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CS6120: Practical Natural Language Processing

Kenneth Church

Previous versions of this class

1. Spring 2023 in San Jose
2. Spring 2023 in Boston

Textbooks

1.JM3
2. E (optional; maybe)
3. Deep Learning with Python (optional; maybe)

Computers

1. Your laptop; will need to install python (and more)
2. Koury Cloud: this and this

3. Discovery _Cluster

4. GitHub (please request an account)

The syllabus below is modeled after the previous versions of this class, though I hope to prioritize the material based more on current priorities and less on how the field got to where it is.

Syllabus
Date ‘ Topic Teacher Slides Readings Assignments
1. JM3: Chapter 6
2. My opinion piece on Word2vec
9/11 Introduction, Tools, Machine Learning, Statistics Kenneth Slides 3. Church and Hanks (1990) Better Together
Church = P —— (Due 9/23)
4. Latent Semantic Indexing
Bag of Words, tf/idf, Naive Bayes, PMI, Word2vec, Man is Slides Lecture from 1. General Fine-Tuning
9/18 to Woman as..., Linear Algebra, Rotations, Bilingual Lexicon ||Jiaji Huang |~ . — - 2. HuggingFace tutorial on inference No Assignment
. Last Term
Induction (BLI), BERT
. Kenneth . . Assignment 2
9/25 Deep Nets: Inference Church Slides JM3: Chapter 14 (Due 10/14)
More Deep Nets: Question Answering, . .
1072 |Machine Translation, Part of Speech Kemneth —lg;. 4 No Readings No Assignment
. . Church (Study for Exam) (Study for Exam)
Tagging, Sequence Modeling
10/9  |Holiday |
9/11/2023 CS6120




Goals for this class

 Prioritize material based
* more on current priorities and
* less on how
* the field got to where it is
e Start with what’s hot now
* Deep nets and Bots

* End with

* Topics that may become great
(again)

e Success:

* Students have confidence that
* they can learn
* what you need to know
* just in time
* (when you need to know it)
* Learn to swim by
* jumping into deep end
* Won’t let you drown
* (but no spoon feeding)



Grading, Accessibility, Tardiness, Effort, etc.

* Final Project: * Flipped Classroom
* Encourage Team Efforts * Lectures > Recitations
* Proposal & Final Presentation  Homework = Readings/Lectures
* Coding e Assignments = Exercises

* Written Presentation
e QOral Presentation

e Mid-Term Exam

* First Assignment > Calibration
* Expect wide range of backgrounds
* Don’t be discouraged if others find it

* Open book, computer, network too easy (and you don’t)
 If you can find a way to use ChatGPT | want to see effort/progress
to do the exam for you * If they already know it
* Shame on me! * They can’t learn it
* Readings

* Intended to prepare for next class



Better Together Homework

Better Together

This assignment is based on this.

* Purpose(s)

Please try this and this. Many names such as David Madigan and Noah Smith are difficult for search engines such as

° M t i V a t e Semantic Scholar. This exercise provides a visualization to help resolve some of these ambiguities.

Tasks

[ ] What’s hot: deep nets’ embeddings Write a program that inputs a name such as Noah Smith and outputs a visualization like this:
* and what’s not: python, pip, etc. :

proposed

* Calibration 5
* I’'m clueless about... )
* Avoid getting into details .
* What is an embedding? )

 What is a deep net? I

[} L i tt I e L a n g u a g e S Note: Your picture will look different because you will be using different embeddings.

Please post code and output pictures on GitHub, and share links to your code on Canvas.
.
» Suggest that deep nets are like
. e o
re g re s S I O n i fﬁ_é?gﬁﬁ;:;se similarities

Suggested steps:

1. input name and output list of candidates and their papers

9/11/2023 CS6120



Little Languages



Little Languages

from Unix

//SUMMARY JOB
// EXEC
//SYSIN DD
/7

//

//SYSOUT DD
4

//

//SYSABEND DD

by typing

REGION=( 100K, 50K)
PGM=SUMMAR

DSNAME=REP.8601,DISP=0OLD,

In the good old days, real programmers would
swagger to a key punch and, standing the whole
time, crank out nine cards like:

UNIT=2314,SPACE=(TRK,(1,1,1)),

VOLUME=SER=577632

DSNAME=SUM.8601,DISP=(,KEEP),
UNIT=2314,SPACE=(TRK, (1,1,1)),

VOLUME=SER=577632
SYSOUT=A

Today’s young whippersnappers do this simple job

summarize <jan.report >3jan.summary

by Jon Bentley

programming
pearls

LITTLE LANGUAGES

When you say “language,” most programmers think
of the big ones, like FORTRAN or COBOL or Pascal.
In fact, a language is any mechanism to express in-
tent, and the input to many programs can be viewed
profitably as statements in a language. This column
is about those “little languages.”

