
Introduction to ML Systems

2022 OxML Summer School – ML Fundamentals

Dingwen Tao
Washington State University



Research topics (not limited to):
• Big data management, analytics, visualization
• Large-scale machine/deep learning
• Heterogeneous computing (GPU/FPGA)
• Fault tolerance and resilience at extreme scale
• Energy-efficient computing
• Numerical algorithms, simulation & software

Graduate Students

Undergraduate Students

Thank
You!



Today’s Agenda
Ø Introduction to ML + Systems 14:00 – 14:10

Ø Key Trends in Hardware for ML 14:10 – 14:25

Ø Data Parallel Training & Its Challenges 14:25 – 15:15

Ø Break 15:15 – 15:30

Ø Pipeline Parallelism 15:30 – 15:45

Ø Model Parallelism 15:45 – 16:15

Ø Spatial Parallelism 16:15 – 16:25

Ø Summary & Close 16:25 – 16:30



R&D in ML and Systems is 
Exploding



“A New Golden Age in Computer Architecture: Empowering the Machine-Learning Revolution”,
https://ieeexplore.ieee.org/document/8259424

Why?



New Forces Driving AI Revolution

Compute AbstractionsData

Benchmarks

Advances in
Algorithms and

Models

Stochastic Gradient 
Descent 
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Machine learning community
has had an evolving focus on AI Systems

2009 2022

Fast
Algorithms

ML for
Systems

Distributed
Algorithms

Deep Learning
Frameworks

Integration of
Communities

Machine Learning
Frameworks

RL for
Systems

Transformers
Everywhere

Massive General
Models



What defines good 
ML-Systems 
Research Today?



What is AI-Systems Research?
Ø Good AI and Systems research

Ø Provides insights to both communities
Ø Builds on big ideas in prior AI and Systems Research

Ø Leverages understanding of both domains
Ø Studies statistical and computational tradeoffs
Ø Identify essential abstractions to bridge AI and Systems
Ø Reframes systems problems as learning problems

Ø More than just great open-source software!
Ø But software impact often matters…



Kinds of AI-Systems 
Research



AI + Systems
Advances in systems are enabling 
substantial progress in AI



AI + Systems
Developing Systems for:
Ø Autonomous Vehicles 
Ø Reinforcement Learning
Ø Secure Machine Learning
Ø Prediction Serving
Ø Experiment Management

Advancing AI
Ø Dynamic Neural Nets
Ø Prediction on 

Compressed Data
Ø Distributed Training
Ø Distributed Auto-ML



AI + Systems

Advances in AI are being used to address 
fundamental challenges in systems. 



AI + Systems
Ø Reinforcement Learning for

Ø Pandas code generation
Ø SQL join planning
Ø Network packet 

classification
Ø Autoscaling

Ø Bandit Algorithms for radio 
link adaptation

Ø Wireless link quality 
estimation

Ø Multi-task learning for 
straggler mitigation

Ø VM Selection using Trees ..



Hardware for ML



Key Drivers for Neural Network Success

Faster
Computation

More 
Complex 

Nets

More
Data

DARPA Neural Network Study Final 
Report (606 pages):

“After participating in this Study, my 
personal view is that neural networks will 
provide the next major advance in 
computing technology.”

Dr. Jasper Lupo

DARPA, Washington, DC

June, 1988



AlexNet vs Lenet5: 1000x More Compute

1500x

Amir Gholami, Zhewei Yao, Sehoon Kim, Michael W. Mahoney, Kurt Keutzer, AI and Memory Wall, Riselab Medium Blogpost, 2021.

https://medium.com/riselab/ai-and-memory-wall-2cb4265cb0b8


General Purpose Hardware Trend
Key Observations

Ø # Transistors still increasing

Ø Single Core Performance 
Plateauing

Ø End of Dennard Scaling

Ø Distributed Computing

42 Years of Microprocessor Trend Data, Karl Rupp

https://www.karlrupp.net/2018/02/42-years-of-microprocessor-trend-data/


Common Fallacy: Moore’s Law is Dead 
(it’s not)

Moore, Gordon E. "No exponential is forever: but ‘Forever’ can be delayed!" 
Solid-State Circuits Conference, 2003.

15X

Slide from Prof. Patterson



It is becoming increasingly difficult to 
push the boundary
Building a 3nm fab costs around $20B. This is still economical given the 
$600B ARR for the semi-conductor industry, but it is questionable how much 
farther we can push the limit.

Source: high end performance packaging 3d/2.5d integration report, Yole, Development, 2020.



Based on SPECintCPU. Source: John Hennessy and David Patterson, Computer Architecture: A Quantitative Approach, 6/e. 2018

But It has Slowed Down

End of 
the Line?

