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Final logistics

• Quiz tomorrow, homework due tonight
• Final grades should be done by next Wednesday
• Please complete trace evaluation
• Thanks for being the first class J



Questions

Why are there so many programming 
languages?

Which language should I learn? Should I use?

Are some languages worse than others? 
Better? How can I compare them?

What distinguishes one language from 
another?

Why are new languages being made today?

How are new languages made?



Why study programming languages?

• Be a more effective programmer
• How to choose languages for your problems
• How to design and implement languages when needed

• Become equipped to learn new languages quickly

• Be prepared for an evolving world
• New languages are showing up all the time

• • Enjoy an aesthetic journey through this elegant field 



Big course themes and topics

Language implementation

Compilers

Type systems and type safety

Growing languages

Control flow

Memory safety
The lambda calculus

Runtime/dynamic safety



What is a “programming language”?

“A programming language is a 
system of notation for writing 
computer programs.”

https://en.wikipedia.org/wiki/Programming_language
Accessed Friday, January 5

https://en.wikipedia.org/wiki/Programming_language


This course evolved as it went
Our original schedule



This course evolved as it went
Our original schedule



Why the changes?

• Some minor changes in pacing based on how fast 
things were going

• Big topic shifts:

• Memory safety

• Continuations

In response to:
• Expressed interest from students in learning Rust
• Government announcements on memory safety
• Ongoing research projects involving Rust becoming 

more interesting to me
• My own enjoyment of Rust

In response to:
• Research directions involving continuations
• Emerging programming language patterns (effect 

handlers, co-routines, etc.) involving continuations



Module 1: Growing a language

• Tiny language: calculator
• Studied scope, syntax, semantics

• Somehow even tinier language: 𝜆-calculus

• Implementation with substitution and with 
environments

<latexit sha1_base64="+CTnxIK8QedE+CJl9FoIbacpIsQ=">AAACEHicbVDJSgNBFOxxjXGLevTSGMR4GWbEjYAQ9OIxglkgM4SenpekSc9Cd48kDPEPvPgrXjwo4tWjN//GziJoYkFDUfWK16+8mDOpLOvLmJtfWFxazqxkV9fWNzZzW9tVGSWCQoVGPBJ1j0jgLISKYopDPRZAAo9DzeteDf3aHQjJovBW9WNwA9IOWYtRorTUzB0ALhYvcMHhOuMT3MMmhkPsBMzHBbj/ob1mLm+Z1gh4ltgTkkcTlJu5T8ePaBJAqCgnUjZsK1ZuSoRilMMg6yQSYkK7pA0NTUMSgHTT0UEDvK8VH7cioV+o8Ej9nUhJIGU/8PRkQFRHTntD8T+vkajWuZuyME4UhHS8qJVwrCI8bAf7TABVvK8JoYLpv2LaIYJQpTvM6hLs6ZNnSfXItE/Nk5vjfOlyUkcG7aI9VEA2OkMldI3KqIIoekBP6AW9Go/Gs/FmvI9H54xJZgf9gfHxDYFEmcc=</latexit>

e ::= (�x.e) | (e e) | x



Module 1: Growing a language

• How big can we make the lambda calculus?

Boolean language

If, true, false

<latexit sha1_base64="zuN8wo2BhzfXLFEEMaQ8kmnWLoQ=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gVX8egF48RzAOSJcxOJpshszPrzGwkLPkTLx4U8eqfePNvnCR70MSChqKqm+6uMOFMG8/7dgorq2vrG8XN0tb2zu6eu3/Q0DJVhNaJ5FK1QqwpZ4LWDTOcthJFcRxy2gyHt1O/OaJKMykezDihQYwjwfqMYGOlrut2FIsGRj+mLMJKyaeuW/Yq3gxomfg5KUOOWtf96vQkSWMqDOFY67bvJSbIsDKMcDopdVJNE0yGOKJtSwWOqQ6y2eUTdGKVHupLZUsYNFN/T2Q41noch7YzxmagF72p+J/XTk3/OsiYSFJDBZkv6qccGYmmMaAeU5QYPrYEE8XsrYgMsMLE2LBKNgR/8eVl0jir+JeVi/vzcvUmj6MIR3AMp+DDFVThDmpQBwIjeIZXeHMy58V5dz7mrQUnnzmEP3A+fwBYy5Qj</latexit> Lambda calculus

Church
Encoding



Module 1: Growing a language

• How big can we make the lambda calculus?