Programmers deal with microscopic languages ev-
ery day. Consider printing a floating-point number
in six characters, including a decimal point and two
subsequent digits. Rather than writing a subroutine
for the task, a FORTRAN programmer specifies the
format F6. 2, and a COBOL programmer defines the
picture 999.99. Each of these descriptions is a
statement in a well-defined little language. While
the languages are quite different, each is appropriate
for its problem domain: although a FORTRAN pro-
grammer might complain that 999999.99999
is too long when F12. 5 could do the job, the
COBOLer can't even express in FORTRAN such
common financial patterns as $,$$$, $$9.99.
FORTRAN is aimed at scientific computing, COBOL
is designed for business.

swagger to a key punch and, standing the whole
time, crank out nine cards like:

//SUMMARY JOB REGION=(100K,50K)

/7 EXEC PGM=SUMMAR

//SYSIN DD  DSNAME=REP.8601,DISP=OLD,

/7 UNIT=2314,SPACE=(TRK,(1,1,1)),
7 VOLUME=SER=577632

//SYSOUT DD  DSNAME=SUM.8601,DISP=(,KEEP),
Va4 UNIT=2314,SPACE=(TRK,(1,1,1)),
2 VOLUME=SER=577632

//SYSABEND DD SYSOUT=A

Today’s young whippersnappers do this simple job
by typing

0/ 1172023

Co6120

\ summarize <jan.report >jan.summary
NP 2 P 1
es

are not only more convenient to use, they are funda-
mentally more powerful than their predecessors. In

the June column, for instance, Doug Mcllroy imple-
mented a program to find the K most common words
in a document in six lines of the UNIX® SHELL
language.

Languages surround programmers, yet many pro-
grammers don’t exploit linguistic insights. Examin-
ing programs under a linguistic light can give you a
better understanding of the tools you now use, and
can teach you design principles for building elegant
interfaces to your future programs. This column will
show how the user interfaces to half a dozen inter-
esting programs can be viewed as little languages.

This column is built around Brian Kernighan’s PIC
language for making line drawings. Its compiler is
implemented on the UNIX system, which is particu-
larly supportive (and exploitative) of language pro-
cessing; the sidebar on pages 714-715 shows how
little languages can be implemented in a more prim-
itive computing environment (BASIC on a personal
computer).

The next section introduces PIC and the following
section compares it to alternative systems. Subse-
quent sections discuss little languages that compile
into PIC and little languages used to build PIC.

The PIC Language
If you're talking about compilers, you might want to
depict their behavior with a picture:

Source - .
Compiler

FIGURE 1. A Simple View of a Compiler

(This diagram is genuine PIC output; we'll see its
input description shortly.) Or you may desire a little
more detail about the internal structure:

[ttt ettt bl
« Front End Back End |
Il | S
Source | _| Linguistic Code | Object
Code 17| Analysis Generation| | Code
1 ]
' )
ke e e e e e e e e a - .l
Compiler

© 1986 ACM 0001-0782/86/0800-0711 75¢

Bentley (CACM-1986)

UNIX is a trademark of AT&T Bell Laboratories.



We propose gft, a Little Language

In the good old days, real programmers would
swagger to a key punch and, standing the whole
time, crank out nine cards like:

//SUMMARY JOB REGION=(100K,50K)

// EXEC PGM=SUMMAR

//SYSIN DD DSNAME=REP.8601,DISP=0LD,

/7 UNIT=2314,SPACE=(TRK,(1,1,1)),
// VOLUME=SER=577632

//SYSOUT DD DSNAME=SUM.8601,DISP=( ,KEEP),
4 UNIT=2314,SPACE=(TRK,(1,1,1)),
// VOLUME=SER=577632

//SYSABEND DD SYSOUT=A

Today’s young whippersnappers do this simple job
by typing

summarize <jan.report >jan.summary

9/11/2023

* In the good old days,

* real programmers would copy a
few hundred lines of
e PyTorch from HuggingFace
* and modify as necessary to change
* models,
* datasets,
* task,
. etc.