2X / 
20 yrs
(3%/yr)

RISC
2X / 1.5 yrs

(52%/yr)
CISC

2X / 3.5 yrs
(22%/yr)

End of 
Dennard
Scaling

⇒
Multicore

2X / 3.5 yrs
(23%/yr)

Am-
dahl’s
Law
⇒

2X / 
6 yrs
(12%/yr)



Domain Specific Accelerators

Ø John Hennessy and David 
Patterson, 
“A New Golden Age for 
Computer Architecture,” 
Communications of the 
ACM, February 2019



Domain Specific Accelerators

23

2.5K – 30K X increase in MOPs/mW

25,300 MOPS/mW11,500 MOPS/mW 140,300 MOPS/mW

~3.23 – 4 MOPS/mW (835)
11– 16.6 GFLOPS SGEMM (835)

SnapDragon 835 (à 845 à 855) 



© Pallas Group, UCB
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basicmi.github.io/AI-chip



Designing an accelerator

1) Accelerators are ONLY the First 80% of the Problem
The remaining 20%: SW development + Full system design

2) HW design shouldn’t be about what can be built, rather what can be programmed
https://eecs.wsu.edu/~dtao/download/Distributed-DL-PyTorch-Zhang.pdf

3) Deploy at scale? Distributed Deep Learning

Naveen Kumar (Google)

https://eecs.wsu.edu/~dtao/download/Distributed-DL-PyTorch-Zhang.pdf


Distributed Deep Learning



Distributed Training: What is it? & Why?

Ø Distributed Training* ~ Training across multiple devices
Ø Different local and remote memory speeds / network

Ø Why do we need distributed training?
Ø Additional memory (memory bandwidth) for larger model

Ø “Need” to store weights + activations
Ø Faster training by leveraging parallel computation
Ø Reduce or eliminate data movement

Ø Privacy à Federated Learning
Ø Limited bandwidth to edge devices

*Very simplified definition.



Training Large Models

28Amir Gholami, Zhewei Yao, Sehoon Kim, Michael W. Mahoney, Kurt Keutzer, AI and Memory Wall, Riselab Medium Blogpost, 2021.

Beyo
nd sin

gle 

chip
 mem

ory

https://medium.com/riselab/ai-and-memory-wall-2cb4265cb0b8


Faster Processing

29Amir Gholami, Zhewei Yao, Sehoon Kim, Michael W. Mahoney, Kurt Keutzer, AI and Memory Wall, Riselab Medium Blogpost, 2021.

Scale Training to 
Multiple Processes

https://medium.com/riselab/ai-and-memory-wall-2cb4265cb0b8


On Dataset Size and Learning
Ø Data is a a resource! (e.g., like processors and memory)

Ø Is having lots of processors a problem?

Ø You don’t have to use all the data!
Ø Though using more data can often help

Ø More data often* dominates models and algorithms
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such as f = ma or e = mc2. Meanwhile, sciences that 
involve human beings rather than elementary par-
ticles have proven more resistant to elegant math-
ematics. Economists suffer from physics envy over 
their inability to neatly model human behavior. 
An informal, incomplete grammar of the English 
language runs over 1,700 pages.2 Perhaps when it 
comes to natural language processing and related 
! elds, we’re doomed to complex theories that will 
never have the elegance of physics equations. But 
if that’s so, we should stop acting as if our goal is 
to author extremely elegant theories, and instead 
embrace complexity and make use of the best ally 
we have: the unreasonable effectiveness of data.

One of us, as an undergraduate at Brown Univer-
sity, remembers the excitement of having access to 
the Brown Corpus, containing one million English 
words.3 Since then, our ! eld has seen several notable 
corpora that are about 100 times larger, and in 2006, 
Google released a trillion-word corpus with frequency 
counts for all sequences up to ! ve words long.4 In 
some ways this corpus is a step backwards from the 
Brown Corpus: it’s taken from un! ltered Web pages 
and thus contains incomplete sentences, spelling er-
rors, grammatical errors, and all sorts of other er-
rors. It’s not annotated with carefully hand-corrected 
part-of-speech tags. But the fact that it’s a million 
times larger than the Brown Corpus outweighs these 
drawbacks. A trillion-word corpus—along with other 
Web-derived corpora of millions, billions, or tril-
lions of links, videos, images, tables, and user inter-
actions—captures even very rare aspects of human 

behavior. So, this corpus could serve as the basis of 
a complete model for certain tasks—if only we knew 
how to extract the model from the data.

