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LLMs of the GPT family

A Generate term papers

A Generate code

A Generate Powerpoint presentations

A Generate useful completions of texts in Word?

A B

A The latest version isGPF5.1

WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsacChz?



Image: GrahamNeubig, Large Language Models:

From Zero to ChatGPT "/ t huAvy ehttpsghonirdn.Gomislides/neubig23lims.pdf
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Compatibility vs. Alignment in LLMs

A model'scapability is typically evaluated Alignment, on the other hand, is

by how well it is able to optimize its concerned with what we actually want
objective function, the mathematical the model to do versus what it is being
expression that defines the goal of the trained to do

model Models like the original

GPT3 are misaligned

WiSe20252026 High capability Low capability 4
Low alignment High alignment
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June 10, 2021
5 minute read

WiSe20252026

API RESEARCH BLOG ABOUT

Improving Language Model Behavior
by Training on a Curated Dataset

Our latest r i j e model behavior with
respect to specific behavioral values by fine-tuning on a small;
curated dataset.

D READ PAPER

We’ve found we can improve language model behavior with respect to specific
behavioral values by fine-tuning on a curated dataset of <100 examples of those
values. We also found that this process becomes more effective as models get
larger. While the technique is still nascent, we’re looking for OpenAl API users who
would like to try it out and are excited to find ways to use these and other
techniques in production use cases.

KCU"V ' «asg§ nbssChi +Usljta nCsachs
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Train on Curated Dataset

Train Language Model

Prompts & Text Dataset
Initial Language Model
%
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Human Augmented
Text (Optional)

o
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Pre-Training & Fine Tuning

1)Download LM 2) Feature-basedtraining ("fine tuning™)
pre-trained on large corpus (in self on target task _
supervisedfashion) (supervisedlearning)

Pretrained

Trained

Embedding Oneor morelayers

Embedding & Training for Downstream Tasks

WiSe20252026 KCO" Vv «as@ nbssChi +Uslijita nCsach 7
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LlaMa (Large Language Model Meta Al)

A https://llama.meta.com/

Code Llama:
https://arxiv.org/pdf/2308.12950

directory (excluding subdirectories) that have directory (excluding subdirectories) that have been modified in the last
been modified in the last month? maonth. The command would be:

Code Llama

>

find . -maxdepth 1 -type f -mtime -30 -name "*txt"

I I l L Here is a breakdown of the command:

)2

submit . specifes thecurent dectory
" -maxdepth 1" tells ‘find to only search the current directory and not any
s://llama.meta.com/llama
- " - "-type f' tells 'find" to only search for files (not directories or other types of

files)
“-mtime -30' tells 'find" to only search for files that have been modified in the
last 30 days

A I I a m a 3 L] ‘-name "*txt" tells 'find' to only search for files with the 'txt’ extension
.
Note that the ‘m-time' option uses the number of days since the file was last
https://llama.meta.com/llama3/
] . .

modified, so -mtime -30' means "modified in the last 30 days." If you want
to search for

WiSe20252026 KCU" Vv «asd nbssChi +Usljta nCsacChs
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LLaMA vs Alpaca

. SFT Trainin
RLHF Training 9
@ Model -
Embedding
170B Text-davinci-003 o _’I
Model —
Supervised
'52K i Finetuning Embedding One or more layers
175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples
seed tasks
Relatively
simple
Example seed task Example Generated task
Instruction: Brainstorm a list of Instruction: Brainstorm creative
possible New Year's resolutions. ideas for designing a conference
Output: fo0.
- Lose weight Output:
- Exercise more ... incorporating flexible
- Eat healthier components, such as moveable
walls and furniture ... https://crfm.stanford.edu/2023/03/13/alpaca.html

WiSe20252026 KCU"V ' «asg§ nbssChi +*Usljta nCsacho
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16 minute read

PROMPT

COMPLETION

WiSe20252026

We've trained language models that are much better at following user
intentions than GPT-3 while also making them more truthful and less toxic,
using techniques developed through our alignment research. These

InstructGPT models, whicifare trained with humans in the loop, are now

deployed as the default language

D READ PAPER T VIEW MODEL CARD

InstructGPT is better than GPT-3 at following English instructions.