* With gft, 100s of lines = 1-line

* More accessible to masses
* (including non-programmers)

CS6120 9



Standard 3-Step Recipe

Description

Hardware

Inference (predict)

Seconds/Minutes

0+ GPUs

9/11/2023

CS6120

R

10



Standard 3-Step Recipe

Most users
should not do
this themselves

Description

Time

Hardware

1 Pre-Training

Days/Weeks

Large GPU cluster

3 Inference (predict)

Seconds/Minutes

0+ GPUs

9/11/2023

CS6120

11




Hara:
Pre-Training Large Language Models (LLMs)

Year Deep nets Billions of parameters
2016 ResNet-50 (He et al., 2016) 0.023 =
L R
2019 GPT-2 (Radford et al., 2019) 1.5 §
2020 GPT-3 (Brown et al., 2020; Dale 2021) 175 é o o
e — e e - E
0
Most users should not invest in pretraining 2016 2017 2018 2019 2020 2021 2022
because growth (& costs) are out of control Year

9/11/2023 CS6120 12



Standard 3-Step Recipe

Step Description Time Hardware

1 Pre-Training Days/Weeks Large GPU cluster
2 m Fine-Tuning (fit) Hours/Days 1+ GPUs

3 Inference (predict) Seconds/Minutes 0+ GPUs

9/11/2023

CS6120

13




Guide Book App

sy Example of Fine-Tuning (aka, fit)
S fit: £, +data > fyos

fpre: Resnet
* Maps images (jpg files) = classes (strings)
* Trained on ImageNet
* input (x): 14M images (of many things)
* output (y): 1000 classes (strings)
* data: flowers

* input (x): 2195 pictures of flowers

* outputs (y): 5 classes of flowers
* Tulip, Dandelion, Sunflower, Daisy, Rose

Sunflower

fpost: %3
* Maps images (jpg files) = flowers (strings)
* Reject modeling is hard

Tulip

9/11/2023 CS6120 14



Stopping distance (ft)

60 80 100 120

40

20

0

Fine-Tuning (Fit) in R (Statistics Package)

Make deep nets look like regression

Black Points:
cars dataset

(Not much programming)

 Notational Conventions:
* Observations: Circles
* Models (f): Red Lines

* Prediction: f(x)

* Use model (f) to map
* input x (speed) to

Red Line: e output y (stopping distance)
Model (f) * For linear regression,
e fisa polynomial
* For gft,

* fis typically a model from a hub

Speed (mph)

9/11/2023 CS6120 15



Stopping distance (ft)

60 80 100 120

40

20

0

Datasets
Example: Cars

Speed (mph)

9/11/2023

> head(cars)
speed dist
2

10

4
22
16
10

OUVTHA WN PR
O 0o ~N ~N DD

CS6120

Two Columns:

1. carsSspeed
2. carsSdist

16



Example of Datasets in HuggingFace

https://huggingface.co/datasets/dair-ai/emotion

~ . Hugging Face

emotion @  like

Text Classification ~ Su . multi-class-classification ~ Language @ English  Mul
machine-generated S [ original emotion-classification L
Dataset card Files and versions Community 6

BB Dataset Viewer

Subset Split

split (20k rows) v train (16k rows)

text (string)
"i didnt feel humiliated"

"i can go from feeling so hopeless to so damned hopeful just from being around someone who
cares and is awake"

"im grabbing a minute to post i feel greedy wrong"

"i am ever feeling nostalgic about the fireplace i will know that it is still on the property"
"i am feeling grouchy"

"ive b@?ﬁlﬁsﬁiffﬁE? little burdened lately wasnt sure why that was"

"ive been taking or milligrams or times recommended amount and ive fallen asleep a lot faster
but 1 aleo feel like <o funnv"

Models

monolingual

-

™ other

<> API

label (class label)

0

CS6120

Datasets Spaces

10K<n<100K

BH Go to dataset viewer

> head(cars)
speed dist

1 4 2

oocs | 2 4 10
3 / 4

f 4 /22
5 8 16

S 9 10

</> Use in dataset library 2 Edit dataset card
@ Train in AutoTrain [ Papers with Code

