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B From Transformer to Large Language Model

¢ RNN Architecture
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From Transformer to Large Language Model

% Sequence to Sequence Leaming with Neural Networks (2014, NeurlPS)
. PRS2 PNOR Wskle 1Y

*  Encoder 2} Decoder = O|F0{A O, =2 22| 2|0A A= k5ot S&feNLP 2K 4~

Sequence to Sequence Learning
with Neural Networks

Ilya Sutskever Oriol Vinyals Quoc V. Le
Google Google Google
ilyasu@gocgle.com vinyals@google.com gvlEgoogle. com
Abstract

Deep Neural Networks (DNNs) are powerful models that have achieved excel-
lent performance on difficult learning tasks. Although DNNs work well whenever
large labeled training sets are available, they cannot be used to map sequences to
sequences. In this paper, we present a general end-to-end approach to sequence
learning that makes minimal assumptions on the sequence structure. Our method
uses a multilayered Long Short-Term Memory (LSTM) to map the input sequence
to a vector of a fixed dimensionality, and then another deep LSTM to decode the
target sequence from the vector. Our main result is that on an English to French
translation task from the WMT-14 dataset. the translations produced by the LSTM
achieve a BLEU score of 34.8 on the entire test set, where the LSTM's BLEU
score was penalized on out-of-vocabulary words. Additionally, the LSTM did not
have difficulty on long sentences. For comparison, a phrase-based SMT system
achieves a BLEU score of 33.3 on the same dataset. When we used the LSTM
to rerank the 1000 hypotheses produced by the aforementioned SMT system, its
BLEU score increases to 36.5, which is close to the previous state of the art. The
LSTM also learned sensible phrase and sentence representations that are sensitive
to word order and are relatively invariant to the active and the passive voice. Fi-
nally, we found that reversing the order of the words in all source sentences (but
not target sentences) improved the LSTM’s performance markedly, because doing
s0 introduced many short term dependencies between the source and the target
sentence which made the optimization problem easier.
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B From Transformer to Large Language Model
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B From Transformer to Large Language Model

Sequence to Sequence Leaming with Neural Networks (2014, NeurlPS)
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B From Transformer to Large Language Model

% Sequence to Sequence Leaming with Neural Networks (2014, NeurlPS)
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From Transformer to Large Language Model

% Attention in Seq2Seq Leaming
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B From Transformer to Large Language Model

% Attention Is All You Need (2017, NeurlPS)
«  Seq2Seq 2 Attention 2 HEX AI2S SLHSIGH 2
*  NLP 200l AERE|0] CiFet ZO0[lM S&

Attention Is All You Need

Ashish Vaswani* Noam Shazeer™ Niki Parmar™ Jakob Uszkoreit™
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com mnikip@google.com usz@google.com

Llion Jones* Aidan N. Gomez* T Lukasz Kaiser*
Google Research University of Toronto Google Brain
1llion@google.com aidan®cs.toronto.edu lukaszkaiser@google.com

Tllia Polosukhin* *
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature.
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B From Transformer to Large Language Model

% Attention Is All You Need (2017, NeurlPS)
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B From Transformer to Large Language Model
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B From Transformer to Large Language Model
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«% Attention Is All You Need (2017, NeurlPS)
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B From Transformer to Large Language Model

«% Attention Is All You Need (2017, NeurlPS)
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B From Transformer to Large Language Model

% Attention Is All You Need (2017, NeurlPS)
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B From Transformer to Large Language Model

% Attention Is All You Need (2017, NeurlPS)
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3. Large Language Model (LLM)
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B Large Language Model (LLM)

* Background for LLMs
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B Large Language Model (LLM)

* Background for LLMs
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- Large Language Model (LLM)

% Emergent Abilities for LLMs
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B Large Language Model (LLM)

“ Emergent Abilities for LLMs
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B Large Language Model (LLM)

% Improving Language Understanding by Generative Pre-Training (2018)
«  HIX|= ARMSREE K| OMIE™S Z516ENLPO|| St ‘EXI=8RS KA
o CIUSHRIN0| A O/ IS5t BHAQl 551 5k
v ZASI0| MY X HISIE S5 S0 W ORI s

Improving Language Understanding
by Generative Pre-Training

Alec Radford Karthik Narasimhan Tim Salimans Ilya Sutskever
OpenAl OpenAl OpenAl OpenAl
alec@openai.com kKarthikn@openai.com tim@openai.com ilyasu@openai.com