Explain the moon landing to a 6 year old in a few sentences.

GPT-3

Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

InstructGPT

People went to the moon, and they took pictures of what they saw, and sent them
back to the earth so we could all see them.

KCUO"V ' «asg§ nbss Chi
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InstructGPT. Reinforcement Learning from Human Feedback (RLHF)

1. Pretraining a language model (LM),
1. OpenAlused a smaller version of GP-B for its first popular RLHF model,
InstructGPT

2. Gathering data and training a reward model (RM, aka preference model), and

1. Get a model that takes in a sequence of text, and returns a scalar reward
which should numerically represent the human preference

2. The training dataset of prompt-generation pairs for the RM is generated by
sampling a set of prompts from a predefined dataset

3. Fine-tuning the LM with reinforcement learning

WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta ncCsachil
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Train a Reward (Preference) Model

Prompts Dataset

Sample many prompts

Train on

{sample, reward} pairs

Reward (Preference)

Model
0.0
e
Ll A 7 v
L

Outputs are ranked
(relative, ELO, etc.)

a4 ) )
Initial Language Model Lorem ipsum dolor
sit amet, consecteq
/@ . @, adipiscing elit. Aen|
OO ‘
7 ok \ Donec quam felis
& @@ X
H PP vulputate eget, arc|
[ 8» 8 / Nam quam nunc
O O eros faucibus tinci
luctus pulvinar, her
\ v,

N

Human Scoring

WiSe20252026

Generated text

ELO rating:https:// en.wikipedia.orgwiki/ Elo_rating_system
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Reinforcement Learning

Policy is a language model that takes in a prompt and returns a sequence of text (or just probability
distributions over text).

Theaction spaceof this policy is all the tokens corresponding to the vocabulary of the language model
(often on the order of 50k tokens) and

the observation spaceis the possible input token sequences, which is also quite large (size of vocabulary
A number of input tokens).

Thereward function is a combination of the preference model and a constraint on policy shift.

Fine-tuning some or all of the parameters of acopy of the initial LM with a policy-gradient RL algorithm,
Proximal Policy Optimization (PPO)

Parameters of the LM are frozen because firuning an entire 10B or 100B+ parameter model is
prohibitively expensive (for more, see LowRank Adaptation (LoRA for LMs or the Sparrow LM from
DeepMind)

WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsachu3
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R L H F Prompts Dataset

Sample many prompts

e
Initial Language Model

\

Train on
{sample, reward} pairs

text

4 )
Reward (Preference)

Outputs are ranked
(relative, ELO, etc.)

Lorem ipsum dolor
sit amet, consecte
adipiscing elit. Aen|
Donec quam felis
vulputate eget, arc|
Nam quam nunc

eros faucibus tinci{  Human Scoring

N

WiSe20252026

luctus pulvinar, her
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Generated text
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Proximal Policy Optimization (PPO)

A Default reinforcement learning algorithm at OpenAl

Policy On-policy = Add

Gradient Off-policy constraint

Credits: Hungyi Lee
WiSe20252026 KCU"V ' «asg§ nbssChi =+Uslta ncCsachis
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Basic Components
w You cannot control
L -
rd %
Video Get 20 scores when
Game killing a monster
The rule
Go of GO
—
WiSe20252026 KCU" Vv «asd nbssChi +*Usljta ncCsachi6
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Policy of Actor
* Policy  is a network with parameter 6
* Input: the observation of machine represented as a
vector or a matrix
* Qutput: each action corresponds to a neuron in output
layer
Take the action
based on the
1 et O 7\ probability.
* » » T rght 0.2\ Score of an
: action
4+ fire 0.1
pixels J r
WiSe20252026 KCU"V ' «as§ nbssChi +Uslta ncCsacChuv
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Example: Playing Video Game
Start with
observation s; Observation s, Observation s3
A Obtain reward \ / Obtaln_reward
T'1 =0 - T, = 5
¥
?
et (kill an alien)
WiSe20252026 KCU"V ' «as§ nbssChi +Usljta nCsachis
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Example: Playing Video Game