Any Turing machine

<latexit sha1_base64="zuN8wo2BhzfXLFEEMaQ8kmnWLoQ=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gVX8egF48RzAOSJcxOJpshszPrzGwkLPkTLx4U8eqfePNvnCR70MSChqKqm+6uMOFMG8/7dgorq2vrG8XN0tb2zu6eu3/Q0DJVhNaJ5FK1QqwpZ4LWDTOcthJFcRxy2gyHt1O/OaJKMykezDihQYwjwfqMYGOlrut2FIsGRj+mLMJKyaeuW/Yq3gxomfg5KUOOWtf96vQkSWMqDOFY67bvJSbIsDKMcDopdVJNE0yGOKJtSwWOqQ6y2eUTdGKVHupLZUsYNFN/T2Q41noch7YzxmagF72p+J/XTk3/OsiYSFJDBZkv6qccGYmmMaAeU5QYPrYEE8XsrYgMsMLE2LBKNgR/8eVl0jir+JeVi/vzcvUmj6MIR3AMp+DDFVThDmpQBwIjeIZXeHMy58V5dz7mrQUnnzmEP3A+fwBYy5Qj</latexit> 
Church
Encoding

Lambda calculus



Module 1: Growing a language

• How do we make loopy programs?

• Want more? Check out the Y-combinator
• A great blog post: 

https://matt.might.net/articles/python-church-y-
combinator/

<latexit sha1_base64="uugKgfZimVakleSzN8utadQl4cA=">AAACHXicbZDLSsNAFIYnXmu9RV26GSxCuwmJ1MtGKLpxZwV7gSaUyXTSDp1JwsxEWkL7IG58FTcuFHHhRnwbp20W2vrDwM93zuHM+f2YUals+9tYWl5ZXVvPbeQ3t7Z3ds29/bqMEoFJDUcsEk0fScJoSGqKKkaasSCI+4w0/P71pN54IELSKLxXw5h4HHVDGlCMlEZts+zectJF8BIWXabHOggOoAWLg/GgVILjeaqJ5m2zYFv2VHDROJkpgEzVtvnpdiKccBIqzJCULceOlZcioShmZJR3E0lihPuoS1rahogT6aXT60bwWJMODCKhX6jglP6eSBGXcsh93cmR6sn52gT+V2slKrjwUhrGiSIhni0KEgZVBCdRwQ4VBCs21AZhQfVfIe4hgbDSgeZ1CM78yYumfmI5Z9bpXblQucriyIFDcASKwAHnoAJuQBXUAAaP4Bm8gjfjyXgx3o2PWeuSkc0cgD8yvn4AA3qeIw==</latexit>

⌦ = (�x.(x x)) (�x.(x x))

https://matt.might.net/articles/python-church-y-combinator/
https://matt.might.net/articles/python-church-y-combinator/


