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North-star models

GPT-4, Claude, Llama

* “Large language models”
* Exceptional Multidisciplinary Performance

* Great as coding assistants, writing assistants etc

GPT4 performance

Simulated exams

Uniform Bar Exam
(MBE+MEE+M PT}"

LSAT

SAT Evidence-Based Reading &
Writing
SAT Math

Graduate Record Examination
(GRE) Quantitative

Graduate Record Examination
(GRE) Verbal

Graduate Record Examination
(GRE) Writing
USABO Semifinal Exam 2020

USNCO Local Section Exam 2022

Medical Knowledge Self-
Assessment Program

Codeforces Rating

GPT-4
estimated
percentile

298/400
~90th

163
~88th

/710/800
~93rd

700/800
~89th

163/170
~80th

169/170
~99th

4/6
~54th

871150

99th-100th

36/60
75%

392
below 5th




North-star models

OpenAlI’s CLIP model

* Bridges vision and language
* Text-to-image generators

* General purpose capable vision models

* Image search and retrieval




Supervised learning

* At their core, LLMs and CLIP are prediction models

Input f Target



MNIST example

Input Target
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LLLMs

Input

“The sun rises in the”

“After missing the bus, she
decided to walk to the”
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Target

//east//

“store (or "office” or “park”)

Tl 2
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“A red bicycle parked
beside a wooden fence” the correct pairings of a
batch of (image, text)
examples

“A playful golden retriever
sitting on green grass”

“A curious tabby cat
lounging on a cozy couch”




Supervised learning

* At their core, LLMs and CLIP are prediction models
Input f Target

How do we obtain £?



How to do prediction?

£

Input Target Write a program that classifies

handwritten 6s from 2s
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Supervised learning

Input f Target

* Collect a large volume of images and their corresponding numbers
* Write ML algorithm “figure out” what f is

Training data
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Notation

e Inputs 1L € K

* Target j 6{11 T

* Multiple: o / A
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Input representation
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* Breast tumor classification example U
* Numerical description of the physical and structural characteristics of
the cell [Mﬁ supg,  Swall QL T ewe™
* Images LS KLY 2L 8129
* Flattened representation T ] &

* Tensor representation (Channels, Height, Width)



Input representation: text
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Hypothesis and hypothesis class
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Hypothesis and hypothesis class -
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A and What makes a good hypothesis?
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[Loss functions
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* Cross entropy loss
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Loss functions: binary classification

N
Model only one 10g as the “score” of positive class and convert to
fu

a probability via sigmoid function
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Loss functions: language modelmg
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LLoss functions: CLIP
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Piazza poll



Training procedure

Trewin Jﬂgj (@
e Minimize train loss 2
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Coming up

* How to minimize training loss?
* (Stochastic) gradient descent
* Momentum-based methods
* Adaptive gradient methods

* When/why does that work?

* "Classical” view
* Revisit after discussing deep networks



Any questions?
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