Start with
observation s, Observation s, Observation s3

This is an episode.
Game Over
(spaceship destroyed)

Obtain reward 71

WiSe20252026 KCU"V ' «as§ nbssChi +Usljta nCsachio

After many turns

----------------->

Total reward:

T
R —_ Z?"t
t=1

]
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Actor, Environment, Reward

S1 aq So as

Lo JEL-- I
— ———

S1 a; S2 a; S3

updated

Reward

WiSe20252026 KCU"V ' «as@§ nbssChi +*Uslta ncCsacho
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AE and AR

Autoencoding (AE) Language Modeling: The AE language model aims to
reconstruct the original data from

/}\ f\—\ corrupted input.

roblems rnin bankin crises as .
PIOBRIEE e . Corrupted input: The corrupted

— — input means we use [MASK] to

Bi-diredction replace the original token

Can be implemented with self-attention _
Example:

BERT

WiSe20252026 KCU"V ' «as§ nbssChi =+Usljta nCsachel
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AE and AR

Autoregressive AR) language modeling:

ot @ 0O OO 0000000 OC®OOQ

Hidd
lyr Q0 0000000000000

Hidd
e ©0 0000000000000

am ©00000000000000

nt @ 0000000000000 0

Can also be implemented with
attention (GPT, not ELMO)

WiSe20252026 KCU" Vv

A" U a3fzwhnC)] nCeet |jC
output h; at time t depends on not
just x;, but alsoall x, from previous
time steps.

Agiven a text sequence x = (X  Xq),”
AR language modeling factorizes the
likelihood into a forward
product.Q ~ U b~ tuff £~

AExamples: GPT, ELMO

nbss Chi
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LLaDA The Diffusion Model That Could Redefine Language Generation

AlLarge Language Diffusion Modelsl{LaDA introduces a different approach
to current text generation usedin Large Language Models (LLMS).

AUnlike traditional autoregressive models (ARMs)which predict text
sequentially, left to right, LLaDAeveragesa diffusion -like processto
generatetext. Instead of generating tokens sequentially, it progressively
refines maskedtext until it forms a coherent response

Ahttps://medium.com/data -sciencecollective/llada-explained-how-
diffusion -could-revolutionize -language-models-950bcce4ec09

WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsacChes
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LLaDA

What is 2 + 2 ? <MASK> <MASK> <MASK> <MASK> <MASK> ...
l Prediction

What is 2 + 2 ? The result is 5 <EOS>

l Remasking

What is 2 + 2 ? The <MASK> <MASK> <MASK> <EOS>

l Prediction

What is 2 + 2 ? The answer is 4 <EOS>

| remasking

What is 2 + 2 ? The answer <MASK> 4 <EOS> High-confidence tokens

l Prediction Low-confidence tokens

' Image created by Maxime Wolf

What is 2 + 2 ? The answer is 4 <EOS> https:// medium.com/ data-science-collective/llada -explained-how-diffusion -could-
revolutionize-language-models-950bcce4ec09

WiSe20252026 KCU"V ' «as§ nbssChi =+*Usljta ncCsacCh4
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Natural Language Processing
with Deep Learning

CS224N/Ling284

P

Xiang Lisa Li
Lecture 12: Neural Language Generation
Adapted from slides by Antoine Bosselut and Chris Manning

WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsachas
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Time to get random : Sampling!

* Sample a token from the distribution of tokens

P

Ve ~ Py =w [{y}<t)

* |t's random so you can sample any token!

He wanted — bathroom
to go to the

WiSe20252026 KCU"V ' «as§ nbssChi +Usljta nCsacCchas
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Decoding: Top-k sampling

* Problem: Vanilla sampling makes every token in the vocabulary an option

* Even if most of the probability mass in the distribution is over a limited set of
options, the tail of the distribution could be very long and in aggregate have
considerable mass (statistics speak: we have “heavy tailed” distributions)

* Many tokens are probably really wrong in the current context
* For these wrong tokens, we give them individually a tiny chance to be selected.

