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At Their Core: ML Training and Serving
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At Their Core: ML Training and Serving




Training Serving
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ML on Real-World, Large-Scale Data




ML on Real-World, Large-Scale Data

Many ML Data are
Highly Distributed and Rapidly Growing




Challenge #1: ML Serving on Rapidly Growing Data

Find video frames

Traffic cameras in a city -




Challenge #1: ML Serving on Rapidly Growing Data

High Cost to Process Long Latency to Process
Data at Ingest Time Data at Query Time

Find video frames

Traffic cameras in a city T —
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Challenge #2: ML Training on Highly Distributed Data
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Challenge #2: ML Training on Highly Distributed Data

High Cost and Long Latency to
Train ML Models over Geo-Distributed Data




In This Talk

Focus: ML Serving for Rapidly Growing Data [OSDI’18]

R

Gaia: ML Training for Geo-Distributed Data [NSDI’17]

On-going and Future Work




In This Talk

Focus: ML Serving for Rapidly Growing Data [OSDI’18]




Video Data are Rapidly Growing

Massive video recordings are happening
everywhere




Querying Objects in Videos using ML Serving

 Find all trucks among traffic videos in a city last week

* Find all people in garage videos in a company last night

- Query execution requires running detector & classifier CNNs
- It is slow and costly on massive videos




Ingest Time Analysis: Too Costly

* Analyzing live videos at ingest time can make query fast
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Ingest Time Analysis: Too Costly

* Analyzing live videos at ingest time can make query fast




Ingest Time Analysis: Too Costly

* Analyzing live videos at ingest time can make query fast

Object Class = [Frames]




Ingest Time Analysis: Too Costly

* Analyzing live videos at ingest time can make query fast
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Ingest Time Analysis: Too Costly

* Analyzing live videos at ingest time can make query fast
e But it is costly
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Ingest Time Analysis: Too Costly

* Analyzing live videos at ingest time can make query fast
* But it is costly
» Potentially wasteful (ingest all garage cameras vs. query one)
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Query Time Analysis: Too Slow

* Analyzing videos at query time can save cost




Query Time Analysis: Too Slow

* Analyzing videos at query time can save cost




Query Time Analysis: Too Slow

* Analyzing videos at query time can save cost
* Frame down-sampling / skipping
* CNN specialization / cascading
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Query Time Analysis: Too Slow

* Analyzing videos at query time can save cost
* Frame down-sampling / skipping
* CNN specialization / cascading
 But it still very slow (5 hr for a month-long video [1])
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Our Goal

Enable low-latency and low-cost querying over
rapidly growing video datasets

Low-Latency and Low-Cost
Video Querying System
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Enable low-latency and low-cost querying over
rapidly growing video datasets

CNN,
Accuracy target

object class

Frames with trucki3




Background: Convolutional Neural Networks
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Enable low-latency and low-cost querying over
rapidly growing video datasets

WA ;
CNN, g w

Accuracy target Query
object class

Frames with trucki3




Background: Convolutional Neural Networks
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Background: Convolutional Neural Networks

» A Convolutional Neural Network (CNN) outputs the
probability of each class

Pooling Layer  Fully-Connected Layer., /O Pr(Truck) v
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Background: Convolutional Neural Networks

» A Convolutional Neural Network (CNN) outputs the
probability of each class

» Based on the extracted features (high-level representation)
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Focus System: Low-latency query with low-
cost ingest




Low-Cost Ingestion: Cheaper CNNs

* Process video frames with a cheap CNN at ingest time

« Compressed and Specialized CNN: fewer layers / weights
and are specialized for each video stream




Low-Cost Ingestion: Cheaper CNNs

* Process video frames with a cheap CNN at ingest time
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Low-Cost Ingestion: Cheaper CNNs

* Process video frames with a cheap CNN at ingest time

« Compressed and Specialized CNN: fewer layers / weights
and are specialized for each video stream
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Challenge: Cheap CNNs are Less Accurate

» Cheaper CNNs are less accurate than
the expensive CNNs




Challenge: Cheap CNNs are Less Accurate

* Cheaper CNNs are less accurate than
the expensive CNNs

The best result from the expensive CNN is within the
top-K results of the cheaper CNN

Movmg Van
Moving Van Airplane
Passenger Car Truck M
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Recall, Precision and Top-K Results

Recall: Fraction of relevant objects that are selected
Precision: Fraction of selected objects that are relevant

Ground-truth CNN: YOLOv2 (80 classes)
ResNet18 ResNet18 (4 fewer layers)

ResNet18 (6 fewer layers)
100%

50%
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Recall, Precision and Top-K Results

Recall: Fraction of relevant objects that are selected
Precision: Fraction of selected objects that are relevant

Ground-truth CNN: YOLOv2 (80 classes)

ResNetl8
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Recall, Precision and Top-K Results

Recall: Fraction of relevant objects that are selected
Precision: Fraction of selected objects that are relevant

Ground-truth CNN: YOLOv2 (80 classes)
ResNet18 ResNet18 (4 fewer layers)

