播放类》
• 《面向公众应用的移动互联网网络质量评价指标和评测方法 网页浏览类》
• 《面向公众应用的移动互联网网络质量评价指标和评测方法 视觉实时类》



• 采用软件实现，无需专门硬件设备
投入，推广、运维成本低

• 部署简单，无需用户参与

• 覆盖全国2.01亿电视用户
• 模块化、组件化设计，可快速复制到各

类终端及系统
• 开放式体系架构，易于各类视频提供方

调用和集成

• 故障检测、根因定界各环节自动化，
实现各类阈值智能调整

• 应对复杂网络结构，快速根因定界
• 单省训练、跨省推理

• 精确捕捉用户体验相关的业网关键
指标

• 故障检测准确率95%+，根因定界
准确率80%+

准 低

高 强



互联网高清视频

To B市场

工业视频质检

交通视频传输 医疗视频诊断 教育视频教学

运营商网络质量监测 城市治理 公共服务

生态保护智能安防

VR/AR视频娱乐 元宇宙 家庭视频通话高清电视 家庭安防

To G市场

To C市场 To H市场



覆盖 等
新场景，泛家庭智能

覆盖 等
6类头部行业新场景，

覆盖
等新场景，



• AI算法研究专家
• 负责分布式、大

模型算法研究，
产品设计和运营

• AI算法研究专家
• 负责数据分析和

模型研发

• 网络及业务质量监测分析领域专家
• 负责系统架构和方案设计

• 项目负责人
• 大数据研发领域专家
• 负责系统架构和方案设计 

• 质量监测技术专家
• 负责核心模块研发

工作

• DevOps运维专家
• 负责全系统运维