* But because there are many of them, we still give them as a group a high chance to
be selected.

» Solution: Top-k sampling
* Only sample from the top k tokens in the probability distribution

o

WiSe20252026 KCU"V ' «asd nbssChi +Usljta nCsacChev
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Decoding: Top-k sampling

 Solution: Top-k sampling
* Only sample from the top k tokens in the probability distribution

* Common values are k = 50 (but it’s up to you!)
e Festroom

== grocery
————

— s'Fore
— airport
He wanted
to go to the

* Increase k yields more diverse, but risky outputs

* Decrease k yields more safe but generic outputs _ ’ _ _
_ 1 KECU"V ' «asg§ nbssChi +Uslta ncsacCh
WiSe20252026 28
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Issues with Top-k sampling

thought
knew i
had
saw [
Shesaid , " | never did I
said
wanted [
told I
liked I
got

hot I

warming |
burning |
cooking |

KCU" Vv

warm H

cooling

onl

B _ __ heating I
| ate the pizza while it was still fresh |
cold |

WiSe20252026

Top-k sampling can cut off too quickly!

Top-k sampling can also cut off too slowly!

’_
«as@§ nbssChi +Uslt a nCséChég
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Decoding: Top-p (nucleus) sampling

* Problem: The probability distributions we sample from are dynamic
* When the distribution P, is flatter, a limited k removes many viable options

* When the distribution P, is peakier, a high k allows for too many options to have a
chance of being selected

* Solution: Top-p sampling
» Sample from all tokens in the top p cumulative probability mass (i.e., where mass is
concentrated)
* Varies k depending on the uniformity of 7,

KCO" v 25§ nbssChi +Uslita nCsacCh
WiSe20252026 «asd ® ¥ =1 ? 30
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Decoding: Top-p (nucleus) sampling

* Solution: Top-p sampling
» Sample from all tokens in the top p cumulative probability mass (i.e., where mass is
concentrated)

* Varies k depending on the uniformity of P,

Ptl(yt =w |[{ ¥} Pf()’t =w [{y}<t) Ptg(yt =w [{y}<t)
— —

KCU"V ' «as@§ nbssChi =+*Uslta ncCsacCh
WiSe20252026 31
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Decoding: More to go

* Typical Sampling (Meister et al. 2022)
* Reweights the score based on the entropy of the distribution.

» Epsilon Sampling (Hewitt et al. 2022)
* Set a threshold for lower bounding valid probabilities.

P e =wl{y}<t) Ptz(yt =w [{y}<t) Ptg(yt =w |[{ y}<t)

—
KCU"V ' «as§ nbssChi +Usljta nCsach
32
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Scaling randomness: Temperature

* Recall: On timestep t, the model computes a prob distribution P, by applying the softmax function to
a vector of scores s € RI"!
_exp(Sy)
W =g—— =
Ywrey €Xp(Sy,)

* You can apply a temperature hyperparameter T to the softmax to rebalance 7;:

exp(S,, /1)
ey &p(Sy /T)

P(ye =

Piye=w) =

* Raise the temperature T > 1: P; becomes more uniform
* More diverse output (probability is spread around vocab)
* Lower the temperature T < 1: P, becomes more spiky
* Less diverse output (probability is concentrated on top words)

Temperature is a hyperparameter for decoding:
I It can be tuned for both beam search and sampling.

KCU"V ' «as§ nbssChi +Usljta nCsach
WiSe20252026 33
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Improving Decoding: Re-ranking

* Problem: What if | decode a bad sequence from my model?

» Decode a bunch of sequences
* 10 candidates is a common number, but it’s up to you
» Define a score to approximate quality of sequences and re-rank by this score
* Simplest is to use (low) perplexity!
+ Careful! Remember that repetitive utterances generally get low perplexity.

* Re-rankers can score a variety of properties:

+ style (Holtzman et al., 2018), discourse (Gabriel et al., 2021), entailment/factuality (Goyal et al.,
2020), logical consistency (Lu et al., 2020), and many more ...