ResNet18 (6 fewer layers) >99% Recall
100% = T~

4 S

/
50% '\

Cheap CNNs can achieve high recall
with small top-K resu!tg




Solution: Split Ingest- and Query-time Work
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Solution: Split Ingest- and Query-time Work
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Solution: Split Ingest- and Query-time Work
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Solution: Split Ingest- and Query-time Work
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Focus System: Low-latency query with low-
cost ingest




Low-Latency Query: Redundancy Elimination

« Approximate indexing => non-trivial work at query time
* Alarger K = more query-time work

* Images with similar feature vectors are visually similar

Extracted
Features




Low-Latency Query: Redundancy Elimination

« Approximate indexing = non-trivial work at query time
* Alarger K = more query-time work

* Images with similar feature vectors are visually similar
* Minimize the work at query time = clustering similar objects

based on the extracted features

Extracted
Features




Low-Latency Query: Redundancy Elimination

* Approximate indexing => non-trivial work at query time
* Alarger K = more query-time work

* Images with similar feature vectors are visually similar
* Minimize the work at query time = clustering similar objects

based on the extracted features




Adding Feature-based Clustering
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Adding Feature-based Clustering
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Adding Feature-based Clustering
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Adding Feature-based Clustering
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Adding Feature-based Clustering
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Experimental Setup

* Video Datasets
* 11 live traffic and enterprise videos
 Each video stream is evaluated for 12 hours

* Accuracy Targets
* 99% recall and 99% precision w.r.t. YOLOv2

 Baselines

* Ingest-heavy: Analyzes all frames with YOLOv2 at ingest time and
stores the inverted index for query

* NoScope vior17): A query-optimized system that analyzes frames
only at query time




Recall, Precision and Top-K Results

Recall: Fraction of relevant objects that are selected
Precision: Fraction of selected objects that are relevant

Ground-truth CNN: YOLOv2 (80 classes) ‘
ResNet18 ResNet18 (4 fewer layers)
ResNet18 (6 fewer layers)
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Average End-to-End Performance
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Experimental Setup

* Video Datasets
* 11 live traffic and enterprise videos
 Each video stream is evaluated for 12 hours

* Accuracy Targets
* 99% recall and 99% precision w.r.t. YOLOv2

« Baselines

* Ingest-heavy: Analyzes all frames with YOLOv2 at ingest time and
stores the inverted index for query

* NoScope vior17): A query-optimized system that analyzes frames
only at query time
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Other Applications

Process large and growing data with CNNs to answer
“after the fact” queries
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Other Video Apps Audio Bioinformatics Geoinformatics
- Face Recognition find audio segments - Brain signals - Satellite images

- Emotion Detection with a word - Medical images i




In This Talk

Gaia: ML Training for Geo-Distributed Data [NSDI’17]
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In This Talk

' Gaia: ML Training for Geo-Distributed Data [NSDI’17]




ML Training on Geo-Distributed Data




Centralizing Data is Infeasible (1, 2, 3

* Moving data over wide-area networks (WANSs) can be
extremely slow

* |t is also subject to data sovereignty laws

Sl
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1. Vulimiri et al., NSDI'15 s )
2. Pu et al., SIGCOMM’15 Ron A
3. Viswanathan et al., OSDI’16 . %48, PFouth
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(Sao Paulo)

Pacific
(Sydney)




Geo-distributed ML is Challenging

* No ML system is designed to run across data centers
(up to 53X slowdown in our study)

GovCloud
(ITAR Compliance)




* Develop a geo-distributed ML system
* Minimize communication over wide-area networks

» Retain the accuracy and correctness of
ML algorithms

* Without requiring changes to the algorithms




Background: Parameter Server Architecture

* The parameter server architecture has been

widely adopted in many ML systems
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* The parameter server architecture has been
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Background: Parameter Server Architecture

 The parameter server architecture has been
widely adopted in many ML systems

Training Data

&
Data 1

Worker Worker
M Read Read

ML Model
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Synchronization is critical to the accuracy
and correctness of ML algorithms
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Deploy Parameter Servers on WANs

* Deploying parameter servers across data centers requires
a lot of communication over WANs (up to 53X slowdown)
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Deploy Parameter Servers on WANs

* Deploying parameter servers across data centers requires
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Deploy Parameter Servers on WANs

* Deploying parameter servers across data centers requires
a lot of communication over WANs (up to 53X slowdown)
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Deploy Parameter Servers on WANs

* Deploying parameter servers across data centers requires
a lot of communication over WANs (up to 53X slowdown)
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Gaia System Overview

* Key Idea: Decouple the synchronization model within
the data center from the synchronization model
between data centers
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Gaia System Overview

* Key Idea: Decouple the synchronization model within
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Gaia System Overview

» Key idea: Decouple the synchronization model within
the data center from the synchronization model

betfween data centers
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Gaia System Overview

* Key idea: Decouple the synchronization model within
the data center from the synchronization model

between data centers
Data Center 1 Data Center 2
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Key Finding: Study of Update Significance

B Matrix Factorization Topic Modeling @Image Classification
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Key Finding: Study of Update Significance

m Matrix Factorization , ®m {opic Modeling @ Image Classification
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Approximate Synchronous Parallel