@ Evaluate models F HF Leaderboard

github.com  16.1MB

28.2MB 436,809

Models trained or fine-tuned on dair-ai/emotion

17

@ aiknowyou/it-emotion-analyzer



: > head(cars)
Emotion =2 GLUE (Cola speed dist
2
10
4
22
16
10

https://huggingface.co/datasets/glue/viewer/cola/train

an

[¥ HuggingFace Q. Searchmodels, datasets, users... # Models  + Datasets Spaces

Docs & Solutions  Pricing

& Datasets: glue T Qlike 29

Tasks: natural-language-inference  acceptability-classification  text-classification-other-paraphrase-identification ~ +4 Task Categories: text-classification  text-scoring  Languages: en  Multilinguali

H W N -

Size Categories: 10K<n<l100K  Licenses: cc-by-4-0 Language Creators: unknown  Annotations Creators: unknown Source Datasets: unknown

» Dataset card "I~ Files and versions

Terminology:

O oo NN P H

© Dataset Preview Te r m i n O I Ogy :

Splits

P

Subset
Subset s
cola AR - train w
validation

sentence (string) label (class label) idx (int)
Our friends won't buy this analysis, let alone the next one we propose. 1 (acceptable) [¢]
One more pseudo generalization and I'm giving up. 1 (acceptable) 1
One more pseudo generalization or I'm giving up. 1 (acceptable) 2
The more we study verbs, the crazier they get. 1 (acceptable) 3
Day by day the facts are getting murkier. 1 (acceptable) 4
I'1l fix you a drink. 1 (acceptable) 5
Fred watered the plants flat. 1 (acceptable) 6
Bill coughed his way out of the restaurant. 1 (acceptable) 7
We're dancing the night away. 1 (acceptable) 8
Herman hammered the metal flat. 1 (acceptable) 9
The critics laughed the pnlav off the stasge. 1 (accentable) 10

9/11/2023 CS6120 18


https://huggingface.co/datasets/glue/viewer/cola/train

Stopping distance (ft)

100 120

60 80

40

20

0

g/m (General Linear Models) in R (and Sklearn)

9/11/2023

Speed (mph)

# Create the black points
plot (cars, xlab="Speed (mph)", ylab="Stopping distance (ft)")

g = glp(@ist ~ poly(speed, 2), data=cars) glm: fit poly model
10 o = order (cars$speed) :
11 # Show predictions as a red line with data

lines (cars$speed[o], predict(g,cars)[o], col="red", 1lwd=3)

- W

~

-
N

predict: dist = g(cars$speed)

CS6120 19



Fine-Tuning (fit) in GFT
fpre + data — fpost

gft_fit ——eqn 'classify: label ~ text' \

* Flowers
R ——model H:bert-base-cased \
o .
fp"‘e' esnet ——data H:emotion \
e data: flowers ——output_dir $outdir fpre: Pre-trained Model

(b

fpost: Post-trained Model

Sunflower

7 g = glm(dist ~ poly(speed, 2), data=cars)
0

Fine-Tuning (fit) in R

o CS6120 20




. Hugging Face Q_ Search models, datasets, users...

& Datasets: emotion T like 18

Tasks: multi-class-classification  text-classification-other-emotion-classification ~ Task Categories: text-classification

Emotion Dataset
classify: label~text

Language Creators: machine-generated  Annotations Creators: machine-generated  Source Datasets: original

¢ Dataset card ’I= Files and versions =
rask/Loss

®© Dataset Preview
Subset Split

default v train

text (string)
i didnt feel humiliated

i can go from feeling so hopeless to so damned hopeful just from being around someone who cares and is awake

im grabbing a minute to post i feel greedy wrong

i am ever feeling nostalgic about the fireplace i will know that it is still on the property

i am feeling grouchy

ive been feeling a little burdened lately wasnt sure why that was

ive been taking or milligrams or times recommended amount and ive fallen asleep a lot faster but i also feel like so funny
i feel as confused about life as a teenager or as jaded as a year old man

i have been with petronas for years i feel that petronas has performed well and made a huge profit

i feel romantic too

i feel like i have to make the suffering i m seeing mean something

9/11/2023 CS6120

‘

Columns

label (class label)

0

(sadness)
(sadness)
(anger)
(love)
(angerx)
(sadness)
(surprise)
(fear)
(Foy)
(love)

(sadness)