* Beware poorly-calibrated re-rankers
» Can compose multiple re-rankers together. _ o
) KCU"V ' «as§ nbss Chui +tUsljta nCsacCh
WiSe20252026 34
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Decoding: Takeaways
* Decoding is still a challenging problem in NLG — there’s a lot more work to be done!

» Different decoding algorithms can allow us to inject biases that encourage different
properties of coherent natural language generation

* Some of the most impactful advances in NLG of the last few years have come from
simple but effective modifications to decoding algorithms

KCU"V ' «as§ nbssChi +Usljta nCsach
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Summarization

A Extractive Text Summarization

A Thetraditional method with the main objective to identify the significant sentences
of the text and add them to the summary. Note that the summary obtained
contains exact sentences from the original text data.

A Can be done with encoder (e.gBERT)

A Abstractive Text Summarization

A Theadvancedmethod, with the approach to identify the important sections, interpret
the context and reproduce the textin a new way. This ensures that the core
information is conveyed through the shortest text possible. Note that here, the
sentences, in summaryare generated by the model, not just extracted from the
original text data.

A Need Decoder (e.g GPTx, PEGASUS

https://medium.com/analytics -vidhya/text -summarization-using-bert-gpt2-xinet-5ee80608e961
https://ai.googleblog.com/2020/06/pegasus -state-of-art-model-for.html

WiSe20252026 GenAl' «as§ nbssChi +*Usljta nCsach 36
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Summarization with attention -based AE + AR

No recurrence in

transformers???

Output
Probabiitias

D S
Fead
ocument Set
t J
([(Add & Norm IGH
l Add & Nom Muli-Head
Feed Aftertion
Summarizer T ||
N Add&l Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
At J t
\ | J \ —
Pesilicnal L Positional
Encoding ®_€ Enceding
l Input l Output
Embedding Embedding
Inouts Cutputs
T [shifted right)
. % ' N ~ . . id . N
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Output Probabilities

Universal Transformer ——

https://arxiv.org/abs/1807.03819

After T steps

sdais | 04
sda|s | Jog

Target Sequence (right-shifted by one)
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Universal Transformer

Parameters are tied across positions and time steps

f ]
A fﬁ p_1 ,—1
( Transition Function | ( Transition Function | [ Transition Function |
4 4 4
- 2 [ Self-Attention Self-Attention_ ) Self-Attention |
*é. £ 7 Y '}
@) =
ng S J > ] = m )
Positions .

https://ai.googleblog.com/2018/08/moving -beyond-translation -with.html
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Interim Conclusion

ATransformers: Efficient, multi -modal data processors
Basedon embedding technology
APostneural Al: Finally," " Metomeseffective
How much of our thoughts and conversation are just filling the gap reasoning?
How much of our thoughts and conversation are just next word prediction?
We just do not careaslong aswe have a real cool computing device
Example GPT
ARecapthe GPTfamily

WiSe20252026 KCU"V ' «as@§ nbssChi +Uslta ncCsacho
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GPT1 (2018)

A
A

Pre-cursorto BERT2019

Similar architecture and training procedures
11® parametersin GPTlvs. 340M for BERTLarge

Pre-training: Maximize data likelihood as a product of conditional
probabilities, trained on BooksCorpus

Predicteachtoken basedon the k tokens (the' U Z U f thafi dathébefore
Tobe fine-tuned for eachtask while alsoretaining the generative objective

Training and fine-tuning basedon gradient descent

WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsacha
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GPTF2: Multiple tasks supported

WiSe20252026

Language Models are Unsupervised Multitask Learners

Alec Radford *' Jeffrey Wu *' Rewon Child! David Luan' Dario Amodei **' Tlya Sutskever **!

Abstract

Natural language processing tasks, such as ques-
tion answering, machine translation, reading com-
prehension, and summarization, are typically
approached with supervised learning on task-
specific datasets. We demonstrate that language
models begin to learn these tasks without any ex-
plicit supervision when trained on a new dataset
of millions of webpages called WebText. When
conditioned on a document plus questions, the an-
swers generated by the language model reach 55
F1 on the CoQA dataset - matching or exceeding
the performance of 3 out of 4 baseline systems
without using the 127,000+ training examples.
The capacity of the language model is essential

KCU" Vv

competent generalists. We would like to move towards more
general systems which can perform many tasks — eventually
without the need to manually create and label a training
dataset for each one.