Abstract

Natural language understanding comprises a wide range of diverse tasks such
as textual entailment, guestion answering, semantic similarity assessment, and
document classification. Although large unlabeled text corpora are abundant,
labeled data for learning these specific tasks is scarce, making it challenging for
discriminatively trained models to perform adequately. We demonstrate that large
gains on these tasks can be realized by generarive pre-training of a language model
on a diverse corpus of unlabeled text, followed by discriminative fine-tuning on each
specific task. In contrast to previous approaches, we make use of task-aware input
transformations during fine-tuning to achieve effective transfer while requiring
minimal changes to the model architecture. We demonstrate the effectiveness of
our approach on a wide range of benchmarks for natural language understanding.
Our general task-agnostic model outperforms discriminatively trained models that
use architectures specifically crafted for each task, significantly improving upon the
state of the art in 9 out of the 12 tasks studied. For instance, we achieve absolute
improvements of 8.9% on commonsense reasoning (Stories Cloze Test), 5.7% on
question answering (RACE), and 1.5% on textual entailment (MultiNLI).
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- Large Language Model (LLM)

% GPT : Generative Pre-trained Transformer
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- Large Language Model (LLM)

% GPT : Generative Pre-trained Transformer
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B Large Language Model (LLM)
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B Large Language Model (LLM)

+»» GPT Framework
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B Large Language Model (LLM)

% GPT Framework
«  Step1: Q| USK|=E CHEBEHC| HHEH Sk (Unsupervised Pre-training)
v" Text &Position Embed : Token Embedding Matrix W, Text Text
v OABITIO= OARBHZIS 7K |E2 Fmbed Iing Prediction Classifier

{

Layer Norm

Bob likes pizza

T

e X v de v pm Feed Forward
Intial Embedding of1|o|o]|0]|0]|O0]O OneHot Vector 2 12, EmbeddingLayer £ Salisks

T

12x

Layer Norm

[

. Masked Multi
W,:[2,5,Embedding] Self Attention

TokenEmbeddng 11
D [Batich Size \bcab Size, Embedding_dim] [—
embexding

Q.. Daota Mining
ob Quallity Analytics




B Large Language Model (LLM)

“* GPT Framework
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B Large Language Model (LLM)

s GPT Framework
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B Large Language Model (LLM)

N

s GPT Framework

Daota Mining
Quallity Analytics

Step 1: CHZIC| UEX|Z CHREFO| AP 5k (Unsupervised Pre-training)
Step 2: Labeled Data= AF2510] SH TaskM| L| OIMIZEH (Supervised Fine-tuning)

Objective Function

P(y|x, .., x™) = softmax(h]*W )

L,(c) = Z log P(y|x}, ..., x™)

xy)

xl, ..., x™ : Input Tokens
c : Labeled Dataset

12x

Text Text
Prediction Classifier

{

Layer Norm

T

Feed Forward

T

Layer Norm

[

Masked Multi
Self Attention

1

Token & Position Embed




B Large Language Model (LLM)

¢ GPT Framework
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Large Language Model (LLM)
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Large Language Model (LLM)
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Large Language Model (LLM)

%+ Language Models are Unsupervised Multitask Leamers (2019)
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To== ol Melet Task & R0l MESHHS L= 20| =1

Language Models are Unsupervised Multitask Learners

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

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 fo 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.




B Large Language Model (LLM)

* GPT-2 Architecture
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- Large Language Model (LLM)

% Task Conditioning in GPT-2
GPT-1 2| Objective : P(Output | Input)
GPT-2 = &gt Unsupervised Model = AFE510] Multiple Tasks eiaS =&
v Objective: P(Output | Input, Task)

CHE Task Of| CHoll Set Input 0= CHE Output 4-d Output

2 30j1= 2 249l0| m=Ct

Un grand pouvoir implique une grande
responsabilité

l-' Un gran poder conlleva una gran

responsabilidad

Input
With great power comes great responsibility
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Verantwortung
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Large Language Model (LLM)

% Zero-Shot Leaming & Zero-Shot Task Transfer
GPT-1: Task®| ZR01| (2} Input £ Ordered Sequence 2 &t

GPT-2: 20| =047 Task2| EMS O[5H5HT LOA BHS LR O 2 Ojfat

With great power comes great responsibility

2 30jl= 2 24Ql0| 2

With great power comes great responsibility

Un grand pouvoir implique une grande
responsabilité

Peter and Elizabeth took a taxi to attend the
night party in the city, While in the part,
Elizabeth collapsed and was rushed to the
hospital.

