
CS 598CM: ML for Compilers 
and Architecture

Instructor: Charith Mendis
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Paper Reviews

• Submit a 250-750 word summary of the paper including

• Problem definition 

• Key contributions and solution overview

• Evaluation summary

• Strengths and weaknesses (limitations) of the technique(s)


• Let me know how you would extend the paper in 1-2 sentences (Can be 
vague and creative) => May be project ideas :)
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Paper Presentation
• Presentations start on September 12th; assignments would be available today.


• Week before: Meet instructor in person or virtually to discuss the presentation 
plan (compulsory!)

• Use this time to ask questions and discuss the outline

• Presentation slides are due when reviews are due for that class

• Submit the final slides using the form on website

• You can use office hours for this or schedule a meeting with me


• During the class: Be present in class either in person or virtually (compulsory!)

• Deliver a 20-30 min presentation on the paper

• Answer questions for the following 15 min

• Final 30 min for open discussion on the paper (lead by the instructor)
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Paper Presentation
• After class: Summarize the discussion of the paper within 250 - 750 words

• Submit the summary within 2 days at the end of the class

• Update the same form to submit the summary (edit the same entry)


• The presentation should include

• Problem definition

• Motivation: Why is this an important problem?

• Outline the high-level solution

• Illustrate the solution

• Evaluation: What worked and what didn’t

• Related Work: Put the solution in context of other research

• Strengths and weaknesses

• How would you extend this work?
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Introductions!
• Let’s get to know each other a second time!


• No specific format

• Name

• Department

• Advisor

• Research Project (if any)


• Please drop by if you want to discuss exciting class projects (Email me 
before to check for availability)! Potentially leading to publication!
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Recap

• Domain Specific Languages and Optimizations

• XLA - Operator Fusion, Graph Rewrites

• Graph Processing


• ML in Architecture

• Branch Prediction
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Lecture 5: 
Machine Learning Techniques
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Types of Learning

• Supervised Learning (labelled data)


• Unsupervised Learning


• Semi-supervised Learning


• Reinforcement Learning

Image Classification

Object Detection

Machine Translation
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Types of Learning

• Supervised Learning


• Unsupervised Learning (unlabelled data)


• Semi-supervised Learning


• Reinforcement Learning

K-means clustering

Topic Modeling
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Types of Learning

• Supervised Learning


• Unsupervised Learning


• Semi-supervised Learning


• Reinforcement Learning

Learning using a small number of labelled data 
and a large number of unlabelled data

Community Detection Node classification 
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Types of Learning

• Supervised Learning


• Unsupervised Learning


• Semi-supervised Learning


• Reinforcement Learning

No labelled data; learn from experience

State New State

Choose a “valid” action

Reward (Win / Loss)

Iterate
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Examples from Systems

• Supervised Learning - Performance models, Code completion tasks, etc.


• Unsupervised Learning - Large code models (Github Co-pilot)


• Semi-supervised Learning


• Reinforcement Learning - Code Optimization, Design Space Exploration
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Machine Learning Simplified!

ModelData Prediction 

• Images

•Program Code

•Sentences

•Robot State

• Label

•Performance

• Translation

•Action

Possibly a Neural Network 
(A non-linear function with tunable parameters)
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Perceptrons

xi          - binary input / real input

wi         - real weights

Output - binary output Can only separate linearly separable regions

Where’s the non-linearity?

14
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Add more layers and perceptrons?

Michael Nielsen, “Neural Networks and Deep Learning”, Determination Press 2015

Layer 1 Layer 2 Layer 3

Is it more powerful than a single perceptron?
Now it is non-linear; yes

How do we set the weights?