Learning from Text at Web Scale
The biggest successes in natural-language-related 
machine learning have been statistical speech rec-
ognition and statistical machine translation. The 
reason for these successes is not that these tasks are 
easier than other tasks; they are in fact much harder 
than tasks such as document classi! cation that ex-
tract just a few bits of information from each doc-
ument. The reason is that translation is a natural 
task routinely done every day for a real human need 
(think of the operations of the European Union or 
of news agencies). The same is true of speech tran-
scription (think of closed-caption broadcasts). In 
other words, a large training set of the input-output 
behavior that we seek to automate is available to us 
in the wild. In contrast, traditional natural language 
processing problems such as document classi! ca-
tion, part-of-speech tagging, named-entity recogni-
tion, or parsing are not routine tasks, so they have 
no large corpus available in the wild. Instead, a cor-
pus for these tasks requires skilled human annota-
tion. Such annotation is not only slow and expen-
sive to acquire but also dif! cult for experts to agree 
on, being bedeviled by many of the dif! culties we 
discuss later in relation to the Semantic Web. The 
! rst lesson of Web-scale learning is to use available 
large-scale data rather than hoping for annotated 
data that isn’t available. For instance, we ! nd that 
useful semantic relationships can be automatically 
learned from the statistics of search queries and the 
corresponding results5 or from the accumulated evi-
dence of Web-based text patterns and formatted ta-
bles,6 in both cases without needing any manually 
annotated data.

Eugene Wigner’s article “The Unreasonable Ef-

fectiveness of Mathematics in the Natural Sci-

ences”1 examines why so much of physics can be 

neatly explained with simple mathematical formulas

Alon Halevy, Peter Norvig, and Fernando Pereira, Google

The Unreasonable 
Effectiveness of Data

Authorized licensed use limited to: Univ of Calif Berkeley. Downloaded on February 5, 2010 at 22:51 from IEEE Xplore.  Restrictions apply. 
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Example: 
Scale is TPU’s Primary Value Proposition



TPU Pod 
64 2nd-gen TPUs

11.5 petaflops
4 terabytes of HBM memory



TPUv3

TPU v3



Selene



Cambridge-1



Ideal Metric of Success for Efficient 
Training

“Learning”

Record

Record

Second
x

“Learning”

Second
=

Convergence
Machine Learning 

Property

Throughput
System
Property

*Somewhat of a simplistic linear model. As we will later 
see there are many more moving parts to this



Metrics of Success

Ø Minimize training time to “best model”
Ø Best model measured in terms of test error

Ø Other Concerns?
Ø Complexity: Does the approach introduce additional training 

complexity (e.g., hyper-parameters)

Ø Stability: How consistently does the system train the model?

Ø Cost: Will obtaining a faster solution cost more money (power)?



Gradient Descent

Learning rate
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FC&softmax

Two key elements:

• The computed gradient: the direction

• The learning rate: how big a step do we take?
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Learning rate

Two key elements:

• The computed gradient: the direction

• The learning rate: how big a step do we take?
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Stochastic Gradient Descent



Synchronous Stochastic Gradient 
Descent

In every iteration of 
SGD we load a 
random mini-batch of 
training data, and
compute the 
gradient. 

GPU
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p
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Mini-batch
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Parallelization Opportunities
Data Parallelism: Distribute the 
processing of data to multiple PEs.
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Model Parallelism: Break the 
model and distribute processing 
of every layer to multiple PEs

For either approach it is also 
possible to use synchronous or 
asynchronous updates
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Bulk Synchronous Parallel (BSP) Execution

Machine 1

Machine 2

Machine 3

Iteration

Iteration

Iteration

Barrier

Compute Communicate

Iteration

Iteration

Iteration

Compute

Waste

Waste

Barrier

Waste

w

w

w

w1

w2

w3

w

w

w
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Machine 1

Machine 2

Machine 3

Iteration

Iteration

Iteration

Barrier

Compute Communicate

Iteration

Iteration

Iteration

Compute

Waste

Waste

Barrier

Waste

Enable more frequent coordination on parameter values
43

Bulk Synchronous Parallel (BSP) Execution



Asynchronous Execution

Machine 1

Machine 2

Machine 3

Iteration

Iteration

Iteration

Compute Communicate

Iteration

Iteration

Iteration

Compute

Enable more frequent coordination on parameter values, but 
often results in generalization loss. Today we will only focus on 

synchronous training.



Synchronous Data Parallel



Parallel and distributed training

Pros:
a.  Easy to realize

Cons:
a.  Not work for large models
b.  High allreduce overhead

Data parallelism

Pros:
a.  Make large model training feasible
b.  No collective, only P2P

Cons:
a.  Bubbles in pipeline
b.  Removing bubbles leads to stale 

weights

Pipeline parallelism

P0

P1

P2

input

input

input

input

P0 P1 P2

Slide: Courtesy of Shigang Li

Pros:
a.  Make large model training 

feasible

Cons:
b.  Communication for each 

operator (or each layer)

Model parallelism
input

P0
P1
P2

P0
P1
P2

P0
P1

P2



Synchronous Data Parallelism
Ø Compute the entire model 

on each processor

Ø Distribute the batch evenly 
across each processor: 
Ø 1024 batch distributed 

over 16 PEs: 64 images 
per GPU

Ø Communicate gradient 
updates through allreduce

1024

GPU  1
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Machine A Machine B

Machine D Machine C

All Reduce
There are many different all reduce algorithms, each with their own trade 
offs. 