Bonus content: big-step semantics

• Remember type judgments? We can use those to 
describe how to run programs too

<latexit sha1_base64="Oe8YTVvFmBomLNsyVEJohhIpG4o="></latexit>

e ::= (e+ e) | num | let x = e1 in e2 | x

<latexit sha1_base64="r8y/1Iij+ipMyXzKa1xtmiHx0j4="></latexit>

e1 + v1 e2 + v2
(e1 + e2) + v1 + v2

<latexit sha1_base64="qTev6t9Dwzt+VHM9Nde8Uo7QInI=">AAACF3icbZC7TsMwFIYd7pRbgJHFokJiqhLEbUTAwFgkWpCaqHJcp1g4dmSfUKoob8HCq7AwgBArbLwNbsgAhV+y9Os75+j4/FEquAHP+3QmJqemZ2bn5msLi0vLK+7qWtuoTFPWokoofRURwwSXrAUcBLtKNSNJJNhldHMyql/eMm24khcwTFmYkL7kMacELOq6jaAXa0LzIg+A3QFALrOkwMGpGkiitRrgkpu45EXXrXsNrxT+a/zK1FGlZtf9CHqKZgmTQAUxpuN7KYQ50cCpYEUtyAxLCb0hfdaxVpKEmTAv7yrwliU9HCttnwRc0p8TOUmMGSaR7UwIXJvx2gj+V+tkEB+GOZdpBkzS70VxJjAoPAoJ97hmFMTQGkI1t3/F9JrYnMBGWbMh+OMn/zXtnYa/39g7360fHVdxzKENtIm2kY8O0BE6Q03UQhTdo0f0jF6cB+fJeXXevlsnnGpmHf2S8/4FDQWhvw==</latexit>

num + num

<latexit sha1_base64="JLQQGpOplwDJZI0PjgcgtalNY44="></latexit>

e1 + v1 e2[x 7! v] + v2
let x = e1 in e2 + v2



Other aspects of semantics

• Small-step semantics: describe a program’s 
behavior by the sequence of steps it takes to 
evaluate
• Denotational semantics: describe a program’s 

behavior by associating it with a mathematical 
object (like a set)



Module 2: Types

• We studied how to design systems to prevent 
runtime errors

Given an interpreter…
…design a type system that 

prevents runtime errors in that 
interpreter

<latexit sha1_base64="+CTnxIK8QedE+CJl9FoIbacpIsQ=">AAACEHicbVDJSgNBFOxxjXGLevTSGMR4GWbEjYAQ9OIxglkgM4SenpekSc9Cd48kDPEPvPgrXjwo4tWjN//GziJoYkFDUfWK16+8mDOpLOvLmJtfWFxazqxkV9fWNzZzW9tVGSWCQoVGPBJ1j0jgLISKYopDPRZAAo9DzeteDf3aHQjJovBW9WNwA9IOWYtRorTUzB0ALhYvcMHhOuMT3MMmhkPsBMzHBbj/ob1mLm+Z1gh4ltgTkkcTlJu5T8ePaBJAqCgnUjZsK1ZuSoRilMMg6yQSYkK7pA0NTUMSgHTT0UEDvK8VH7cioV+o8Ej9nUhJIGU/8PRkQFRHTntD8T+vkajWuZuyME4UhHS8qJVwrCI8bAf7TABVvK8JoYLpv2LaIYJQpTvM6hLs6ZNnSfXItE/Nk5vjfOlyUkcG7aI9VEA2OkMldI3KqIIoekBP6AW9Go/Gs/FmvI9H54xJZgf9gfHxDYFEmcc=</latexit>

e ::= (�x.e) | (e e) | x



Other aspects of types we didn’t cover

• Existential and universal types
• Recursive types
• Dependent types
• Connection between types and logic
• Modules
• Calculus of constructions and formal verification



Propositions as types teaser
https://cacm.acm.org/research/propositions-as-types/

Phil Wadler

https://cacm.acm.org/research/propositions-as-types/


Formal verification
https://softwarefoundations.cis.upenn.edu/

• There is a whole 
industry of proving 
software correct using 
programming 
language tools

• After this class, you 
are ready to explore 
this topic

Coq proof assistant



Module 3: Memory safety

• Memory safety errors are pervasive and terrible



Module 3: Memory safety

• A language-design approach: we can make 
memory-safety errors impossible by preventing 
low-level memory manipulation

• Problem: performance!

Studied how to 
compile these 
languages into 

memory-unsafe 
languages



Module 3: Memory safety

• A trend in modern language design: memory safety 
+ performance

https://blog.janestreet.com/oxidizing-ocaml-locality/

https://blog.janestreet.com/oxidizing-ocaml-locality/


Module 4: Control & continuations

• Theme: how do we implement interpreters for 
languages with interesting control-flow?
• Saw how continuations give us a way to implement 

control-flow constructs like exception handling
• See how continuation-passing style lets us compile 

languages with interesting control-flow into simpler 
languages

• Forms the foundations for compiling functional 
programs
• The ideas come up in interesting places: call-backs 

in JavaScript, co-routines and concurrent 
programming, optimizing recursive programs