Each layer makes decisions about high-level 

concepts

Let’s devise an algorithm to learn them
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Smooth Neurons
Instead of step function

Sigmoid Activations Rectified Linear Unit Activations
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Learning
• The process of learning weights of each neuron connection


• Use gradient descent since NNs are differentiable


• Use better variants with better convergence properties                            
(e.g. Stochastic Gradient Descent, ADAM)

<latexit sha1_base64="g1bMm0AxMC+sdeAJk6crsRURIE4=">AAACFnicbVBNS8NAEN3Ur1q/qh69LBahopZEBL0IoiAeK1hTaEvYbKd16WYTdidKCf0TXvwrXjwoiFfx5r9xW3vQ6oOBx3szzMwLEykMuu6nk5uanpmdy88XFhaXlleKq2vXJk41hxqPZazrITMghYIaCpRQTzSwKJTgh72zoe/fgjYiVlfYT6AVsa4SHcEZWiko7vpBJna8AT2mfiDoHm0CMtoMRRe1YKoroR3fKXpetu52UCy5FXcE+pd4Y1IiY1SD4kezHfM0AoVcMmManptgK2MaBZcwKDRTAwnjPdaFhqWKRWBa2eirAd2ySpt2Ym1LIR2pPycyFhnTj0LbGTG8MZPeUPzPa6TYOWplQiUpguLfizqppBjTYUS0LTRwlH1LGNfC3kr5DdOMow2yYEPwJl/+S/z9indQ8bzLg9LJ6TiPPNkgm6RMPHJITsgFqZIa4eSePJJn8uI8OE/Oq/P23ZpzxjPr5Bec9y/uU51A</latexit>

Wi+1 = Wi � ⌘ 5 F (Wi)
<latexit sha1_base64="/dFm3BN9XI29Pyw6i5wfTh61cCs="></latexit>

⌘ � Learning Rate

F (.)�Neural Network Function

https://lucidar.me/en/neural-networks/single-layer-gradient-descent/17



Multilayer perceptrons
• Same as Feedforward fully connected neural networks


• Uses smooth activations to build a multilayer connection of neurons

18



How powerful are NNs?
• Neural Networks are function approximations (differentiable)


• Do you need plenty of hidden layers to achieve more capacity?


• Theoretically No: Universal Approximation Theorem


• Informally, it says one hidden layer is sufficient to approximate any 
continuous function


• It does not say about learnability (how to set the weights)


• In practice, different network topologies with deeper networks are needed to 
learn better approximations for problems at hand
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Quick Overview of Different 
NN topologies
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Convolutional Neural Networks
• Used in the image domain and mimics convolution filters on parts of the image


• Learnable parameters are weights of these convolution filters


• Usually have multiple convolutional layers and max pooling in between

Conv Activation 
(ReLU) PoolConv Activation 

(ReLU) FCInput Output
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Conv Activation 
(ReLU) PoolConv Activation 

(ReLU) FCInput Output

Convolutional Neural Networks
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Convolutional Neural Networks

Conv
Activati

on 
(ReLU)

PoolConv
Activati

on 
(ReLU)

FCInput OutputCon
v

Activati
on 

(ReLU)
PoolCon

v

Activati
on 

(ReLU)

Repeated
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AlexNet (2012)

Krizhevsky et. al “ImageNet Classification with Deep Convolutional Neural Networks”

5 convolutional layers 3 FC layers

Max pooling  
After each convolution
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What is a convolution?

W1 W2

W3 W4

Input

Kernel / Filter
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What is a convolution?

W1 W2

W3 W4

Input Output

Weighted sum of input values
<latexit sha1_base64="M3sC94PrRxmQAV+1EpnDJOq4MPA=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0mkoMeiF48VrCmkIWy2m3bpZjfsTsQS+jO8eFAQr/4Zb/4bt20O2vpg4PHeDDPz4kxwA6777VTW1jc2t6rbtZ3dvf2D+uHRg1G5pqxLlVC6FxPDBJesCxwE62WakTQWzI/HNzPff2TacCXvYZKxMCVDyRNOCVgp6Js8xX7EnyIe1Rtu050DrxKvJA1UohPVv/oDRfOUSaCCGBN4bgZhQTRwKti01s8NywgdkyELLJUkZSYs5idP8ZlVBjhR2pYEPFd/TxQkNWaSxrYzJTAyy95M/M8LckiuwoLLLAcm6WJRkgsMCs/+xwOuGQUxsYRQze2tmI6IJhRsSjUbgrf88irxL5peq+l5d61G+7rMo4pO0Ck6Rx66RG10izqoiyhS6Bm9ojcHnBfn3flYtFaccuYY/YHz+QOpZZFR</latexit>X

Wixi
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What is a convolution?