For simplicity, assume our model has 4 layers, and is trained on P=4 machines

a1 a2 a3 a4 b1 b2 b3 b4

d1 d2 d3 d4 c1 c2 c3 c4



Machine A

Machine B

Machine D Machine C

Parameter Server (Single Master All-Reduce)

d1 d2 d3 d4 c1 c2 c3 c4

b1 b2 b3 b4

a1 a2 a3 a4



Machine A

Machine B

Machine D Machine C

Parameter Server

d1 d2 d3 d4
c1 c2 c3 c4

b1 b2 b3 b4
a1 a2 a3 a4

Sends (P-1) * N Data
Ø P Machines
Ø N Parameters



Machine A

Machine B

Parameter Server

d1 d2 d3 d4
c1 c2 c3 c4

b1 b2 b3 b4
a1 a2 a3 a4

Sends (P-1) * N Data
Ø P Machines
Ø N Parameters

si = ai bi dici+ + +

Machine D Machine C



Machine B

Parameter Server

Communicate (P-1) * N Data
Ø P Machines
Ø N Parameters

si = ai bi dici+ + +

Machine A

s1 s2 s3 s4s1s1s1 s2s2s2 s3s3s3 s4s4s4

Machine D Machine C



Machine A

Machine B

Parameter Server

Communicate (P-1) * N Data
Ø P Machines
Ø N Parameters

si = ai bi dici+ + +

Machine D Machine C
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Machine A

Machine B

Parameter Server Comm (P-1) * N Data
Ø P Machines
Ø N Parameters

Machine D Machine C

*2

Issues?
Ø High fan-in on Machine A
Ø (P-1) * N Bandwidth for Machine A



Machine A Machine B

Machine D Machine C

a1 a2 a3 a4 b1 b2 b3 b4

d1 d2 d3 d4 c1 c2 c3 c4

Parameter Server All Reduce



Machine A Machine B

Machine D Machine C

a1 a2 a3 a4 b1 b2 b3 b4

d1 d2 d3 d4 c1 c2 c3 c4

Send each entry to parameter server for that entry.
Ø Key 1 à A
Ø Key 2 à B
Ø Key 3 à C
Ø Key 4 à D



Machine A Machine B

Machine D Machine C

a1 a2

a3a4

b1 b2

b3b4

d1 d2

d3d4

c1 c2

c3c4

Each machine sends N/P data to all other machines.
(P-1) * N/P
Ø P Machines
Ø N Parameters



Machine A Machine B

Machine D Machine C

s1 s2

s4 s3

Compute local sum on each machine

si = ai bi dici+ + +



Machine A Machine B

Machine D Machine C

s1 s2

s4 s3

s1s1s1 s2s2s2

s3s3s3s4s4s4

Each machine broadcasts* the sum (N/P data size) to all other machines.
(P-1) * N/P
Ø P Machines
Ø N Parameters

* Technically All Gather based on MPI communication definition



Machine A Machine B

Machine D Machine C

s1 s2

s4 s3s1

s1

s1 s2
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s4s4

Total Communication per machine:
2* (P-1) * N/P (roughly independent of P)
Ø P Machines
Ø N Parameters



Parameter Server All-Reduce
Ø Same amount of total data transmitted as before, but spread 

evenly across all machines instead of just one

Ø Same high fan-in (P-1)

Ø Reduced Inbound Bandwidth = 2*(P-1)N/P 
Ø Previously 2*(P-1)*N for the parameter server

Machine A Machine B

Machine D Machine C



Machine A Machine B

Machine D Machine C

a1 a2 a3 a4 b1 b2 b3 b4

d1 d2 d3 d4 c1 c2 c3 c4

Ring All Reduce
Send messages in a ring to reduce fan-in.



Machine A Machine B

Machine D Machine C

a2 a3 a4 b1 b3 b4

d1 d2 d3

d4

c1 c2
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c4

Ring All Reduce

a1

b2

ß Note this depicts a partial 
sum and not a bigger message.



Machine A Machine B

Machine D Machine C

a2 a3 b3 b4

d1 d2
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Ring All Reduce
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Machine A Machine B

Machine D Machine C
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Machine A Machine B

Machine D Machine C

Ring All Reduce

s1s1s1s1

s2s2s2s2 s3s3s3s3

s4s4s4s4

Each machine sends N/P data to next machine each of (p-1) rounds:
(P-1) * N/P (doesn’t depend on P!)
Ø Fan-in Per Round: 

Ø 1 (doesn’t depend on P)



Machine A Machine B

Machine D Machine C

Ring All Reduce

s1s1s1s1

s2s2s2s2 s3s3s3s3

s4s4s4s4

Broadcast stage* repeats process sending messages forwarding
sums (same communication costs).

