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ML Systems in the Wild

Time to reach 1 million users
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ChatGPT (55‘.‘2?;32) £ Year launched
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ML Systems in the Wi
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ML Systems in the Wild
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What is an ML Systemce

Varieties

« Enabling an
ML-powered service

¢ €.9., ASR system

« An ML-enabler
* €.9., NAS system

Computing system with ML at its core

i
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Role of this course

Course
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Fundamental ML
Course We are here P-Value Thresholds

A Definitive Guide

Intro to Arbitrary
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Principles of ML Systems

10 Lectures, covering:

ML Systems Landscape « Scalable Inference Serving
 Mapping to Hardware * Deep Learning Compilers
 Model Compression  Automated ML

« Accelerators: GPUs, NPUs < Federated Learning
* Frameworks and Run-times ¢ Development Practices
 Single/Multi GPU Training  * MLOps related
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Model Serving

Multiple Client

Applications
Dynamic Batching Néi#y
Python/C++ (Real time, Batch, active
Client Library Sta';dggc Stream) models
HTTF g -t
-
C API
S honie (Grectly integrate Multiple GPU & CPU -
Backends Model
Repository

Client Library into client app)

P Tensorflow € ONNX
= Custom
" Backends

Python/C++
Client Library

T l - L Source: Nvidia

http://milsys.cst.cam.ac.uk/teach Principles of Machine Learning Systems —v1.5



Performance Measures

« Accuracy — determines if it can perform the task
* In an ML class: offen only metric a model is judged on

« Others.. {uncertainty, generalization, noisy/clean
conditions, robustness, variety of accuracy metrics}

* Throughput — determines if it can handle the data flow
 Number of PEs utilized (noft just peak performance)
» Real-time performance 3

Multip
Applications
L L4 Query Dynamic Batching ; Many
. Python/C++ (Real time, Batch, | pe———ft—— | =] active
—
Client Library | Resutt || Standard =1  Steam) | | pern Model Scheduler "8l B models
- HTTP/gRPC Queues < (
or Flexible Model - |
Query Loading (Al <4 |
* M ® Pyvthon/C++ CAl Selective ) - |
. eXI I I rO n e O O S S “““““““““““““““
— < Backends
e o o fensorFlow
g S 7
Source: V. Sze
I rrrrrrrrrrrrrrrrrr t, Latenc! Y, etc) I

Source: Nvidia ﬁ




Design Considerations

 Hardware — GPU or CPU, maybe FPGA

 Model Compression — Accuracy vs. Model
Size/Compute; Quantization

 Remote vs. Local Computation
* Frequency of Model Updates - Weeks or Months
 Localization of Models — e.g., languages

[ ]
. Multiple Client
- — Applications
Query namic Batchr;’g ; Many
________
Client Library | Resutt || Standard =1  sweam) | | e Model Scheduler "8l B models
< Queues <
Flexible Model - |
Loading (All -
— Selective, ) -+
ttttttttttt
< B "™ I = Backends
P (] Y
— )
I rrrrrrrrrrrrrrrrrr t, Latenc! Y, etc) I

Source: Nvidia ﬁ



Model Training

pipeline 0 at timestep 1 Pipeline 1 at timestep 1
IR e e e e e e e e e e s 1 s s s sy 1
e (e e e e I et e I I
pipeline 0 at timestep 0 add new pipelines
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Redistribute

datasat | AutoCache | AutoDP |

| (cross process) | = |
Sample training Transform
information as indicator # of frozen layer Pipeline length
(Progress, gradient, etc) changed? has been changed?
Freeze notify x
Algorithm i AutoPipe
Data Distributed Parallel || Pipeline Parallel Shared Memory

(Cross process)

| Deep Learning Training Engine (PyTorch) |
| CUDA [ NCCL/GLOO | | MultiProcessing | ¢, ce: e
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Performance measures

* Energy and Power

« Power consumption for running specific model
architectures

« Off-chip memory access (e.g., DRAM)
» Cost and Training Time soues e _| i
 Scalability e
« Data and model architecture scaling | |

« How much room is there in design 1o grow |
* T OW TO meTriCS Chgnge OS SCOle incregses |DafaDi.;.tri:utedParallelHPipeIine::tr:::e
. . . [ Deep Learning Training Engine (PyTorch)
(Does efficiency decline?) =

Source: V. Sze




Design Considerations

 Level of Specialization - NPU, communication
* Model Architectures and Size

- Data Storage — Will data change frequently

» Carbon Footprint- Source of energy

 Storage Hierarchy- Speed and location

pipeline 0 at timestep 0 add new pipelines
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The Deep Learning Era
IMAGENET

Image Classification Task: 20
1.2M training images * 1000 object categories

Object Detection Task:

ILSVRC top-5 error on ImageNet

22.5

15

456k training images * 200 object categories

7.5

0
person 2010 2011 2012 2013 2014 Human  ArXiv 2015

person f f
Better than
ofs AlexNet humans
2 power drill Krizhevsky, Sutskever, Hinton 2012
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Deep Learning @ Resources

10,000
e AlphaGo Zer
1,000 /
e AlphaZero
100 e Neural M ine Translation
fe) Architecture Search
c
C 10
= e Xception e TI7 Dota 1v1
=
. 1
o VGG /
O e DeepSpeech?2
@ 1 ® Seq2Seq e ResNets
o
e i = e GoogleNet
] :
b e AlexNet ﬂsualizing and Understanding Conv Nets
[ e Dropout
.001 /
.0001 /
eDQN
.00001
2013 2014 2015 2016 2017 2018 2019 Source: Open.Al
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Memory Hierarchy Pressure

Operation: Energy | Relative Energy Cost A
(pJ) Smaller, } CPU registers hold words
8b Add 0.03 'aasr:ZL v e retrieved from cache memory.
16b Add 0.05 (:;sg;et; ) (SRAM) } L1 cache holds cache lines
32b Add 0.1 storage L2 / L2 cache \ retrieved from L2 cache.
16b FP Add 0.4 ces {SRAM) l L2 cache holds cache lines
retrieved from L3 cache.
32b FP Add 0.9 L3 L3 cache \
8b MuItipIy 0.2 Larger, bt } L3 cache holds cache lines
32b Multiply 31 slow:r, i / T retrieved from memory.
. an :
, cheaper DRAN Mai holds disk block
160iEP BIUVply 1.1 (per byte) rebieved from locel deks.
i storage LS: Local secondary storage
32b FP Multiply 37 devices / (local disks) \ Local disks hold files
32b SRAM Read (8KB) 5 retrieved from :isks on
L6: Remote secondary storage remote network server.
32b DRAM Read 640 Y / (distributed file systems, Web servers) \
Source: Horowitz 1 10 102 103 104

Source: Bryant and O’Hallaron
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Data Movement Overhead

[ ins

= L1 cache reference: 1ns
LLL Branch mispredict: 3ns
sanm L2 cache reference: 4ns
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Source: Scott
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Main memory reference:
100ns

1,000ns = 1ps

Compress 1KB wth Zippy:

2,000ns = 2us

10,000ns =~ 10us = =

Send 2,000 bytes over
commodity network: 88ns

SSD random read:
16,000ns = 16ps

Read 1,000,000 bytes

sequentially from memory:

5,000ns = Sus

Round trip in same
datacenter: 500,000ns =
500pus

1,000,000ns = 1ms = =

Principles of Machine Learning Systems —v1.5

Read 1,000,000 bytes
sequentially from SSD:
78,000ns = 78us

Disk seek: 3,000,000ns =
3ms

Read 1,000,000 bytes
sequentially from disk:
1,000,000ns = 1ms

Packet roundtrip CA to

& Netherlands:

150,000,000ns =~ 150ms
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Open Problems

Hardware

Privacy

Tool and
Software |Seoewe

e

I | Scalabillity
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Open Problems

Privacy

(Lecture 8)

Hardware

(Lecture 6)

Tool and  [rewmme ;
Sofftware  [emeee |
(Lecture 3) %

_________________________________________

L
i Hardware Accelerators ]E Scalabilify (Lecfure 7)

_________________________________________
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Open Problems
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® AlphaGo Zero-
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i
http://misys.cst.cam.ac.uk/teach Principles of Machine Learning Systems —v1.5 25 '



Open Problems

OOOOOO

® AlphaGo Zero-

 Neural Mactiine Translation

PERFORM ( N C E E "’X'cepl 11111111111111
: L D e B P
0 "u|l|" ] TUURUL QU WUy T[RRI I % B seq2seq  °ResNets
4 V' 2 3 4 5 6 7 8 : 2 " «6oogleNet
. \ 1 2 O AlexNet ,,,r'o’"\;isualizingindgLr::ers!andi nnnnnnnnnn S 1'
L] I a oDropug(, -~ S e
Metrics ' 2 y>1em
' 1 oo
| Resources
0000
(Lec Ture ] ) I 1 2013 2014 2015 2016 2017 2018 2019
|
|
-------- S — (Lecture 2)
|
|
! S led Search )
, Machine | ampile Space Next Location
Data " p
e R Monitoring 1 Net k
Verification esource etwor to Sample
Configuratio Data Collection Manzgement : ! O
iguration Serving |
“ Analysis Tools RS ; Performance 1 ‘( Optimization Final
: Evaluation [Evaluation | Algorithm Network
Feature Process Result
Extraction Management Tools

System Architecture (eciue 10 AUfomated Design

(Lecture 9) ST
http://misys.cst.cam.ac.uk/teach Principles of Machine Learning Systems —v1.5 26 '



Summary of the Day

Infroduction
llustrative Examples
Efficiency

Open Problems

W=