W1 W2

W3 W4

Input Output

Weighted sum of input values
<latexit sha1_base64="M3sC94PrRxmQAV+1EpnDJOq4MPA=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0mkoMeiF48VrCmkIWy2m3bpZjfsTsQS+jO8eFAQr/4Zb/4bt20O2vpg4PHeDDPz4kxwA6777VTW1jc2t6rbtZ3dvf2D+uHRg1G5pqxLlVC6FxPDBJesCxwE62WakTQWzI/HNzPff2TacCXvYZKxMCVDyRNOCVgp6Js8xX7EnyIe1Rtu050DrxKvJA1UohPVv/oDRfOUSaCCGBN4bgZhQTRwKti01s8NywgdkyELLJUkZSYs5idP8ZlVBjhR2pYEPFd/TxQkNWaSxrYzJTAyy95M/M8LckiuwoLLLAcm6WJRkgsMCs/+xwOuGQUxsYRQze2tmI6IJhRsSjUbgrf88irxL5peq+l5d61G+7rMo4pO0Ck6Rx66RG10izqoiyhS6Bm9ojcHnBfn3flYtFaccuYY/YHz+QOpZZFR</latexit>X

Wixi

•3D convolutions

•Depth-wise convolutions (grouped)

•Dilated Convolutions

•Padded Convolutions
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Recurrent Neural Networks
• Neural network topology with history

Embeddings 
Hidden State

Input embedding

Output

RNN cell
Repeated across all time steps

<latexit sha1_base64="BFvFzakcniveJRrnLHE9nc5jDyU=">AAACA3icbVDLSgNBEJyNrxhfq57Ey2AQImjYlYBehKAXTyGKmwSSsMxOJsmQ2QczvWJYghd/xYsHBfHqT3jzb5wke9DEgoaiqpvuLi8SXIFlfRuZhcWl5ZXsam5tfWNzy9zeqakwlpQ5NBShbHhEMcED5gAHwRqRZMT3BKt7g6uxX79nUvEwuINhxNo+6QW8yykBLbnmXt8FfIFvK5VCre8mcGKPjrHz4MKRa+atojUBnid2SvIoRdU1v1qdkMY+C4AKolTTtiJoJ0QCp4KNcq1YsYjQAemxpqYB8ZlqJ5MXRvhQKx3cDaWuAPBE/T2REF+poe/pTp9AX816Y/E/rxlD97yd8CCKgQV0uqgbCwwhHueBO1wyCmKoCaGS61sx7RNJKOjUcjoEe/bleVI/Ldqlom3flPLlyzSPLNpHB6iAbHSGyugaVZGDKHpEz+gVvRlPxovxbnxMWzNGOrOL/sD4/AHqDJWo</latexit>

ht = RNN(V ht�1, Uxt)
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Recurrent Neural Networks
• Main use case: when you need to remember across time steps 


• Two main problems with training vanilla RNNs

• Handling long term dependencies can be tricky

• Vanishing or exploding gradients during training


• Two types of popular RNN cells that alleviate these problems


• Long Short Term Memory cells and Gated Recurrent Units (https://
colah.github.io/posts/2015-08-Understanding-LSTMs/)
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Use case: Machine Translation

Sequence to Sequence Learning with Neural Networks
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Graph Neural Networks
• Works on graph structured data


• Main goal is to find representations for nodes or edges (node or edge 
embeddings) that can be used for many downstream tasks

Embeddings

‘cat’

a b

+
0.5 0.8 0.7 0.9 0.9

‘dog’ 0.3 0.4 0.7 0.5 0.9

Word Embeddings

0.3 0.4 0.7 0.5 0.9

0.3 0.4 0.7 0.5 0.9

0.3 0.4 0.7 0.5 0.9

Node Embeddings
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Graph Neural Networks

H H H

H

H
H

Find node embeddings for 
Protein folding 
Node clustering

Variable inference
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Computational Model
Bulk Synchronous Parallel Style