* Technically All Gather based on MPI communication definition



Machine A Machine B

Machine D Machine C

Ring All Reduce
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Machine A Machine B

Machine D Machine C

Ring All Reduce
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Machine A Machine B

Machine D Machine C

Ring All Reduce
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Machine A Machine B

Machine D Machine C

Ring All Reduce
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Ring All-Reduce

Ø Simplified communication topology with low fan-in

Ø Overall communication
Ø Same total communication:  2*(P-1)*N, but evenly distributed
Ø Each Machine communicates 2*(P-1)N/P (almost independent of P)
Ø Fan-in is constant (doesn’t depend on P)

Ø Issue: Number of communication rounds (P-1)

Machine A Machine B

Machine D Machine C



Double Binary Tree All-Reduce

Ø Two overlaid binary reduction trees

Ø Double the fan-in à Log(p) rounds of communication
Ø Currently used on Summit super-computer and latest NCCL

https://devblogs.nvidia.com/massively-scale-deep-learning-training-nccl-2-4/

https://devblogs.nvidia.com/massively-scale-deep-learning-training-nccl-2-4/


Complexity Summary

Parameter Server Ring All-reduce

75
Great Reference: T. Rajeev, R. Rabenseifner, and W. Gropp. "Optimization of collective communication 
operations in MPICH." The International Journal of High Performance Computing Applications, 2005.
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Data Parallel Training Complexity 
Analysis
Ø Question: Comm time of ring allreduce is independent of 

the number of processors. So what limits scalability?
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Limits of Data Parallel Scaling

Ø The maximum limit of processors that you can use is P=B

Ø But this often leads to very low utilization of the hardware 
and would not yield speed up

Best Workload
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One epoch training time of AlexNet computed on an Intel KNL system

Ø Why does this 
happen?
Ø Remember 

roofline model?



Limits of Data Parallel Scaling

Ø The maximum limit of processors that you can use is P=B

Ø But this often leads to very low utilization of the hardware 
and would not yield speed up
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Scaling Data Parallel Training
1024
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MPI ALLREDUCE

If we want to keep scaling 
synchronous SGD then we 
have to keep increasing 
the batch size. 



Naively increasing Batch size leads to 
perfect results but …
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Bigger isn’t Always Better

Ø Motivation for larger batch sizes
Ø More opportunities for parallelism à but is it useful?
Ø Recall (1/n variance reduction):

Ø Is a variance reduction helpful?
Ø Only if it let’s you take bigger steps (move faster)
Ø Does it affect the final prediction accuracy?
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Problems with Large Batch Training
Ø Larger Batch leads to sub-optimal generalization

Ø A common belief is that large batch training gets attracted to “sharp 
minimas”

Keskar et al., On Large-Batch Training for Deep Learning: Generalization Gap and Sharp Minima, ICLR’16.
Z. Yao, A. Gholami, Q. Lei, K. Keutzer, M. Mahoney. Hessian-based Analysis of Large Batch Training and Robustness to Adversaries, NeurIPS’18.
Ginsburg, Boris, Igor Gitman, and Yang You. "Large Batch Training of Convolutional Networks with LARS." arXiv:1708.03888, 2018.



Generalization Gap Problem

Accurate, Large Minibatch SGD:
Training ImageNet in 1 Hour

Priya Goyal Piotr Dollár Ross Girshick Pieter Noordhuis
Lukasz Wesolowski Aapo Kyrola Andrew Tulloch Yangqing Jia Kaiming He

Facebook

Abstract

Deep learning thrives with large neural networks and
large datasets. However, larger networks and larger
datasets result in longer training times that impede re-
search and development progress. Distributed synchronous
SGD offers a potential solution to this problem by dividing
SGD minibatches over a pool of parallel workers. Yet to
make this scheme efficient, the per-worker workload must
be large, which implies nontrivial growth in the SGD mini-
batch size. In this paper, we empirically show that on the
ImageNet dataset large minibatches cause optimization dif-
ficulties, but when these are addressed the trained networks
exhibit good generalization. Specifically, we show no loss
of accuracy when training with large minibatch sizes up to
8192 images. To achieve this result, we adopt a hyper-
parameter-free linear scaling rule for adjusting learning
rates as a function of minibatch size and develop a new
warmup scheme that overcomes optimization challenges
early in training. With these simple techniques, our Caffe2-
based system trains ResNet-50 with a minibatch size of 8192
on 256 GPUs in one hour, while matching small minibatch
accuracy. Using commodity hardware, our implementation
achieves ⇠90% scaling efficiency when moving from 8 to
256 GPUs. Our findings enable training visual recognition
models on internet-scale data with high efficiency.

