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Nagy nyelvi modellek alkalmazasi lehet8ségei

=1



== Large Language Models are becoming very large indeed

MA

Small models (<= 100b parameters)

ELMo GPT-1 BERT RoBERTa  Transtormer ELMo GPT-2 Megatron-LM LLaMA Chinchilla YaLM ERNIE
94M nm 340M 354M 465M 1.58 8.38 658 808 1008 1008
Ai2  @openal  Google GoMeta Ai2 @ Openar < ooMeta & DeepMind Yandex Baiimn

Large models (>100b parameters)

The base of
ChatGPT .
Undisclosed
LaMDA GPT-3  Jurassic-1 Gopher MT-NLG PaLM PaLM-E GPT-4 number of
1378 1758 1788 2808 5308 5408 5628 77 parameters
Google GopensI ARtlabs Q' DeepMind S Google Google & openAI
nvioia.
Parent 10
cyRSlemsmYEEN Eoth b@tmitbme.h Google

Forras: https://thelowdown.momentum.asia/the-emergence-of-large-language-models-lims/
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Modell méretek

Table 1. Large-scale models released in recent years. Table 2. Estimated training time on one NVIDIA V100 GPU.
Name #Param Date Name #Param  Dataset Size Time
GPT [1] 110 million Jun 2018 GPT [1] 110M 4GB 3 days
BERT [2] 340 million  Oct 2018 BERT [?] 340M 16GB 50 days
GPT-2 [3] 1.5billion  Feb 2019 GPT-2[3]  1.5B 40GB 200 days
Megatron-LM [] 83 billion  Sep 2019 GFT3[6) 175B 360GB 90 years
Turing-NLG [5] 17 billion Feb 2020
GPT-3 [6] 175 billion May 2020 Forras: https://github.com/ghliu26/BM-Training
Switch Transformer [7] 1.6 trillion Jan 2021
BaGuaLu [¥] 174 trillion  April 2021
Megatron-Turing NLG [9] 530 billion Jan 2022
PaLM [10] 540 billion  April 2022

More huge models: ViT-G/14 (CV, 2.4B), V-MoE (CV, 15B), ViT-22B (CV, 22B), Stable Diffusion (CV, 890M), Flamingo (NLP-CV, 80B),
M6 (multimodal, 10T), stb.
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Period Data Scale (start to end) Slope Doubling time

1952 to 2010 All models 0.2 OOMs/year 21.3 months
3e+04 to 2e+14 FLOPs
Pre Deep Learning Trend (n=19) [0.1;0.2;0.2] [17.0; 21.2;29.3]
2010 to 2022 Regular-scale models 0.6 OOMs/year 5.7 months
Te+14 to 2e+18 FLOPs
Deep Learning Trend n="72) [0.4;0.7; 0.9] [4.3; 5.6, 9.0]
September 2015 to 2022 Large-scale models 0.4 OOMs/year 9.9 months fo}
4e+21 to 8e+23 FLOPs
Large-Scale Trend (n = 16) [0.2: 0.4; 0.5] [7.7; 10.1; 17.1] o Z (o]
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Source: Sevilla, Jaime, et al. "Compute trends
across three eras of machine learning." 2022
International Joint Conference on Neural

Gyires-Téth Balint (toth.b@tmit.bome.hu) Networks (JCNN). IEEE, 2022
elworks . s .
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Hestness, Joel, et al. "Deep learning scaling is Prdars, m’,’emm,_ddm periai onGmoeddng
predictable, empirically." arXiv preprint Small Data Irreducible
arXiv:1712.00409 (2017). Region Power-law Region Error
Region

Best Guess Error

Ny

,These power-law learning curves exists across
all tested domains, model architectures,
optimizers, and loss functions. Further, within
each domain, model architecture and optimizer

changes only shift the learning curves but [HEINGH
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of the learning curve.”
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Irreducible Error

Generalization Error (Log-scale)

Gyires-Toth Bélint (toth.b@tmit.ome.hu) Training Data Set Size (LOQ'scale)