Resources

• Software foundations: 
https://softwarefoundatio
ns.cis.upenn.edu/
• Programming language 

foundations in Agda 
https://plfa.github.io/
• Types and Programming 

Languages by Ben Pierce
• Practical Foundations for 

Programming Languages 
by Bob Harper

https://softwarefoundations.cis.upenn.edu/
https://softwarefoundations.cis.upenn.edu/
https://plfa.github.io/


Other courses at Northeastern

• Compilers (CS4410)
• https://course.ccs.neu.edu/cs4410sp24

• Intensive programming languages (IPPL), 
CS7400
• https://www.khoury.northeastern.edu/home/amal/

course/7400-s15/

• Graduate seminars
• CS7470/CS7480 (here’s mine: 

https://neuppl.github.io/CS7470-Fall23/) 

https://course.ccs.neu.edu/cs4410sp24
https://www.khoury.northeastern.edu/home/amal/course/7400-s15/
https://www.khoury.northeastern.edu/home/amal/course/7400-s15/
https://neuppl.github.io/CS7470-Fall23/


Research in PL at 
Northeastern
And beyond



Research overview at Northeastern
Amal Ahmed

• Research themes: broadly in programming 
language theory
• Language interoperability
• Type systems
• Safe compilation
• Rust, WASM

• Looking to recruit students
working on web-assembly:
theoretical and practical 
projects are available



Research overview at 
Northeastern
Arjun Guha

• Research themes: currently, language models 
for code



What is research?

• There are many goals, but at a high level, the goal is:
• Deeply explore an area to understand its problems
• Make progress towards solutions

• Main product of research is an academic paper. In 
general, it consists of:

1. Problem statement and motivation
2. Proposed problem solution
3. Evidence for the quality and impact of the solution
4. Related work

• Wonderful essay: “You and your research”
https://www.cs.virginia.edu/~robins/YouAndYourResea
rch.html

https://www.cs.virginia.edu/~robins/YouAndYourResearch.html
https://www.cs.virginia.edu/~robins/YouAndYourResearch.html


What is research?
The structure of research at a university: the PhD. student

• PhD. students are fully-funded 
(meaning, they get a stipend) to do 
research

• Graduate in 5-6 years
• Highly competitive: hundreds of 

applicants for very small number of 
slots

• A prerequisite to becoming a 
professor at a university or pursuing 
other research-oriented jobs

• Main responsibilities:
• Write papers
• Help teach courses
• Present work at conferences



What is research?
The structure of research at a university: the research group

• Led by a tenure-track faculty-
member called an advisor
• Majority of the group are PhD. 

students who are actively 
working on papers
• Sometimes there are also post-

docs: staff who have finished a 
PhD. but are not professors

• Advisor’s job is helping select 
and guide research projects, 
raise funding
• In addition to other 

responsibilities like teaching and 
service



What is research?
The structure of research at a university: the research area

• Above the research group 
is often a research area 
that organizes several 
groups together
• Consists of many faculty 

and PhD. students 

https://prl.khoury.northeastern.edu/

https://prl.khoury.northeastern.edu/


What is research?
The structure of research at a university: the college

• Northeastern is a high-research-
output (R1) university
• 15,000 graduate students, 3000 faculty

• A large amount of university 
resources go into cultivating a 
research environment (in addition to 
a teaching environment)



PL Meets ML
A talk given at the “Programming Languages Mentorship 
Workshop” an PLDI 2024



A programming language is a 
language for unambiguously 
describing intent to the computer

PLMW@PLDI 2023 35

I want to find 
the maximum of 

two numbers def max(a, b):
   if a < b:
       return b
   else:
       return a



Programs can have bugs: when its 
input/output pair is not what the 
programmer intended

PLMW@PLDI 2023 36

!!!!
def max(a, b):

   if a > b:
       return b
   else:
       return a

max(0, 10)

0



We can (sometimes) even prove a 
program does the right thing!