1. Introduction

Scale matters. We are in an unprecedented era in AI
research history in which the increasing data and model
scale is rapidly improving accuracy in computer vision
[22, 41, 34, 35, 36, 16], speech [17, 40], and natural lan-
guage processing [7, 38]. Take the profound impact in com-
puter vision as an example: visual representations learned
by deep convolutional neural networks [23, 22] show excel-
lent performance on previously challenging tasks like Ima-
geNet classification [33] and can be transferred to difficult
perception problems such as object detection and segmen-
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Figure 1. ImageNet top-1 validation error vs. minibatch size.
Error range of plus/minus two standard deviations is shown. We
present a simple and general technique for scaling distributed syn-
chronous SGD to minibatches of up to 8k images while maintain-
ing the top-1 error of small minibatch training. For all minibatch
sizes we set the learning rate as a linear function of the minibatch
size and apply a simple warmup phase for the first few epochs of
training. All other hyper-parameters are kept fixed. Using this
simple approach, accuracy of our models is invariant to minibatch
size (up to an 8k minibatch size). Our techniques enable a lin-
ear reduction in training time with ⇠90% efficiency as we scale
to large minibatch sizes, allowing us to train an accurate 8k mini-
batch ResNet-50 model in 1 hour on 256 GPUs.

tation [8, 10, 28]. Moreover, this pattern generalizes: larger
datasets and neural network architectures consistently yield
improved accuracy across all tasks that benefit from pre-
training [22, 41, 34, 35, 36, 16]. But as model and data
scale grow, so does training time; discovering the potential
and limits of large-scale deep learning requires developing
novel techniques to keep training time manageable.

The goal of this report is to demonstrate the feasibility of,
and to communicate a practical guide to, large-scale train-
ing with distributed synchronous stochastic gradient descent
(SGD). As an example, we scale ResNet-50 [16] training,
originally performed with a minibatch size of 256 images
(using 8 Tesla P100 GPUs, training time is 29 hours), to
larger minibatches (see Figure 1). In particular, we show
that with a large minibatch size of 8192, we can train
ResNet-50 in 1 hour using 256 GPUs while maintaining
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Larger batch sizes harm generalization 
performance.



Objective function Update rule

Why? Large Batch Reduces Noise and 
may Get Trapped in Local Minima

Parameter values along some direction

Lo
ss

Sharp Minima 
Hypothesis

Small batch gradient descent acts as a regularizer

Active Research problem: Addressing the generalization gap for large batch sizes.



Solution: Linear Scaling Rule
Ø Scale the learning rate linearly with the batch size

Ø Addresses generalization performance by taking larger 
steps (also improves training convergence)

Ø Sub-problem: Large learning rates can be destabilizing in 
the beginning. Why?
Ø Gradual warmup solution: increase learning rate scaling from 

constant to linear in first few epochs
Ø Doesn’t help for very large k…
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Data Parallelism Summary
Ø An efficient parallel training method where the comm time is 

independent of processors with ring allreduce

Ø Very easy to implement. Only requires allreduce operation before 
updating parameters

Ø Very challenging to scale. Using large batch training is not an option 
as it hurts generalization performance.
Ø Existing solutions often require a lot of tuning (outside of ResNet-50 on 

ImageNet)

Ø Does not work for large models such as GPT-3 which are too large to 
fit in one GPU

Ø Processes are never idle



Pipeline Parallelism
Really a form of model parallelism



Parallel and distributed training

Pros:
a.  Easy to realize

Cons:
a.  Not work for large models
b.  High allreduce overhead

Pros:
a.  Make large model training feasible
b.  No collective, only P2P

Cons:
a.  Bubbles in pipeline
b.  Removing bubbles leads to stale 

weights
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P2

input

input

input

input

P0 P1 P2

Slide: Courtesy of Shigang Li

Pros:
a.  Make large model training 

feasible

Cons:
b.  Communication for each 

operator (or each layer)
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Data parallelism Pipeline parallelism Model parallelism



Pipeline Parallelism
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GPipe [NeurIPS’19]:
Reduce Bubble with Micro-Batching
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Ø GPipe reduces the bubble size by breaking the batch size 
into smaller pieces to reduce the idle time of the processes

Ø Pro: Reduces bubble size in an easy to implement manner

Ø Con: Significantly increases activation memory

Slide: Courtesy of Shigang Li



PipeDream[SOSP’19]:
Use Async Updates to remove Bubble

Ø Pipedream uses asynchronous training: Avoid any idling by 
always doing a forward/backward pass irrespective of 
stale gradients/weights

Ø Pro: No bubble

Ø Con: As with other async methods this does affect model 
accuracy and convergence, and as such has not been 
adopted in industry.

PipeDream 
(SOSP'19)

PipeDream-2BW
(ICML'21)
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Asynchronous Methods

Ø General advice: Training methods that adversely affect 
generalization are not adopted, unless there is a 10x 
speed improvement.

