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Today

* Pre-trained Language Models

e Large Language Models
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BERT - Bidirectional Encoder
Representations from Transformers
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BERT = Transformer Encoder
« flTransformerfwgidss—itF, BERT HIA—1NEIEIFES,
s BFERAE—MFHRASCLS] TR (UERTFaF9E,
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* Input: a single sentence, Output: sentence class

\§'§E
Classifier
(MLP+Softmax)
BERT
iy iy iy > Examples:
[CLS] W W Wi e sentiment analysis
\1 : j e document classification

sentence
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HORESS = : BRiEtRE

Input: a single sentence = Output: classification of each word

classification

1P R 4 N 1
[ Classifier ] [ Classifier ] [ Classifier ]

a2 a

Example: slot filling
BERT
A A ~ other dest other time time
N T I t t t $ t
[CLS] W, W, W, <[Arrive Shanghai on Nov 2" }
\ )
Y
sentence
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FRESS= - AFURRDE

input: two sentences output: relationship

Example: natural language inference

given a “premise”, determining whether a
[(Mi?zsifler )] “hypothesis” is T/F/unknown.
+ooftmax
BERT
A\ A A A A
r r I L )
[CLS] w,  ow,  [[SEPI] ws wy W
\ Y ) \ Y )
sentence1 sentence 2
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Generative Pre-Trained Transformer (GPT)
GPT-3 (175B)

« HEFTransformerfZiEssAVFllE5iE
Si=8Y

GPT-2
— (1542M)
(340M) ' S
[OpenAl 2019]  [OpenAT20207
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BERT vs GPT

Google BERT

OpenAl GPT
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GPTFiillZx

FullERIESS: 2R EANESERE
— EINFIN-17EE, 1HEEFNEE NN

> < HFR1E
@Transformer ﬁﬁﬁ%ﬁ%i]

<S> = =

+ + + +
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T

U”éﬁxﬁ*ﬂ?@éﬁ . 1(0)=— Z log pg (xilxy, ..., X1y

=1

https://github.com/huggingface/transformers/tree/main/src/transformers/models/gpt2
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GPT &S

GPT-1 Y GPT-2 Y GPT-3 *code Codex N GPT-3.5 YW GPT-4
2018.06 2019.02 2020.05 2021.07 2022.03 2023.03

1
decoder-only architecture  unsupervised multitask learner in-context learning code pre-training ! strong reasoning ability
generative pre-training scaling the model size exploring scaling limits ! multi-modal ability
1
1
1
code-davinci-002 SUEEGY text-davinci-002 sl text-davinci-003 il gpt-3.5-turbo ChatGPT
2022.03 2022.03 2022.09 2023.03
capable code model instruction following human alignment excellent comprehensive ability
Simulated exams GPT-4 GPT-4 (no vision) GPT-3.5
estimated percentile estimated percentile estimated percentile
Uniform Bar Exam (MBE+MEE+MPT)' 298 /400 298 /400 213 /400
90th 90th 10th
LSAT 163 161 149
~88th ~83rd ~40th
SAT Evidence-Based Reading & Writing 710/ 800 710/ 800 670 /800
~93rd ~93rd ~8T7th
SAT Math 700 /800 690 /800 590/800
-89th -89th ~70th
Graduate Record Examination (GRE) Quantitative 163 /170 157 /170 147 /170
~80th ~62nd ~25th
Graduate Record Examination (GRE) Verbal 169 /170 165 /170 154 /170
~99th -96th ~63rd
Graduate Record Examination (GRE) Writing 4/6 4/6 4/6
~54th ~54th ~54th
USABO Semifinal Exam 2020 87/150 87/150 43 /150
99th - 100th 99th - 100th 3ist - 33rd
USNCO Local Section Exam 2022 36/60 38/60 24 /60
Medical Knowledge Self-Assessment Program 75 % 75 % 53 %
Codeforces Rating 392 392 260

below 5th below 5th below 5th

A Survey of Large Language Models  https://arxiv.org/abs/2303.18223
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Ultra-large pre-trained language models that can be adapted for

various tasks
e g I
GPT-2

345M 1750B 1.7T 1147
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Pretrained
LLM
QA

Task Summarization * re
A: XXX Classification
) Positive )
Finetuned y Finetuned
LLM Finetuned LLM
LLM
Q: XXX XXX? XXX XXX
XXX XXX

Problems with full finetuning:

1. Computationally heavy
2. Overfitting
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£Huggingfaceuf FE#EEIcheckpoint