21



Fine-Tuning (fit): Numerous Use Cases
fpre + data - fpost

* Flowers gft_fit ——eqn 'classify: label ~ text' \
* fpre3 Resnet —-model H:bert-base-cased \
* data: flowers ——data H:emotion \
* Emotion Classification ——output_dir $outdir
* fpre: https://huggingface.co/bert-base-uncase
* data: https://huggingface.co/datasets/dair — ai/emaotion frost: Post-trained Model
* GLUE
* SQUAD
* Machine Translation 7 g = glm(dist ~ poly(speed, 2), data=cars)

* Speech Recognition
* Vision Fine-Tuning (fit) in R

* and much more

9/11/2023 CS6120 22


https://huggingface.co/bert-base-uncased
https://huggingface.co/datasets/dair-ai/emotion

GLUE COLA SUBSET

GLUE Subsets
m Bill sang himself to sleep. 1 (acceptable)

COLA H:glue,cola E;'Lshqoﬁseze‘j A0S U SUED ey
SST2 H -8 ue,sst2 Bill sang Sue to sleep. 1 (acceptable)
WNLI H:glue,wnli The elevator rumbled itself to the
round 0 (unacceptable)
MRPC H:glue,mrpc e . |
If the telephone rang, it could ring R ———
QNLI H:g ue’qn“ itself silly. >
QQP H'g ue,qgp She yelled hoarse. 0 (unacceptable)
. ’
gliue,SS Ted cried to sleep. 0 (unacceptable
SSTB H:glue,sstb d cried to sl ( ble)
MNLI H -8 ue,mnll The tiger bled to death. 1 (acceptable)

9/11/2023 CS6120 23



O 00 dJdJ O U b W N =

e
=

GLUE COLA SUBSET

GFT program for COLA

https://github.com/kwchurch/gft/blob/master/examples/fit examples . .
/model.HuggingFace/language/data.HuggingFace/glue/cola.sh Bill sang himself to Sleep- 1 (acceptable)

Bill squeezed the puppet through

1 (acceptable
#!/bin/sh the hole. ( P )

Bill sang Sue to sleep. 1 (acceptable)
echo hostname = “hostname’

The elevator rumbled itself to the
0 (unacceptable)

gft_fit —-—model H:bert-base-cased \ ground.
—-data H:glue,cola \ If the telephone rang, it could rin
, ) . . P 5 & 1 (acceptable)
—-metric H:glue,cola \ itself silly.
——figure_of_merit matthews_correlation \
) , She yelled hoarse. 0 (unacceptable)
——output_dir $1 \
-—eqn 'classify: label ~ sentence' \ .
, Ted cried to sleep. 0 (unacceptable)
——num_train_epochs 3
The tiger bled to death. 1 (acceptable)

9/11/2023 CS6120 24


https://github.com/kwchurch/gft/blob/master/examples/fit_examples/model.HuggingFace/language/data.HuggingFace/glue/cola.sh
https://github.com/kwchurch/gft/blob/master/examples/fit_examples/model.HuggingFace/language/data.HuggingFace/glue/cola.sh

Simple Equations Cover Many Cases of Interest
GLUE: A Popular Benchmark

S omasa_smien

COLA
SST2
WNLI
MRPC
QNLI
QQP
SSTB
MNLI

9/11/2023

H.g
H:g
H:g
H:g
H:g
H:g
H:g

glue,cola classify :

ue,sst2 classify :
ue,wnli classify :
ue,mrpc classify :
ue,qnli  classify :

ue,qqp classify :

label ~ sentence

label ~ sentence

label ~ sentence

label ~ sentencel + sentence?2
label ~ sentencel + sentence?2
label ~ question + sentence

ue,sstb [regress|: label ~ questionl + question?2

ue,mnli classify :

label ~ premise + hypothesis

CS6120 25



Equation Keywords = Pipeline Tasks

m_

GLUE COLA H:glue,cola classify : label ~ sentence
SQuAD 1.0 H:squad [classi f y_spans:]answers~question + context
SQuAD 2.0 H:squad_v2 classify_spans: answers~question + context
CONLL2003 POS H:conll2003 [classi f y_tokens:]pos_tags~tokens

NER H:conll2003 classify_tokens:ner_tags~tokens
TIMIT H:timit_asr : text~audio
Amazon

Reviews H:amazon_reviews_multi classify : label ~ question + sentence

VAD C:Sgft/datasets/VAD/VAD _regress: Valence + Arousal + Dominance ';6W07‘d

9/11/2023



gft Cheat Sheet

(General Fine-Tuning)