Ø Otherwise, there are so many moving parts that can go 
wrong in training NNs, that most often practitioners stay 
away from async methods unless absolutely necessary
Ø For example training very large rec systems.



Pipeline Parallelism Summary
Ø Slightly more involved algorithm than data parallel method but with 

the advantage of only requiring point to point communication

Ø Ideal for large scale training to thousands of processes where point-
to-point communication is much cheaper than collective operations 
such as allreduce or all-gather

Ø Requires special handling of bubble that results in idle processes



Model Parallelism
AKA Operator Parallelism



Parallel and distributed training

Pros:
a.  Easy to realize

Cons:
a.  Not work for large models
b.  High allreduce overhead

Pros:
a.  Make large model training feasible
b.  No collective, only P2P

Cons:
a.  Bubbles in pipeline
b.  Removing bubbles leads to stale 

weights

P0

P1

P2

input

input

input

input

P0 P1 P2

Slide: Courtesy of Shigang Li

Pros:
a.  Make large model training 

feasible

Cons:
b.  Communication for each 

operator (or each layer)

input

P0
P1
P2

P0
P1
P2

P0
P1

P2

Data parallelism Pipeline parallelism Model parallelism



Divide the model across machines and replicate the data.

Ø Supports large models and activations

Ø Requires communication within single evaluation

Ø How to best divide a model?
Ø Split across layers 

Ø Only one set of layers active a time à
poor work balance

Ø This is basically pipeline parallelism
Ø Split individual layers 

Ø which dimension? 
Ø Weights or spatial à depends on operation

Model Parallelism
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Figure 1: An example of model parallelism in DistBelief. A five layer deep neural network with
local connectivity is shown here, partitioned across four machines (blue rectangles). Only those
nodes with edges that cross partition boundaries (thick lines) will need to have their state transmitted
between machines. Even in cases where a node has multiple edges crossing a partition boundary,
its state is only sent to the machine on the other side of that boundary once. Within each partition,
computation for individual nodes will the parallelized across all available CPU cores.

3 Model parallelism

To facilitate the training of very large deep networks, we have developed a software framework,
DistBelief, that supports distributed computation in neural networks and layered graphical models.
The user defines the computation that takes place at each node in each layer of the model, and the
messages that should be passed during the upward and downward phases of computation.2 For
large models, the user may partition the model across several machines (Figure 1), so that respon-
sibility for the computation for different nodes is assigned to different machines. The framework
automatically parallelizes computation in each machine using all available cores, and manages com-
munication, synchronization and data transfer between machines during both training and inference.

The performance benefits of distributing a deep network across multiple machines depends on the
connectivity structure and computational needs of the model. Models with a large number of param-
eters or high computational demands typically benefit from access to more CPUs and memory, up
to the point where communication costs dominate. We have successfully run large models with up
to 144 partitions in the DistBelief framework with significant speedups, while more modestly sized
models show decent speedups for up to 8 or 16 partitions. (See Section 5, under the heading Model
Parallelism Benchmarks, for experimental results.) Obviously, models with local connectivity struc-
tures tend to be more amenable to extensive distribution than fully-connected structures, given their
lower communication requirements. The typical cause of less-than-ideal speedups is variance in
processing times across the different machines, leading to many machines waiting for the single
slowest machine to finish a given phase of computation. Nonetheless, for our largest models, we can
efficiently use 32 machines where each machine achieves an average CPU utilization of 16 cores, for
a total of 512 CPU cores training a single large neural network. When combined with the distributed
optimization algorithms described in the next section, which utilize multiple replicas of the entire
neural network, it is possible to use tens of thousands of CPU cores for training a single model,
leading to significant reductions in overall training times.

4 Distributed optimization algorithms

Parallelizing computation within the DistBelief framework allows us to instantiate and run neural
networks considerably larger than have been previously reported. But in order to train such large
models in a reasonable amount of time, we need to parallelize computation not only within a single

2In the case of a neural network ‘upward’ and ‘downward’ might equally well be called ‘feedforward’ and
‘backprop’, while for a Hidden Markov Model, they might be more familiar as ‘forward’ and ‘backward’.
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The AlexNet Architecture

Without GPU Partitioning



The Actual AlexNet Architecture

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.
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From the paper “ImageNet Classification with Deep Convolutional Neural Networks”



Training on Multiple GPUs
Ø Limited by GPU memory using Nvidia GTX 580 (3GB RAM)

Ø 60M Parameters ~ 240 MB
Ø Need to cache activation maps for backpropagation

Ø Batch size = 128
Ø 128 * (227*227*3 + 55*55*96*2 + 96*27*27*2 + 256*27*27*2 + 256*13*13*2 + 