)Y, HUggmg Face Q gpt2 ¢ Model card 'I= Files and versions

Models

Hugging Face is way mor openai-community/gpt2 ¥ main v gpt2

openai-community/gpt2-large

@ lysandre TAFF Adds the tokeniz
® openai-communii °penai-community/gpt2-x1
M onnx
) nlpconnect/vit-gpt2-image-cap
7 TextGeneration & gitattributes - safe

openai-community/gpt2-medium
@® |Inference Endpoints 64-8bits.tflite

ai-forever/rugpt3large_based_
64-fple.tflite =
64.tflite ~

README.md - safe
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from transformers import GPT2LMHeadModel, AutoTokenizer, AutoModel
from transformers import TextDataset, DataCollatorForLanguageModeling
from transformers import Trainer, TrainingArguments

model_name = "uer/gpt2-large-chinese-cluecorpussmall”
model = GPT2LMHeadModel. from_pretrained('./model_cache/gpt2-chinese-cluecorpussmall/')
tokenizer = AutoTokenizer.from_pretrained('./model_cache/gpt2-chinese-cluecorpussmall/")

dataset_path = "./data/train.txt"

tokenized_datasets = TextDataset(
tokenizer=tokenizer,
file_path=dataset_path,
block_size=200,

|

data_collator = DataCollatorForLanguageModeling(
tokenizer=tokenizer,
mlm=False

Machine Learning: Lecture 11



SRR (PEFT)

Can we just optimize a
small set of parameters?

Pretrained LLM

& G

Fine-tuning entire LLM
IS computationally
Inefficient

L

|:> Pretrained LLM

&

o

computational
efficiency
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LoRA

Low-Rank Adaptation of Large Language Models

e Represent weight updates using two smaller matrices through

low-rank decomposition

h Embedding
/ v\AW
+
[rx
Pretrained Ws
weights «Tr > r<d

L
W, [dxr

~_

X Inputs

d
LoRA: Low-Rank Adaptation of Large Language Models (2021)

Machine Learning: Lecture 11
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TIME for Coding

Tutorial: Al Diagnosis By Fine-tuning LLMs

v WORKSPACE [SSH: LABSERVER]

>
>
>

G ZR B
bom_ocr

codestyle

v diagnosisGPT

W N NS N N2 N NS NS N/

> data

> gpt2-finetuned

> model_cache
diagnoseLLM_APL.ipynb
diagnoseLLM_FT.ipynb
diagnoseRAG.ipynb
diagnoseRNN.ipynb

i diagnoseTransformer.ipynb

dialogPrompt

DSP_AI

guxd.github.io

job_rec

nncircuit

RepoQA
Seqg2Seq4TestcaseGen

svm

temp_field

B EOa diagnosisGPT > @ diagnoseLLM_FT.ipynb > M Version2: take special proces{
+ KRB + Markdown | [> 285517 O BB = BERFERE | & Jup

> v

from transformers import GPT2LMHeadModel, AutoTokenizer,
from transformers import TextDataset, DataCollatorForLangy
from transformers import Trainer, TrainingArguments

model_name = "uer/gpt2-large-chinese-cluecorpussmall”
model = GPT2LMHeadModel. from_pretrained('./model_cache/gpt
tokenizer = AutoTokenizer.from_pretrained('./model_cache/d

dataset_path = "./data/train.txt"

tokenized_datasets = TextDataset(
tokenizer=tokenizer,
file_path=dataset_path,
block_size=200,

data_collator = DataCollatorForLanguageModeling(
tokenizer=tokenizer,
mlm=False

Machine Learning: Lecture 11
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A= BRI

e Prompt LLMs with task instructions, no parameter update.

~
LLM
™ | b g
g Parameter Frozen )
U.SQ" ?TOMP& LLM
senera OA
Answer
## Role
R—LTHENER, BEEFNLIMIE 25
## Context

AV S B KA — AT e, BA AT IAE, TTARZRA M P IRE,

## Instruction

FIRIES — 1y = e K A, & Faea% 512 X054, FHIFW 4L = by
'\\_:3:.5
o 2L Yo
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BHEHER
B IRREN BRI SRENER,

Q: — Ml B AT B, HEBIRAET A
e, BATHAME. X . A5, BATAR, Bh

%@*%éﬁ;@ai g DL 5 % 4 = 208 H
61, Al B —3t 1. ARJE, 1HEFHZER
2 R | UM S| v 45347, 4476k,
Fibl 3 % 6 = 184 AH
A:ibFRAT— 00 % %, B&Ja, R
(Let” s think step H & k132228 20
by step) . + 18 = 38, HM,

— 3L 3SHAEY

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. (2022)
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ReAct GEIR-1E(E)

Reasoning + Action: X 12 B 3% $& 4 ) T8 (Reasoning) B A4S
EEFEEN{E(Action).

7 [ (1d) ReAct (Reason + Act) } ™N

Thought 1: I need to search Apple Remote and find the
program it was originally designed to interact with.

Act 1: Search[Apple Remcte]

Obs 1: The Apple Remote is a remote control introduced in

Octob 2005 by Apple .. iginally desi dt trol: kh
DN o-oo-or . The ReAct framework
Thought 2: Apple Remote was originally designed to control a“OWS LLMS to interact With

the Front Row media center program. I need to search Front

11:2: ;?x;eZEShf;::n:h;zw?ther device can control it. eXterna| tOO|S tO retrieve

Obs 2: Could not find [Front Row]. Similar: ['Front Row . . . .

S(ea;tto E?r'th',] 'Front Row Motorsports',' FEFront Row addltlonal |nf0rmat|on that
leads to more reliable and

Thought 3: Front Row is not found. I need to search Front
Row (software)

Act 3: Search(EESHENSHINSSEENEEEN factual responses.