Elizabeth was hospitalized after attending a
party with Peter

Q.. Daota Mining
ob Quallity Analytics

Translate
English > Korean

Translate
English > French

Summarization
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% Zero-Shot Leaming & Zero-Shot Task Transfer
GPT-1 : Task2| S=0]| (L2} Input = Ordered Sequence = Het
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B Large Language Model (LLM)

%+ Language Models are Unsupervised Multitask Leamers (2019)
M
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B Large Language Model (LLM)

% Language Models are Few-Shot Leamers (2020)
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Language Models are Few-Shot Learners
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B Large Language Model (LLM)

¢ GPT-3 Architecture
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B Large Language Model (LLM)

“ GPT-3 Architecture
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B Large Language Model (LLM)

*% Overall Process of Language Model
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B Large Language Model (LLM)

% Limitations of Fine Tuning

« M= TaskO]| Cligt Task & Labeled Dataset L
T2 0|
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B Large Language Model (LLM)

% GPT-3: No Fine-tuning Required
 Labeled Dataset O] 2Qol |*1|35§ A A2

« DN Q0| AfSeks Tto = SAIGH= RE 1=
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Language Model Model Fine Tuning Final Model
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B Large Language Model (LLM)

% GPT-3: No Fine-tuning Required
Labeled Dataset O| 2L OMIZEE HAIE K2
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v In-contextLeaming
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B Large Language Model (LLM)

% In-context Leaming
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New Query

Review : Delicious pizzal Sentiment : Positive
Review: The pizzawasawful. Sentiment : Negative
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% In-context Leaming
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B Large Language Model (LLM)

¢ Few-shot, One-shot and Zero—shot
Few-shot : 220j[7| Task AH + Model 2| Context Window k0| 5= G| Xif=- (Limited Labeled Dataset)
*  One-shot: ZZ20{| SH-I2| KIXIZE XMIZ (One Labeled Example)
*  Zero-shot : 20| OGN KIS 42, AP XATHO 2 Ofl= (No Labeled Example)

TaskDescription ~ Translate English to Korean:

Bear > &=
Prompt Elephant — 272 Translate English to Korean:
Goat — G2 Translate English to Korean:
Bear — &=
Elephant — _
Monkey — P Bear
Few-shot One-shot Zero-shot

Q.. Daota Mining
ob Quallity Analytics



- Large Language Model (LLM)

** Few-shot, One-shot and Zero-shot
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B Large Language Model (LLM)
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Large Language Model (LLM)

* Broader Impacts of GPT-3
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B ChatGPT

% ChatGPT
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B ChatGPT

% Instruct GPT (2022.03)
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ChatGPT

* RLHF: Reinforcement Leaming from Human Feedback
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% Instruct GPT (2022.03)
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B ChatGPT

% Instruct GPT (2022.03)
*  Step2: Reward Model 3k
v AJZI0| GPTC] Output Off 9| 5204
v Ranked Data= S5l ARZI0] 088 Output & & M5 3X| GI=5H=Reward Model &k

Step 1 Step 2
Prompt Dataset OfiA = Pompt 2110 T2
MEDOTRt RS DHO| 042 Oupuis =& >_

®,8,0

0] 2240 Ouipus Of &
20|04

®>B6>0
)

>
SloJEI2 AR50 21| HOEISAIS5101
GPT-30MEEE Reward Model 2k

A20] Desired Output
2ois

Q.. Daota Mining
ob Quallity Analytics



ChatGPT

% Instruct GPT (2022.03)
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B ChatGPT

% Instruct GPT (2022.03)
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% Instruct GPT (2022.03)
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B ChatGPT

** Instruct GPT (2022.03)
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B ChatGPT

*+ Technical Evolution of GPT Series Models
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o After ChatGPT
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B Conclusions

s From Transformer to Large Language Model
e Transformer 2| Encoder 7 |5t—BERT A& / Decoder 7 €t —GPT A&

% Large Language Model (LLM)
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