13*13*384*2  + 256*13*13 + 6*6*256 + 4096 + 4096 + 1000) *4 Bytes ~ 
782MB Activations

Ø That is assuming no 
overhead and single
precision values 

Ø Tuned splitting across GPUS
to balance communication 
and computation

Image from https://neurohive.io/en/popular-networks/alexnet-imagenet-classification-with-deep-convolutional-neural-networks/



Model Parallelism: Comm Analysis
It helps to think of the operations in matrix form. Consider an FC layer

Data Parallelism: Partition input across 
different Processors (batch dimension)

Model Parallelism: Partition weights 
across different Processes (W dimension) 

Let’s discuss the communication details, step by step
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Comm Analysis: Forward Pass
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Ylocal

P0
P1
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• Requires an all gather communication so that 
all processes get each others activation data

• Same cost as all reduce without the 2x factor

* Ignoring latency term for notational simplicity

<latexit sha1_base64="/3Otbc1YMlp/cdD1ZCKgOHO0Dfo="></latexit>

LX

i=1

✓
�(P � 1)

Bdi
P

◆
Requires All Gather 

communication



Backward Pass: Weights

P0, P1
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P1

*

XT

∇Y
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P1

di/P

∇W

Ø No communication needed as every processor only needs 
the gradient of its own parameters
Ø This makes model parallelism very effective for cases where the 

model size is large
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Backward Pass: Inputs
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• Aggregating activation delta requires an 
allreduce operation
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Comm Complexity Analysis
In Model Parallelism we need two forms of communication:

1. All Gather operation so that all processors get all the 
activations

2. All reduce operation for backpropagating activation 
gradients

All Gather All Reduce
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Model vs Data Parallelism?
Ø When does it make sense to use Model vs Data 

Parallelism?
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Ø Model parallelism reduces the quadratic complexity of di

Ø It is useful for layers with very large weights di >> 1

Ø It makes sense to use an integrated/hybrid data and model parallelism

Gholami, Amir, Ariful Azad, Peter Jin, Kurt Keutzer, and Aydin Buluc. "Integrated model, batch, and domain parallelism in training neural networks."  SPAA, 2018.



Model Parallelism Summary

Ø Has better comm complexity for large FC layers than Data 
parallel approach

Ø Makes training large models feasible by breaking it into 
smaller parts

Ø However, requires blocking collective communication 
during both forward pass (all gather), as well as backwards 
pass (all reduce)

Ø Slightly harder to implement than data/pipeline parallel



Integrated Model and Data Parallelism
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[1] Gholami, Amir, Ariful Azad, Peter Jin, Kurt Keutzer, and Aydin Buluc. "Integrated model, batch, and domain parallelism in training neural networks."  SPAA, 2018.

For a linear graph we can 
find the optimal hybrid 
method for analyzing the 
communication 
complexity, coupled with 
hardware utilization [1]



General Hybrid Methods

For a general computational graph we need to decide on:

Ø How many processes to assign for DP

Ø Which axes to break the model: operator vs pipeline

Ø How to efficiently map the GPUs to the resulting execution 
graph

Ø …

For a general non-linear graph this leads to a combinatorically 
large search space



Spatial Parallelism



Spatial Parallel Training

Ø The general idea is to break the input into smaller pieces 
and distribute the work among different processors
Ø Need to exchange boundary points for spatial convolutions

GPU1 GPU2

GPU3 GPU4

64 px 64 + 1 + 1 px

GPU1 GPU2

GPU3 GPU4

Peter Jin, Boris Ginsburg, and Kurt Keutzer. "Spatially Parallel Convolutions" ICLR Workshop Track, 2018
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Communication Complexity

64 + 1 + 1 px

GPU1 GPU2

GPU3 GPU4

Peter Jin, Boris Ginsburg, and Kurt Keutzer. "Spatially Parallel Convolutions" ICLR Workshop Track, 2018.
Gholami, Amir, Ariful Azad, Peter Jin, Kurt Keutzer, and Aydin Buluc. "Integrated model, batch, and domain parallelism in training neural networks."  SPAA, 2018.
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Exchanging horizontal 
pixels

Exchanging vertical pixels

All reduce Cost
(same as before)



Useful for High Resolution Training

Ø Domain parallel scaling on V100 GPUs
Ø 3x3 Conv, Batch=32, Channel=64

Peter Jin, Boris Ginsburg, and Kurt Keutzer. "Spatially Parallel Convolutions" ICLR Workshop Track, 2018
Figure from: Dumoulin, V., Visin, F.. A guide to convolution arithmetic for deep learning. arXiv:1603.07285, 2016.



Spatial Parallelism Summary

Ø A little harder to implement since you need to exchange 
the boundary points

Ø Only effective for high resolution input data
Ø Limits the number of processors that can be effectively utilized

GPU1 GPU2

GPU3 GPU4
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