The dominant approach to creating ML systems is to col-
lect a dataset of training examples demonstrating correct
behavior for a desired task, train a system to imitate these
behaviors, and then test its performance on independent
and identically distributed (IID) held-out examples. This
has served well to make progress on narrow experts. But
the often erratic behavior of captioning models (Lake et al.,
2017), reading comprehension systems (Jia & Liang, 2017),
and image classifiers (Alcorn et al., 2018) on the diversity
and variety of possible inputs highlights some of the short-
comings of this approach.
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GPTF2

A A general systemsshould learn to model 0 ¢ 6 0 §@eohd @i Q
A Thetask canbe specifiedin natural language, so language tasks can be framed as sequence

to-sequencetext processing
Findtask by prompt classification (could be done with BERT)

A Sequenceto-sequence A problem formulated as receiving input in some modality and
producing output in some modality (instead of e.g. predicting probability for labels in a
specifictask)

A GPTF2isgeneratively trained on WebTextdata and not initially fine-tuned on anything else

A GPT2 needsto be fine-tuned for handling specific contexts well

| Z30Aatt Z0 nZACs©! ' "gosHoA nault UC fCakUt U] "
WiSe20252026 KCU"V ' «asg§ nbssChi +*Usljta nCsachsl



‘.\ L ”
4 -
/2% Universitit Hamburg CHAI 77 [ +°

DER FORSCHUNG | DER LEHRE | DER BILDUNG HumanitiesCentered Al

Largerand larger models: E.g. GP-B

The blessings of scale
Al training runs, estimated computing resources used
Floating-point operations, selected systems, by type, log scale

PaLM (540B) %
GPT-3 LaMDA 1ot
, GPT-2 a
® Drawing Language X DALL-E 100
@ Vision Other BERT-Large
C 1 10
NPLM = ®
® [
NetTalk g 10:
Neocognitron - e 108
” o/ \DALINE 108
OTheseus 1
T ¥ T v T T T ¥ T d T ¥ T L) |
1950 60 70 80 90 2000 10 22

Sources: "Compute trends across three eras of machine learning”, by ). Sevilla et al,, arXiv, 2022; Our World in Data
https:// www.economist.com/interactive/briefing/2022/06/11/huge -foundation -models-are-turbo-charging-ai-progress
| Zz3U0Aatt zU nzZACs©! ' "gQshoeA nauit UC fCahU

a b 0
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Trainedon more and moredata

A #tokens seenduring training
A https://babylm.github.io/

200
Billion

3 30
<100 Billion Billion

Milli
illion . .

13 y.o. BERT RoOBERTa GPT-3 Chinchilla
Human (2018) (2019) (2020) (2022)
| Z3UAatt ZzU0U nZACs®©: '"gqosHdeAh nault UC f Canlt U]
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THE COST OF TRAINING NLP MODELS

A CONCISE OVERVIEW

Or Sharir Barak Peleg
Al21 Labs AlI21 Labs
ors@ai2l.com barakp@ai2l.com
April 2020

http://arxiv.org/abs/2004.08900

Yoav Shoham
Al21 Labs
yoavs@ai2l.com

Costs:Not for the faint-hearted
A$2.5k- $50k (110nillion parameter model)
A$10k- $200k (340 million parameter model)

A$80k - $1.6m(1L.%illion parameter model)
WiSe20252026 KCUO"V ' «asjg
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Distillation to the rescue?