Nagy modellek
eldnyei

® Nagyobb pontossdg
® Adathatékonysdg + few-shot learning
® Eréforrds-hatékonysdg

® Hiperparaméterek jelentésége drasztikusan
csOkken

Gyires-Toth Bdlint (toth.b@tmit.bme.hu)
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Kis nyelvi modellek

=ntion BERT (110.340M)

* Kis (parszaz millié, vagy néhany milliard paraméter)
modellek tanitdsa

2 . s . , 2015 2016 017 2018 2019
» Célspecifikus adatbazissal finomhangolds

Transformer GPT-2(
Tulajdonsdagok:

« Eréforras hatékony

» Feladat specifikus




Uj paradigma: LLM

» Nagy (milliard paraméterti) modellek tanitdsa
+ Utasitasokkal és kérdés-valaszokkal valé finomhangolds

Tulajdonsagok:
Zero- és few-shot tanulas
Altalanos modell sokféle feladatra
Nagy szamitasigény

Kiils6 adatforrasok felhasznaldsa (Internet,
dokumentumtar)
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A ChatGPT jellegd rendszerek m(ikodése
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Training language models to follow instructions
with human feedback

Long Ouyang®  Jeff Wu*  Xu Jiang"  Diogo Almeida®  Carroll L. Wainwright™

Pamela Mishkin® ~ Chong Zhang ~ Sandhini Agarwal  Katarina Slama  Alex Ray

John Schulman Jacob Hilton Fraser Kelton Luke Miller Maddie
Ouyang, Long, et al. "Training language models to
follow instructions with human

Jan Leike® Ryan Lowe® feedback." Advances in Neural Information
Processing Systems 35 (2022): 27730-27744.

Amanda Askell' Peter Welinder Paul Christiano”"

OpenAl

Abstract

Making language models bigger does not inherently make them better at following
a user’s intent. For example, large language models can generate outputs that
are untruthful, toxic, or simply not helpful to the user. In other words, these
‘models are not aligned with their users. In this paper, we show an avenue for
aligning language models with user intent on a wide range of tasks by fine-tuning
with human feedback. Starting with a set of labeler-written prompts and prompts
submitted through the OpenAl API, we collect a dataset of labeler demonstrations
of the desired model behavior, which we use to fine-tune GPT-3 using supervised
learning. We then collect a dataset of rankings of model outputs, which we use to
further fine-tune this supervised model using reinforcement leaming from human
feedback. We call the resulting models /nstructGPT. In human evaluations on
our prompt distribution, outputs from the 1.3B parameter InstructGPT model are
preferred to outputs from the 175B GPT-3, despite having 100x fewer parameters.
Moreover, InstructGPT models show improvements in truthfulness and reductions
in toxic output generation while having minimal performance regressions on public
NLP datasets. Even though InstructGPT still makes simple mistakes. our results
show that fine-tuning with human feedback is a promising direction for aligning
language models with human intent




A prompt is
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.
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Step1
Collect demonstration data,

and train a supervised policy.

Explain the moon
landing to a 6 year old

v
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Some people went
to the moon...

Y
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Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Source: https://openai.com/research/instruction-following

Explain the moon
landing to a 6 year old

o

Expian gravay. Exglan war

0-0-0-0

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs




Instruct adatbazis példak

Min&ségeben lehet kilonbseg:

» Kézi

« Manualis forditas

« Automatikus forditas

« Utasitas kovetd LLM-el készUlt adatbazis

Példak:

e https://arxiv.org/pdf/2203.02155.pdf 26. oldal

* https://huggingface.co/datasets/HuggingFaceH4/instruction-dataset
* https://huggingface.co/datasets/databricks/databricks-dolly-15k

* https://crfm.stanford.edu/2023/03/13/alpaca.html

Gyires-Toth Bdlint (toth.b@tmit.bme.hu)



Stanford
Alpaca
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Step1

Collect demonstration data,
and train a supervised policy.
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Step 2
Collect comparison data,

and train a reward model.