4+1 Functions

1. gft_fit: fyre 2 fpose (fine-tuning)
* 4 Arguments, --output_dir, --metric, --splits
* (plus most args in most hubs)

2. gft_predict: f(x) — ¥ (inference)

* Input: 4 Arguments (x from data or stdin)
e Output: y for each x

3. gft _eval: Score model on dataset
* Input: 4 Arguments, --split, --metric, ...
* Qutput: Score

4. gft summary: Find good stuff
* |nput: 4 Arguments
* (mayinclude: __contains__, _infer )

5. gft _cat_dataset: Output data to stdout
* Input: 4 Arguments (--data, --eqgn)

4 Arguments

»--eqn task:y~xq+ xy

e --task

[EEY

20NV A WN

classify (text-classification)
classify_tokens (token-classification)
classify _spans (QA, question-answering)
classify _audio (audio-classification)
classify _images (image-classification)
regress

text-generation

MT (translation)

ASR (ctc, automatic-speech-recognition)
fill-mask



Stopping distance (ft)

40 60 80 100 120

20

Fit a model (g) to data (cars)

Regression In R:

Summarize (almost) anything

V‘V

5 10 15 20 25

Speed (mph)

9/11/2023

plot(cars, xlab="Speed (mph)", ylab="Stopping distance (ft)")
g = glm(dist ~ poly(speed,2), data=cars)
> 0 = order(cars$speed)
> lines(cars$speed[o], predict(g,cars)[o], col="red", 1lwd=3)
CS6120 28



Stopping distance (ft)

20 40 60 80 100 120
I I

0

Regression In R:

Summarize (almost) anything

9/11/2023

Speed (mph)

> summary(cars)

speed

Min.
1st Qu.:
Median :
Mean

3rd Qu.:

Max.
I

CS6120

N R R

U1 ©O T T N H
SO0 PO SS

dist
Min. . 2.00
1st Qu.: 26.00
Median : 36.00
Mean : 42.98
3rd Qu.: 56.00
Max . :120.00

29



Stopping distance (ft)

40 60 80 100 120

20

Fit a model (g) to data (cars)

Regression In R:

Summarize (almost) anything

9/11/2023

Speed (mph)

25

> plot(cars, xlab="Speed (mph)", ylab="Stopping distance (ft)")
> g = glm(dist ~ poly(speed,2), data=cars)
o = order(cars$speed)

>
> lines(cars$speed[o], predict(g,cars)[o], col="red", 1lwd=3)
>

summary(g) )
0 Summarize a model (g)
Call:

glm(formula = dist ~ poly(speed, 2), data = cars)

Deviance Residuals:

Min 1Q Median 3Q Max Opportumty

Coefficients:
Estimate Std. Error t value Pr(Gltl)
(Intercept) 42 .980 2.146 20.026 < 2e-16 ***
poly(speed, 2)1 145.552 15.176 9.591 1.21e-12 ***
poly(speed, 2)2 22.996 15.176  1.515 0.136

Signif. codes: @ ‘***’ @.001 ‘**’ 0.01 ‘*’ .05 ‘.’ 0.1 ¢’ 1

(Dispersion parameter for gaussian family taken to be 230.3131)
Null deviance: 32539 on 49 degrees of freedom

Residual deviance: 10825 on 47 degrees of freedom

AIC: 418.77

Number of Fisher Scoring iterations: 2

CS6120 30



oft summary

* Summarize almost anything
* Models
* Datasets



Tasks

* classify, text-classificationm
B y € Rory € RY

* QA, Question Answering, classify spans y for each start/end of span

e token classification

 NER (Named Entity Recognition)
e POS (Part of Speech Tagging)

y for each token

e translation, MT

. "y f h ph
* ASR, Automatic Speech Recognition, ctc

9/11/2023 CS6120 32



gft Cheat Sheet

(General Fine-Tuning)

4+1 Functions

1. gft_fit: fyre 2 fpose (fine-tuning)
* 4 Arguments, --output_dir, --metric, --splits
* (plus most args in most hubs)

2. gft_predict: f(x) — ¥ (inference)

* Input: 4 Arguments (x from data or stdin)
e Output: y for each x

3. gft _eval: Score model on dataset
* Input: 4 Arguments, --split, --metric, ...
* Qutput: Score

4. gft summary: Find good stuff
* |nput: 4 Arguments
* (mayinclude: __contains__, _infer )