Ve

A Ak.a.model compression

A ldeahasbeenaround for along time:

Model CompressionBucilaet al,2006)
Distilling the Knowledgein aNeuralNetwork (Hinton et al, 2015)

A  Simpletechnique:
Train' © C a GUseS@pre-training +fine-tuning technique to train model with maximum
accuracy
Labelalarge amount of unlabeled input exampleswith Teacher
Train' + £ 3 AIUBH stnaller model (e.g.,50x smaller) which is trained to mimic Teacher
output
Student objective istypically Mean SquareError or CrossEntropy

Contextual Word Represent_atioons with BERT and Other Pteained Language Models _ '
WiSe20252026 KCUu" v «asfd nbss Chii +Usljt a nCsacChss
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Amazon Book Reviews

Distillation

8 - R
AExampledistillation results 86 - - Teacher
-= Pre-trained Distillation
50k labeled examp| es,8M & ~+ Pre-training+Fine-tuning
82|
unlabeled examples B
ADistillation works much better than * Ty Mini Small Medum Bae
pre-training + fine-tuning with 128H 256H SI2H SI2H 768H

smaller model

Well-ReadStudents Learn Better: On the Importance of Po&ining
CompactModels (Turcet al,2020)

Contextual Word Representations with BERT and Other Pteained Language Models
WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsachse
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Why does distillation work so well?

Ahypothesis:
AFinetuning mostly just picksup andtweaks _existing_ latent features

AThisrequires an oversizedmodel, becauseonly a subsetof the features are
useful for any giventask

ADistillation allows the model to only focus on those features

ASupporting evidence:Simpleself-disgillati_on of a small model
(e.g., distillingasmaller BERTmodel) A Z C édrk fery well

Contextual Word Representations with BERT and Other Pteained Language Models
WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsacChs7
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GPTF3: Add RLHF with PPO

Prompts Dataset

x: A dog is...
4 ™\ (" Tuned Language )
Initial Language Model Model (RL Policy)
o/ 8~8 \ - :\: Reinforcement Learning
OO 0 O\ 0 Update (e.g. PPO)
X\ @ X 0@ 5" ¢
Neie Ne'e 0«0+ VyJ(0)
@@ A =

J y

e 0000 RLHF POO® Reward (Preference)
ase Text ®® 00 Tuned Text ®®®® Model
. o<
y: a furry mammal y: man’s best friend ) & : e :
o) @ T
\ Y, \_ 7L J -~
\< .

iz 2
— AL DKL (7ppo (¥]2) || Toase(¥lT))
KL prediction shift penalty

WiSe20252026 ro(y|z) ssChi +*Usljta nCsachms
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Limitations of RL + Reward Modeling

AHumap prefer?nce,s are unreoliable! | | ﬁum o
"«CnahhA Laurt u] " +te© a 0ugziaiuazu ¢ Compatible
Chatbots are rewarded to produce gt
responses that seem authoritative and helpful, regardless of truth

This can result in making up facts
+ hallucinations

AModels of human preferences are even more unreliable! Stuart Russell

AThere is a real concern of Al mis(alignment)!

https://openai.com{bloq/faulty -reward-functions/
WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsacho
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GPTF3 Even more versatile w/ fewshot learning

WiSe20252026

Language Models are Few-Shot Learners

Tom B. Brown™* Benjamin Mann* Nick Ryder* Melanie Subbiah*
Jared Kaplan® Prafulla Dhariwal Arvind Neelakantan Pranav Shyam Girish Sastry

Amanda Askell Sandhini Agarwal Ariel Herbert-Voss Gretchen Krueger Tom Henighan

Rewon Child Aditya Ramesh Daniel M. Ziegler Jeffrey Wu Clemens Winter
Christopher Hesse Mark Chen Eric Sigler Mateusz Litwin Scott Gray
Benjamin Chess Jack Clark Christopher Berner
Sam McCandlish Alec Radford Ilya Sutskever Dario Amodei
OpenAl
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Circulation revenue has increased by 5% Circulation revenue has increased by
P L niversitst Hamburg in Finland. // Positive 5% in Finland. // Finance CHAI 5o
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Panostaja did not disclose the purchase They defeated ... in the NFC

price. // Neutral Championship Game. // Sports

Paying off the national debt will be Apple ... development of in-house
Exam p Ie extremely painful. // Negative chips. // Tech

The company anticipated its operating The company anticipated its operating

profit to improve. // profit to improve. //

Aln-context learning is competitive with models trained with much more
labeled data and is state-of-the-art on LAMBADA ¢ommonsensesentence
completion) and TriviaQA(guestion answering)