The significance filter

e Filter updates based on their significance

ASP selective barrier

e Ensure significant updates are read in time

e Safe guard for pathological cases
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Approximate Synchronous Parallel

The significance filter

e Filter updates based on their significance

ASP selective barrier

e Ensure significant updates are read in time

e Safeguard for pathological cases
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ASP Selective Barrier
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Experimental Setup

* Applications
» Matrix Factorization with the Neftflix dataset
 Topic Modeling with the Nytimes dataset
* Image Classification with the ILSVRC12 dataset

 Hardware platform
» 22 machines with emulated EC2 WAN bandwidth
» We validated the performance with a real EC2 deployment

* Baseline
» |terStore (Cuietal., SocC’'14) and GeePS (Cui et al., EuroSys’16) on WAN

* Performance metrics
« Execution time until algorithm convergence
* Monetary cost of algorithm convergence




Performance and WAN Bandwidth
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Performance and WAN Bandwidth
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Performance and WAN Bandwidth
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Performance and WAN Bandwidth
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Performance and WAN Bandwidth
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Results — EC2 Monetary Cost
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Results — EC2 Monetary Cost
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Compare Against Centralizing Approach

Gaia Speedup over

Centralize
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Cost Ratio
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Takeaways

* ML serving and training over highly-distributed and
rapidly-growing are challenging

* Our approach: designing ML systems that exploit the
characteristics of:

_ algorithm (e.g., most training updates are not significant),
_ model structures (e.g., top-K results in DNN classifiers),
_ training/serving data (e.g., object similarities in videos)

* Improve the latency and cost of ML serving and training
by one to two orders of magnitude
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In This Talk

On-going and Future Work




Real-World Data can be Highly Skewed
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Real-World Data can be Highly Skewed
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Real-World Data can be Highly Skewed

Skewed Data over Skewed Data over

What Happens to ML if data are
skewed over space and/or time?




Understanding Skewed Data over Space

ML Application Decentralized Skewness of Data
Learning Approach Partitions

Image Classification Gaia [Nspr17]
(with various DNNs < FederatedAveraging aistars'17)
and datasets) * DeepGradientCompression [icir1s]

Face recognition




Skewed Data over Space: Setup

» Task: Classify an image into one of the object classes




Skewed Data over Space: Setup

* Task: Classify an image into one of the object classes

e Each data center has some classes of images




Results: GoogleNet over CIFAR-10
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Results: GoogleNet over CIFAR-10
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Similar Results across the Board

Gaia (40X faster)
O Deep Gradient Compression (60X faster)

100%
§ 75%
§ 50%
£ 25%

0%

Validation

B BSP

O Federated Average (40X faster)

Shuffled Data Skewed Data | Shuffled Data Skewed Data

LeNet

AlexNet

Shuffled Data Skewed Data
ResNet20

Image Classification (CIFAR-10)




Similar Results across the Board
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Similar Results across the Board
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Similar Results across the Board
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Similar Results across the Board

@ Gaia (40X faster)
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Even BSP cannot solve this problem for
DNNSs with Batch Normallzatlon La ers

Shuffled Data Skewed Data | Shuffled Data Skewed Data | Shuffled Data S\ewed Data

Validation

LeNet AlexNet ResNet20
EBSP mGaia mFedAve WAL Classification (CIFAR-10)

B BSP M Gaia M FedAvg

Shuffled Skewed [Shuffled $¥ewed
Data Data Data Data

50%

Accuracy
LFW Validation
Accuarcy

Shuffled Data Skewed Data

Image Classification (ImageNet) Face Recognition

0% -

Top-1 Validation

GoogleNet ResNet10
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1. Periodical model
travelling
» Accuracy gap
» Underperforming data




Direction #1: Skewed Data over Space

Periodical model
travelling

» Accuracy gap

» Underperforming data

Communication
tightness control

Selective data
shuffling (active
learning)

Solutions for DNNs
with normalizations




Direction #2: Skewed Data over Spacetime
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Direction #2: Skewed Data over Spacetime

1. Continuous learning on skewed data at different time and places
 Detect data change over time in each space

* Efficiently and incrementally update the global model

* Tailored to application’s requirement on history data




Direction #2: Skewed Data over Spacetime

* Efficient multi-task learning over space and time




Direction #3: New ML Paradigms over Real-World Data

Reinforcement

Learning
ACTION
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Distributed and Skewed




Direction #3: New ML Paradigms over Real-World Data

Reinforcement

Learning
ACTION

AutoML

 Communication efficient RL
* RL adapts to skewed data over
spacetime

Distributed and Skewed




Direction #3: New ML Paradigms over Real-World Data

Reinforcement

Learning
ACTION

 Communication efficient RL
* RL adapts to skewed data over
spacetime

AutoML

Q e\ AUTO KERAS

. Cost effucnent AutoML over distributed data
* AutoML vs decentralized learning
approaches

Distributed and Skewéd




Machine Learning Systems for
Highly Distributed and
Rapidly Growing Data
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