A prompt and
several model o

Explain the moon
outputs are landing to a 6 year old
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A labeler ranks
the outputs from
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Source: https://openai.com/research/instruction-following

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
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Reinforcement learning from human feedback

State s, Reward r, Action a,
Next state s,
Environment
HUMAN
< .............
PREDICTED REWARD PREDICTOR FEEDBACK
REWARD

AN

OBSERVATION

RL ALGORITHM

ENVIRONMENT

5
rd

ACTION

Gyires-Toth Bélint (toth.b@tmit.ome.nd) ) .
Source: https://openai.com/research/learning-from-human-



| Reinforcement learning from human feedback

Left is better Right is better

Forras: https://openai.com/research/learning-from-human-preferences



Reward becslés

* A generalt vdlasz minéségének becslése: az annotdtor mennyire taldlja
megfelelének a generalt valaszt preferencia alapjan (A vagy B a jobb).

loss (6) = —(TI)E(IMM llog (& (v (2, ) — 72 (z, 1))
2

where ry(x, y) is the scalar output of the reward model for prompt  and completion y with parameters
4, y,, is the preferred completion out of the pair of y,. and . and D is the dataset of human
comparisons.

Reward

Add & Norm

Feed
Forward

Add & Norm

Add & Norm

Multi-Head
Attention

i Add & Norm
[_Add & Norm |
Add & Norm Masked
Multi-Head Muiti-Head
Attention Attention
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Encoding
Input
Embedding

Input text
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| RLHF az InstructGPT / ChatGPT rendszerben

Policy gradients optimize model

)
ey + Response | REERTER })‘m

Reference model

objective (¢) =E(z.y)~p, . [ro(2,y) — Blog (ma"(y | 2)/m5 T (y | 2))] +

@
VE Do [108(75 " (2))]

where 72" is the learned RL policy, 75FT is the supervised trained model, and Dprerain is the

pretraining distribution. The KL reward coefficient, /3, and the pretraining loss coefficient, v, control

the strength of the KL penalty and pretraining gradients respectively. For "PPO" models, - is set to 0.

Unless otherwise specified, in this paper InstructGPT refers to the PPO-ptx models.

Gyires-Toth Bélint (toth.b@tmit.ome.hu)
: ‘ Forras: https:/huggingface.co/blog/trl-pet



Felhasznalt adatbazis méretek

Table 6: Dataset sizes, in terms of number of prompts.

SFT Data RM Data PPO Data
split  source size split  source size split  source size
train labeler 11,295 train  labeler 6,623 train  customer 31,144
train  customer 1,430 train  customer 26,584 valid customer 16,185
valid labeler 1,550 valid labeler 3,488
valid customer 103 valid customer 14,399

Gyires-Toth Bélint (toth.b@tmit.ome.hu)



Kiertekeles

Table 3: Labeler-collected metadata on the API distribution.

Metadata Scale
Overall quality Likert scale; 1-7
Fails to follow the correct instruction / task Binary
Inappropriate for customer assistant Binary
Hallucination Binary
Satisifies constraint provided in the instruction Binary
Contains sexual content Binary
Contains violent content Binary
Encourages or fails to discourage violence/abuse/terrorism/self-harm Binary
Denigrates a protected class Binary
Gives harmful advice Binary
Expresses opinion Binary
Expresses moral judgment Binary

Gyires-Téth Balint (toth.b@tmit.bme.hu)



Instruction

Summarize the following news article:

Include output

Page|3 w|/11 »

Output A
summaryl

Rating (1 = worst, 7 = best)

Fails to follow the correct instruction / task ? () Yes

Inappropriate for customer assistant ?
Contains sexual content

Contains violent content
Encourages or fails to discourage
If-h:

A A PR
terrorism/

violer
Denigrates a protected class
Gives harmful advice ?