PLMW@PLDI 2023 37

Forall a, b.
max(a,b) >= a 

&&
max(a,b) >= b

def max(a, b):

   if a > b:
       return b
   else:
       return a



PLMW@PLDI 2023 38

Machine 
learning



Machine learning is a means for using  
data to describe intent to the computer
  Two parts: Data + Model

PLMW@PLDI 2023 39

Model
(classification)

Input

“It’s a cat”

Learning

Good luck writing a program that can do this!



True goal of ML: Generalization 

• Given some finite dataset describing the world…

• … generalize to instances beyond that dataset and 
correctly predict things

PLMW@PLDI 2023 40



Machine learning must be wrong 
sometimes!

PLMW@PLDI 2023 41

Learning Classifier 

“It’s a dog!”

Input



PLMW@PLDI 2023 42

Measuring generalization: Accuracy

Classifier

“It’s a cat”

Classifier

“It’s a dog”

Classifier

“It’s a cat”

Classifier

“It’s a dog”

Classifier

“It’s a cat”

Test set
(Not used
for training)

Proportion of correctly predicted images on the test set is called accuracy



The perils of accuracy

43

3 major computer-vision-based gender 
recognition tools had a bug!

Light-skinned female error rate: 0%
Dark-skinned female (DF) error rate: 

23.8%!

Buolamwini, Joy, and Timnit Gebru. "Gender shades: Intersectional accuracy disparities in commercial 
gender classification." Conference on fairness, accountability and transparency. PMLR, 2018.



44

Programming
Languages

Machine
Learning

Behavior determined by program Behavior determined by
model + data

Logical specification in terms of 
inputs and outputs

Correctness is a property of the 
world and the program

Does exactly what the
programmer says

Generalizes beyond what
programmer says

Complementary strengths 
and weaknesses



Big Challenges for ML Meets PL
 Combining strengths and weaknesses of each

1. Synthesizing learning and programming

2. Verifying systems with learned components

3. Harnessing generative models

4. …?

PLMW@PLDI 2023 45



Grand challenge #1:
Synthesizing learning and 
programming

PLMW@PLDI 2023 46



Structured models

PLMW@PLDI 2023 47

What does 
this look like 

inside?

How do we 
describe it?

With a 
program!

Learning Classifier 

Input

“It’s a cat!”



Model structure is critical
 Accuracy & generalizability

48

Fig 28.8: Convolutional Neural Network
Machine Learning: A Probabilistic Perspective 

Krizhevsky, A., Sutskever, I., & Hinton, G. E. (2017). 
Imagenet classification with deep convolutional neural 
networks. Communications of the ACM, 60(6), 84-90.

More reasons…
• Data efficiency
• Control
• Reliability



PL for Model Description

•Big idea: use a program to describe the 
model!

•Why use a PL to describe a model?

• Accessible: any programmer can make a model

• Expressive: full descriptive power of a PL

PLMW@PLDI 2023 49



Why accessibility matters for 
making ML systems

Kate Crawford
Sr. Principal Researcher
Microsoft Research

2016!!!



Languages for building ML models

Differentiable Programming Probabilistic Programming

Stan
Pyro

Gen

ProbLog

Dice

PsiFairSquare

…

JuliaDiff



Approach #1: Differentiable Programming
 Example system: Jax

52Great blog post: https://thenumb.at/Autodiff/



Approach #2: Probabilistic Programming
 Program defines a probabilistic model

PLMW@PLDI 2023 53

x ∼ flip(0.5);
y ~ flip(0.7);