5. gft _cat_dataset: Output data to stdout
* Input: 4 Arguments (--data, --eqgn)

4 Arguments

RO ~NOUTE WD R

classify (text-classification)
classify_tokens (token-classification)
classify _spans (QA, question-answering)
classify _audio (audio-classification)
classify _images (image-classification)
regress

text-generation

MT (translation)

ASR (ctc, automatic-speech-recognition)
fill-mask



Machine Learning Before Deep Nets

e Collocation
e PMI (Church & Hanks, 1990)

* Word2vec (Factored PMI)

* Anything to vec

* Homework: Better Together

* Doc2vec (in many ways)
e Cosine similarity
e Similar text vs. similar context

* Regression: linear, logistic
 Sklearn and Scipy

6 CHAPTERG6 ¢ VECTOR SEMANTICS AND EMBEDDINGS

not good

bad
to by 'S dislike worst
incredibly bad
that  now are : i worse
a i you
than with is
very good incredibly good
amazing fantastic

e ; wonderful
terrific nice

good
131X WY A two-dimensional (t-SNE) projection of embeddings for some words and
phrases, showing that words with similar meanings are nearby in space. The original 60-

dimensional embeddings were trained for sentiment analysis. Simplified from Li et al. (2015)
with colors added for explanation.

JM3 Chapter 6 (Spoiler Alert: Reading for next time)



Sklearn
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scikit-1learn

Machine Learning in Python

Classification
Identifying which category an object belongs to.
Applications: Spam detection, image recognition.

Algorithms: Gradient boosting, nearest neighbors,
random forest, logistic regression, and more...

© Overview- Vani-.. @ Gavidlews consul.. ) HIML Entte

Regression

Predicting a continuou
with an object.

Applications: Drug re:
Algorithms: Gradient
random forest, ridge, ¢

Boosted D

Dimensionality reduction

Reducing the number of random variables to

9/11/2023

Model selectio

Comparing, validating

sl A

‘w’l Install User Guide APl Examples Community More v

scikit-learn 1.3.0
Other versions

Please cite us if you use the
software.

User Guide

1. Supervised learning

2. Unsupervised learning

3. Model selection and evaluation
4. Inspection

5. Visualizations

6. Dataset transformations

7. Dataset loading utilities

8. Computing with scikit-learn
9. Model persistence

10. Common pitfalls and
recommended practices

11. Dispatching

CS6120

User Guide

1. Supervised learning

>

>

1.1. Linear Models

1.2. Linear and Quadratic Discriminant Analysis
1.3. Kernel ridge regression

1.4. Support Vector Machines

1.5. Stochastic Gradient Descent

1.6. Nearest Neighbors

1.7. Gaussian Processes

1.8. Cross decomposition

1.9. Naive Bayes

1.10. Decision Trees

1.11. Ensemble methods

1.12. Multiclass and multioutput algorithms

1.13. Feature selection
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scikit-learn 1.3.0
Other versions

Please cite us if you use the
software.

Linear Regression Example

9/11/2023

API

Examples Community More ~

Linear Regression Example

The example below uses only the first feature of the diabetes dataset, in order to illustrate the data points within the two-di-
mensional plot. The straight line can be seen in the plot, showing how linear regression attempts to draw a straight line that will

best minimize the residual sum of squares between the observed responses in the dataset, and the responses predicted by the
linear approximation.

The coefficients, residual sum of squares and the coefficient of determination are also calculated.

CS6120



Prev Up Next

scikit-learn 1.3.0
Other versions

Please cite us if you use the

software. =
sklearn.linear_model.LogisticR N
egression
LogisticRegression T e
Examples using Release Highlights for
sklearn.linear_model.LogisticRe scikit-learn 1.3
R v

e Patove Pate (Pastiee labet 1)

— RandmcrenCasiter (4 = 6321

] o I3 3
Fale Pensve B (Potre et 3)

Release Highlights for
scikit-learn 0.22

9/11/2023

‘Wn Install User Guide APl Examples Community More ¥

Release Highlights for
scikit-learn 1.1

Comparison of
Calibration of
Classifiers

CS6120

Release Highlights for
scikit-learn 1.0

Probability Calibration
curves

Examples using sklearn. linear_model.LogisticRegression

Partial deperdence of house. i rce location features
Tor the Callfornia housing datase. wih BayesianAidge
£
% ¥
g
H
e i, T
o . B
ol Awocc oae