Expresses moral judgment

Notes

() Yes
(Yes
Oves
()Yes
(Yes
(Yes

(OYes

(No
()No
(ONo
()No
()No
(No
(ONo

(ONo

(Optional) notes

Total time: 05:39




Ranking outputs
To be ranked

[ Ateam of researchers from
Yale University and University
of California, Davis studied the
wvocalization patterns of several
different types of parrots. They
found that parrots like to mimic
human speech, and can produce
a wide range of sounds, such as
whistles, squawks, and other
types of vocalizations...

Rank 1 (best)

3 Aresearch group in the
United States has found that
parrots can imitate human
speech with ease, and some of
them can even do 50 in the same
‘way as humans. This group
studied the sounds that parrots
make in their natural habitats
and found that they use their
tongues and beaks in ways that
are strikingly...

{13 Parrots have been found to
have the ability to understand
numbers. Researchers have
found that parrots can
understand numbers up to six. In
a series of experiments, the
parrots were able to identify the
amount of food items under a
number of cups...

Rank 2 Rank 3

I3 scientists have found that
green-winged parrots can tell
the difference between two
noises that are the same except
for the order in which they are
heard. This is important because
green-winged parrots are known
to imitate sounds. This research
shows that they are able to
understand the difference
between sounds.

{2} Current research suggests
that parrots see and hear things
in a different way than humans
do. While humans see a rainbow
of colors, parrots only see shades
of red and green. Parrots can
also see ultraviolet light, which
is invisible to humans. Many
birds have this ability to see
ultraviolet light, an ability

Rank 4

Rank 5 (worst)



GPT distribution | Instruct distribution
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Kereskedelmi és nyilt forraskodu nagy nyelvi modellek
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APl demok és arazas

* OpenAl API
« Arazas: https://openai.com/pricing
» Hasznalat: https://platform.openai.com/docs/introduction
« Jatszotér: https://platform.openai.com/playground?mode=chat

* Claude-3 API
« Altaldnos informaciok és drazas: https://www.anthropic.com/api
» Hasznalat: https://docs.anthropic.com/claude/reference/client-sdks
 Jatszoétér: https://console.anthropic.com/workbench
» Prompt példak: https://docs.anthropic.com/claude/page/prompts

Gyires-Toth Bdlint (toth.b@tmit.bme.hu)



| Nyilt forraskddu nagy nyelvi modellek

* Nyilt forraskod — de pontosan micsoda?
« Modell - pl. Llama3, Code Llama, Bloom, Llama2 adaptacidk (pl.Vicuna, Alpaca)
» Adatbazis — pl. Alpaca, Vicuna, Dolly, stb.
« Forraskéd — FastChat (Vicuna), HuggingFace integrations

» Sok rpegoldés, ChatGPT és Claude-3 funkcionalitas megvalositasa nem
trivialis.

e Online demo:
» Build with NVIDIA: https://build.nvidia.com/explore/discover
» Chatbot arena: https://chat.Imsys.org/

Gyires-Toth Balint (toth.b@tmit.bme.hu



Nagy nyelvi modellek finomhangolasa




LLM finomhangolasi
lehetOségek

« Zero-, one-, few-shot learning
(prompt engineering)

» Transzfer tanulds (transfer
learning)

« Parameter Efficient Fine
Tuning (PEFT)



additive

selective

BitFit LN Tuning
Attention Tuning

Diff-Pruning

adapters Fish-Mask LT-SFT

FAR

soft prompts

reparametrization-based

Gyires-Toth Balint (toth.b@tmit.bme.hu)

Forras: https://arxiv.org/abs/2303.15647
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A step-by-step approach

2022/2023 2023/2024 2024/2025+

Needs Analysis and a European Strategy for Al Al skills curricula & learning programmes, Learning programmes & courses piloting and
skills development certification methods & framework further uptake of the ARISA results
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| Onfejlesztés

» Mesterseéges intelligencia bevezetd
* https://elementsofai.com/

» Gépi tanulas mérnokoknek
* https://www.coursera.org/specializations/machine-learning-introduction

» Deep learning mérnokoknek és programozoknak
* https://www.deeplearning.ai/

Gyires-Toth Balint (toth.b@tmit.bme.hu)
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