All nodes are updated at layer (L) from layer (L-1) values

in parallel

H H H

H

H
H

H H H

H

H
H

Layer (L-1) Layer (L)
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Computational Model
Bulk Synchronous Parallel Style

All nodes are updated at layer (L) from layer (L-1) values

in parallel

Updates from a neighborhood of nodes (message passing)

H H H

H

H
H
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Computational Model
Bulk Synchronous Parallel Style

All nodes are updated at layer (L) from layer (L-1) values

in parallel

Updates from a neighborhood of nodes (message passing)

Barrier until all nodes are updated

H H H

H

H
H

Message 

Aggregation  

Neighborhood

Update
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Graph Convolutional Network (GCN)

H H H

H

w w w

+

h(l+1)
v = �

0

@
X

u2ne(v)

1p
diidjj

h(l)
u .W (l)

1

A

<latexit sha1_base64="nX4Q9gsUgDpinticOIzdvFicXOY="></latexit>

Fixed importance

Aggregation

d d d

Suitable for Transductive Tasks

Learnable Weights

Message

Neighborhood = All single-hop
<latexit sha1_base64="MrdjjWvGorb/bussfeOfwnc4wd4=">AAACC3icbVDLSgMxFM3UV62vUZduokVwVSZS0I1QdOOygrWFdhgymUybNvMwyQglzNqNv+LGhYK49Qfc+Tem7Sy09cC9HM65l+QeP+VMKsf5tkpLyyura+X1ysbm1vaOvbt3J5NMENoiCU9Ex8eSchbTlmKK004qKI58Ttv+6Gritx+okCyJb9U4pW6E+zELGcHKSJ59GMAL2AsFJhrluifvhdKBpxnLTR8O8zz37KpTc6aAiwQVpAoKND37qxckJItorAjHUnaRkypXY6EY4TSv9DJJU0xGuE+7hsY4otLV01NyeGyUAIaJMBUrOFV/b2gcSTmOfDMZYTWQ895E/M/rZio8dzWL00zRmMweCjMOVQInucCACUoUHxuCiWDmr5AMsMlFmfQqJgQ0f/IiaZ/WUL2G0E292rgs8iiDA3AETgACZ6ABrkETtAABj+AZvII368l6sd6tj9loySp29sEfWJ8/tLqbYg==</latexit>

d =
1p
diidjj

<latexit sha1_base64="+qKTM8AzEEMYHgqLI/M+w+s8vuw=">AAACAHicbZDNSsNAFIVv/K31Lyq4cTNYhLopiRR0WXTjsoI1hTaGyWTaDp1MwsxEKLELX8WNCwVx62O4822ctllo64GBj3Pv5d45YcqZ0o7zbS0tr6yurZc2yptb2zu79t7+nUoySWiLJDyR7RArypmgLc00p+1UUhyHnHrh8GpS9x6oVCwRt3qUUj/GfcF6jGBtrMA+jNAgyO7zKj8doy6JEo08w4FdcWrOVGgR3AIqUKgZ2F/dKCFZTIUmHCvVcZ1U+zmWmhFOx+VupmiKyRD3acegwDFVfj69f4xOjBOhXiLNExpN3d8TOY6VGsWh6YyxHqj52sT8r9bJdO/Cz5lIM00FmS3qZRzpBE3CQBGTlGg+MoCJZOZWRAZYYqJNZGUTgjv/5UXwzmpuvea6N/VK47LIowRHcAxVcOEcGnANTWgBgUd4hld4s56sF+vd+pi1LlnFzAH8kfX5A32olO0=</latexit>

dh(l)
u ·W (l)

<latexit sha1_base64="UZW+IdhFkJ187xOIBXv+Yp0GQ5I=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBahXkoihXosevFYwZpCG8pmu2mX7m7C7kYooX/BiwcF8eoP8ua/cdPmoK0PBh7vzTAzL0w408Z1v53SxubW9k55t7K3f3B4VD0+edRxqgjtkpjHqhdiTTmTtGuY4bSXKIpFyKkfTm9z33+iSrNYPphZQgOBx5JFjGCTS36dXw6rNbfhLoDWiVeQGhToDKtfg1FMUkGlIRxr3ffcxAQZVoYRTueVQappgskUj2nfUokF1UG2uHWOLqwyQlGsbEmDFurviQwLrWcitJ0Cm4le9XLxP6+fmug6yJhMUkMlWS6KUo5MjPLH0YgpSgyfWYKJYvZWRCZYYWJsPBUbgrf68jrxrxpes+F5981a+6bIowxncA518KAFbbiDDnSBwASe4RXeHOG8OO/Ox7K15BQzp/AHzucP2eqN7w==</latexit>