AOther examples: Writing code from natural language descriptions, helping
with app design mockups, and generalizing spreadsheet functions

https://ai.stanford.edu/blog/understanding -incontext/
WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsachsl
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GPE 22vzW Ceafihg

Zero_s,lot 1 Translate

cheese =>

One_s.lot 1 Translate

sea otter

cheese =>

Translate

Fawv-Shot

sea otter

English to French:

English to French:

=> loutre de mer

English to French:

=> loutre de mer

peppermint => menthe poivrée

plush girafe => girafe peluche

cheese =>

WiSe20252026

task description

prompt

task description

example

prompt

task description

examples

prompt

Traditional Fine-Tuning

sea otter => loutre de mer example #1
N
gradient update
N
peppermint => menthe poivrée example #2

gradient update

eIe

eoe

N

plush giraffe => girafe peluche example #N

gradient update

cheese => prompt

«asd nbssChi +Usljta ncCsachs2
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In-context learning: Analysis

o

An-tzUf Cuf sCahUt U] AcCoeuht 6Ce a Al §§
Awhere the model is fed input normally as if it were a black box,

Aand the input to the model describes a new task with some possible
examples

Awh_ilevth_e resulting output of the model reflects that new task as if the
6§ZACs L[LaA 'scCahUCA™

AHow does this new paradigm compare to
"ohuCf hvat U Y gt Uuct 30C" y

WiSe20252026 KCU"V ' «asg§ nbssChi +*Usljta nCsachss
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TiviaQA

Question

Miami Beach in Florida borders which ocean?

What was the occupation of Lovely Rita according to the song by the Beatles

Who was Poopdeck Pappys most famous son?

The Nazi regime was Germany's Third Reich; which was the first Reich?

At which English racecourse did two horses collapse and die in the parade ring due to electrocution, in February 2011?

Which type of hat takes its name from an 1894 novel by George Du Maurier where the title character has the surname O'Ferrall ?

What was the Elephant Man's real name?

WiSe20252026 KCU"V ' «asg§ nbssChi +Usljta nCsacts4
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TriviaQA

70 _Fine-tuned SOTA

40

Accuracy

20

—e— Zero-Shot
—e— One-Shot
—e— Few-Shot (K=64)

10

0.1B 0.4B 0.8B 1.3B 2.6B 6.7B 13B 175B
Parameters in LM (Billions)

WiSe20252026 KCU"V ' «asg nbssChi +Uslita ncCsaches
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70 __Fine-tuned SOTA

TriviaQA

Accuracy

—e— Zero-Shot
—e— One-Shot
—e— Few-Shot (K=64)

175B

10

08B 1.3B 26B 6.7B 13B

Parameters in LM (Billions)
KCU"V ' «asg nbssChi +Uslita ncCsactes
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Pretraining and Finetuning - More Powerful Pre-Trained Model

Pre-Training & Fine—Tuning

unannotated
data pre—traln

Instruct GPT |o- '. )
X_\C'D—I fine-tune

task-specific
annotated data

)

fine_-tu ne

W i

Model

Need to store

WiSe20252026 new para

GPT3

Pre-Training & In-Context Learning

pre- tram
o=__ ,--------------"\
o-__ I ———— ’
Y no Iearmng
-------------- h ~> -
------------- -
2 nolearning
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Understanding context learning

AAn Explanation of In-context Learningas Implicit Bayesianinference
https://arxiv .org/abs/ 21102080

ARethinking the Role of Demonstrations: What Makes In-Context Learning
Work?
https://arxiv .org/abs/ 220212837

ACanthe context be given by principals when giving task descriptions that are
passedto agents?

ACanin-context learning help uswith dialogues?
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Instruction finetuning
A Collect examplesof (instruction, output) pairs acrossmany tasksand finetune anLM

A Evaluateon UnseentaSkS Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George
Q: Can Geoffrey Hinton have a Washington died in 1799. Thus, they
conversation with George Washington? could not have had a conversation

Give the rationale before answering. together. So the answer is “no”.
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