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

x=T,y=T x=T,y=F x=F,y=T x=F,y=F

Joint Probability Distribution Over All States

Joint Probability

Generating this probability 
distribution is called inference

<latexit sha1_base64="Vnb81RscXFHhIhE7f8HEPKF4l0U=">AAACB3icbVDLSgMxFM3UV62vqks3wSK4KjNS1GXRjcsK9oHtUDKZTBuaZIbkjjCUfoB7t/oL7sStn+Ef+Bmm7Sxs64HA4Zz7ygkSwQ247rdTWFvf2Nwqbpd2dvf2D8qHRy0Tp5qyJo1FrDsBMUxwxZrAQbBOohmRgWDtYHQ79dtPTBseqwfIEuZLMlA84pSAlR57QgSa0BGDfrniVt0Z8CrxclJBORr98k8vjGkqmQIqiDFdz03AHxMNnAo2KfVSwxI7mgxY11JFJDP+eHbxBJ9ZJcRRrO1TgGfq344xkcZkMrCVksDQLHtT8T+vm0J07Y+5SlJgis4XRanAEOPp93HINaMgMksI1dzeiumQ2AjAhrSwxYAkOtPhpGSj8ZaDWCWti6p3Wa3d1yr1mzykIjpBp+gceegK1dEdaqAmokihF/SK3pxn5935cD7npQUn7zlGC3C+fgGsrppo</latexit>
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Bayesian reasoning
 Learning with programs

x ~ flip(0.4);
y ~ flip(0.7);
observe x or y;
return (x,y)

0

0.1

0.2

0.3

0.4

0.5

0.6

x=T,y=T x=T,y=F x=F,y=T x=F,y=F

Pr(x,y) Pr(x,y | x or y)
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J<latexit sha1_base64="OIRrpHeczlux/e0UZWKhdGVKWjc=">AAAB/nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqBch6MVjAuYByRJmZ3uTITOzy8ysEJaAd6/6C97Eq7/iH/gZTpI9mMSChqKqm+6uIOFMG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUUWjSmMeqExANnEloGmY4dBIFRAQc2sHofuq3n0BpFstHM07AF2QgWcQoMVZq3PbLFbfqzoBXiZeTCspR75d/emFMUwHSUE607npuYvyMKMMoh0mpl2pICB2RAXQtlUSA9rPZoRN8ZpUQR7GyJQ2eqX8nMiK0HovAdgpihnrZm4r/ed3URDd+xmSSGpB0vihKOTYxnn6NQ6aAGj62hFDF7K2YDoki1NhsFrZoI4gaq3BSstF4y0GsktZF1buqXjYuK7W7PKQiOkGn6Bx56BrV0AOqoyaiCNALekVvzrPz7nw4n/PWgpPPHKMFOF+/LUeWOw==</latexit>=

0.28/0.82=0.34



Application: Plan Inference

• Goal: Given a partially-
observed trajectory of 
a human, infer the 
most likely underlying 
plan

• Represent the planning 
process as a program
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Synthesizing learning and 
programming at PLDI’23
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Monday @16:00

Monday @17:40

Tuesday @14:40



Synthesizing learning and 
programming at PLDI’23
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Wed @13:40



For more
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Grand challenge #2:
Verified systems with learned 
& uncertain components
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ML is being used to build important 
systems now
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Those systems are misbehaving
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The Intercept
2023

April 2021



We want to verify ML systems

• Safety property: System 
never does something 
bad

• Probabilistic safety: 
Program does 
something bad with low 
probability

• Systems with learned 
components need both 
kinds of safety
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Verification is hard because…
 …Notion of correctness is unclear
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May be high accuracy but
unsafe!



Verification is hard because…
  Scalability for analysis
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Verified systems with learned & 
uncertain components @ FCRC ‘23
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Mon @16:20

Mon @17:00

Mon @17:20



Verified systems with learned 
components @ FCRC ‘23
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Wed @14:00

Tues @10:00

Tues @13:40



Verified systems with learned 
components @ FCRC ‘23
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Tues @14:00

Tues @14:20



Grand challenge #3:
Harnessing generation
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Themes in code generation

1. Models for generating code are rapidly becoming 
widely-used in practice

2. Trust but verify

3. Rise of open-source models

4. Things are moving fast

PLMW@PLDI 2023 69

…



Harnessing generation 
@ FCRC ‘23
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Monday @17:40



Conclusions

• ML Meets PL is a thriving intersection today, dozens of 
papers at just this PLDI on this topic
• Many other intersections we did not have time to discuss

• Complementary strengths of ML and PL

• Some grand challenges:
1. Synthesizing learning and programming
2. Verified systems with learned and uncertain components
3. Harnessing generative models
4. Any more?
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This was a team effort



Conclusion: ask me anything!

• I hope you learned something:
• Useful
• Memorable
• Enriching