W (l)

Sum (fixed)

Update

Semi-Supervised Classification with Graph Convolutional Networks (ICLR 2017) 
36



GraphSAGE

H H H

H

w w w

AGG

Generalization of GCN

d d d

h(l+1)
v = �

⇣⇣
h(l)
v ||AGG(h(l)

u |u 2 N(v))
⌘
.W (l)

⌘

<latexit sha1_base64="dF/7I0i1i/ldb+XYUKFeU2qkhtw="></latexit>

Fixed importance

Aggregation

Learnable Weights
Message

Neighborhood = All single-hop

<latexit sha1_base64="UZW+IdhFkJ187xOIBXv+Yp0GQ5I=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBahXkoihXosevFYwZpCG8pmu2mX7m7C7kYooX/BiwcF8eoP8ua/cdPmoK0PBh7vzTAzL0w408Z1v53SxubW9k55t7K3f3B4VD0+edRxqgjtkpjHqhdiTTmTtGuY4bSXKIpFyKkfTm9z33+iSrNYPphZQgOBx5JFjGCTS36dXw6rNbfhLoDWiVeQGhToDKtfg1FMUkGlIRxr3ffcxAQZVoYRTueVQappgskUj2nfUokF1UG2uHWOLqwyQlGsbEmDFurviQwLrWcitJ0Cm4le9XLxP6+fmug6yJhMUkMlWS6KUo5MjPLH0YgpSgyfWYKJYvZWRCZYYWJsPBUbgrf68jrxrxpes+F5981a+6bIowxncA518KAFbbiDDnSBwASe4RXeHOG8OO/Ox7K15BQzp/AHzucP2eqN7w==</latexit>

W (l)

+, pool, LSTM

Update (concatenate current node embedding)

<latexit sha1_base64="M7/Wa+ohtKztDdVjlZXpvbg2R8k=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU8lKQS9C0YvHCsYW2lA2m027dLMJuxuhhP4GLx4UxKv/x5v/xm2ag7Y+GHi8N8PMvCAVXBvX/XYqa+sbm1vV7drO7t7+Qf3w6FEnmaLMo4lIVC8gmgkumWe4EayXKkbiQLBuMLmd+90npjRP5IOZpsyPyUjyiFNirOSF6BrhYb3hNt0CaJXgkjSgRGdY/xqECc1iJg0VROs+dlPj50QZTgWb1QaZZimhEzJifUsliZn28+LYGTqzSoiiRNmSBhXq74mcxFpP48B2xsSM9bI3F//z+pmJrvycyzQzTNLFoigTyCRo/jkKuWLUiKklhCpub0V0TBShxuZTsyHg5ZdXSfeiiVtNjO9bjfZNmUcVTuAUzgHDJbThDjrgAQUOz/AKb450Xpx352PRWnHKmWP4A+fzB/yUjfc=</latexit>

d = 1

Subsample nodes

Suitable for Inductive Tasks

Inductive Representation Learning on Large Graphs (NeurIPS 2017)
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Transfomers Primer

+

+
Easily parallelizable and 


can distribute work

+

+

Attention Is All You Need (NeurIPS 2017)38



Function Approximators
• Neural networks are non-linear function approximators


• We usually use gradient based techniques to learn the parameters (weights) 
- Other techniques can be used as well


• Can be used to approximate many parts of a system

• Policy of a moving robot

• Image classification system

• Machine Translation


• Novelty comes from designing new topologies and adapting your system to 
use NNs.
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Next Lecture

• Genetic Algorithms


• Reinforcement Learning basics


• Auto-tuning and Design Space Exploration
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Any Questions?
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