Release Highlights for
scikit-learn 0.24

aAraE
amaE
= L. | 4
A
1T

Plot classification
probability

ol deperence

s ke

Release Highlights for
scikit-learn 0.23

7 el [3 s
Fasn Pene B (Poutrn ntet )

Feature
transformations with
ensembles of trees
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Linear Regression and Logistic Regression

* Linear
e g1 =glm(dist ~ poly(speed,2), data=cars)
* Logistic
* g2 = glm(dist > 50 ~ poly(speed,2), data=cars, family=binomial)

* Models
> gl$coef
(Intercept) poly(speed, 2)1 poly(speed, 2)2
42.98000 145.55226 22.99576
> g2$coef

(Intercept) poly(speed, 2)1 poly(speed, 2)2
-1.137922 16.172581 2.031136



Linear and Logistic Regression

120

100

80

40

20

Linear

9/11/2023

25

predict(g2, c:

Logistic

10

20

25

> gl = glm(dist ~ poly(speed,?2),

data=cars)

> g2 = glm(dist > 50 ~
poly (speed, ?2), data=cars,
family=binomial)

> plot (cars, main="Linear")

> lines (cars$speed, predict (gl,
cars), col="red", lwd=3)

> plot (cars$speed, predict (g2,
cars), type='b', 1lwd=3,
main="Logistic")

CS6120
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Inverses

sigmoid = function(z) 1/ (l+texp(-2z))
logit = function(p) log(p/ (l1-p))

1
1+e™?

o(z) =

logit(p) = log 1 f >

Note: sigmoid & logit are inverses of one another:
logit(o(z)) = z

o(logit(p)) = p



120
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80

60

40
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Logit

Without Sigmoid

Probability

1.0

0.8

0.6

0.4

0.2

0.0

With Sigmoid

Linear and Logistic
Regression

> gl = glm(dist ~
poly (speed,?2), data=cars)

> g2 = glm(dist > 50 ~
poly (speed, 2), data=cars,
family=binomial)

> plot (cars$speed,
predict (g2, cars),
type='b', lwd=3,
malin="Without Sigmoid",
ylab="Logit")

> plot (cars$speed,
sigmoid (predict (g2,
cars)), type='b', lwd=3,
main="With Sigmoid",
yvlab="Probability")
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Recap

* What’s where:
e https://kwchurch.github.io/

* Formalities:
* Northeastern Rules, Culture, etc.
* |nstructors, TA, Office Hours

Better Together Homework
Little Languages: Unix, AWK, R

Deep Nets
* Inference (predict)
* Fine-Tuning (fit)

* Goals, Expectations, etc. * Pre-training
* Encouraging learning: * aka base/fundamental models
* Teamwork, Online Resources, Bots * (don’tdoit)
* Aslong as these tools = learning °

Deep nets are like regression
* Linear regression:
* Cars example: fit/predict in R
* Datasets:
. Open book, network * cars datasetin R is like
«  But no teams * emotion dataset on huggingface
 Final Project: Proposal, Oral, Written e C(lassification vs. Regression
* Logistic Regression: example of binary classification
 Similarities of linear and logistic regression

* Grading:
* Assignments:
* Effort/Learning >> Solving Problems
*  Mid-Term Exam:


https://kwchurch.github.io/

Recap

e What’s where:
e https://kwchurch.github.io/

* Formalities:
* Northeastern Rules, Culture, etc.
* |nstructors, TA, Office Hours

* Goals, Expectations, etc.

* Encouraging learning:
 Teamwork, Online Resources, Bots
* As long as these tools = learning
* Grading:
* Assignments:
» Effort/Learning >> Solving Problems
* Mid-Term Exam:

* Open book, network
* But no teams

* Final Project: Proposal, Oral, Written

9/11/2023

CS6120
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Recap

e What’s where:
e https://kwchurch.github.io/

* Formalities:
* Northeastern Rules, Culture, etc.
* |nstructors, TA, Office Hours

* Goals, Expectations, etc.

* Encouraging learning:
 Teamwork, Online Resources, Bots
* As long as these tools = learning
* Grading:
* Assignments:
» Effort/Learning >> Solving Problems
* Mid-Term Exam:

* Open book, network
* But no teams

* Final Project: Proposal, Oral, Written

9/11/2023
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https://kwchurch.github.io/

ScIPy

9/11/2023
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