Obs 3: Front Row is a discontinued media center software ..

Thought 4: Front Row (scftware) is controlled by an Apple

Remote or the keyboard function keys. So the answer is

keyboard function keys.

Act 4: Finish[keyboard function keys ] \/
7

S

https://arxiv.org/abs/2210.03629
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MEEIERER (RAG)
At A EFRAG?

LLM ] gEfR Z B #THY X & T A GUB I AR

- Course Outine

R N e —— |
: Al kﬁgﬂgﬁﬂﬁ 9;5&4 : LLM ” 1 Y277
A BRI AT R R ;‘[ THIE
i IR EES
SMEREIIR

Lecture 11: Large Language Models
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RAG - S{PHEES

BT 48 R IMER AT KRB AT AR 3

User Query

| wonder if there were any
mentions of expansion
plans in Asia last year?

Prompt

Given the following context,
answer the following
question about Company A’s
filings with the Securities
Exchange Commission (SEC)..

Context: %

Question: I:l

Text Generator

f ( L LM) “Storyteller”

Input Query Embedding
[0.334,0.231,0.729 ...]

o baddina A |

+
+

Daocy

Document segment embedding 1
[0.185, 0.648, 0.127,0.792 ...]

Vector Database

¢

Retriever
“Sleuth”

“Yes, in Company A's recent 10-K filing, they
mentioned their strategic intent to expand
their operations in Southeast Asia. The
document outlines plans to establish three
new retail outlets in Singapore, Bangkok,
and Jakarta by the end of 2024.
Additionally, the company is in preliminary
discussions to form a joint venture with a
local distributor in Malaysia to strengthen
their market presence in the region."

Output

Machine Learning: Lecture 11
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RAG - EFIESR

RAGIE E B8F= K0 AM:

L BERARE: AR A ([
g MHETRERER

2. [ EEIRE: FFAIRAXN R EEFR
FlEERFEIZEERS]

3. RIBER: RIFWRANAIRENER

https://huggingface.co/blog/ngxson/make-your-own-rag

User

/ ‘\
(1) ask
'

Embedding model

(2) search (4) response

Vector Database

|

(3) knowledge

Chatbot

Machine Learning: Lecture 11
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RAG - BEXRIE

Z 5| BT EX: breaking documents into small chunks and
embedding them into vectors that can be efficiently searched
during generation.

Chunk1

T

Chunk1

| —P

Vector Database

Embedding Model

ChunkN

-

Chunk Embedding Vector
Italy and France produce over 40% of all wine in the world. \[0.1, 0.04, -0.34, 0.21, ...\]
The Taj Mahal in India is made entirely out of marble. \[-0.12, 0.03,0.9,-0.1, ...\]

90% of the world's fresh water is in Antarctica. \[-0.02, 0.6, -0.54, 0.03, ...\]

Machine Learning: Lecture 11 28



RAG - BEXRIE

1 &P Bt For a new query, calculate the query vector, and

compare it against the vectors in the database to find the top-

K relevant chunks.

Relevant

User Query Documents

©‘ | want to...

|

(1)}} Similarity
>

Embedding Model —>
5.0
Query
Vector imi 1 = = o
similarity(A,B) = cos(8) = 11411 11B]|
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RAG - BEXRIE

4 Bt ER: Finally, the retrieved chunks will be augmented to
the original prompt to the LLM to generate a response.

Prompt

Document store

) Generator |
(Language Model)

!

B

Retrieved Documents

Response

Machine Learning: Lecture 11
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TIME for Coding

Tutorial: Al Diagnosis Using RAG

\ WORKSPACE [SSH: LABSERVER] ENESONS diagnosisGPT > @ diagnoseRAG.ipynb > M+ Implement the retrieval func]

> BFIEREIEEE + KRB + Markdown | [> 28T O 2R
> bom_ocr

> codestyle

. Loading the dataset

> data

= BRFIEEL |

> gpt2-finetuned Create a Python script and load the dataset into memory. The d3

> model_cache Here is an example code to load the dataset:

I diagnoseLLM_APL.ipynb

@ diagnoseLLM_FT.ipynb
I diagnoseRAG.ipynb dataset = []

@ diagnoseRNN.ipynb
i . dataset = file.readlines()

I diagnoseTransformer.ipynb

dialogPrompt

DSP_AI

guxd.github.io

[3] v/ 0.0s
Loaded 6882 entries

job_rec

nncircuit

Seq2Seg4TestcaseGen

svm Now, let's implement the vector database.
temp_field

L T A T [E A R TSR A T, TR T A T

with open(‘'data/train.txt', 'r') as file:

print(f'Loaded {len(dataset)} entries')

RepoQA v Implement the vector database

We will use the embedding model from ollama to convert each

Machine Learning: Lecture 11
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LLM Agents

https://www.promptingguide.ai/research/lim-agents

Machine Learning: Lecture 11
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LLM Agents

UXERIAR%Z , BEEERE. REMMITIESHEDRIAL
G
B FRIREHEES: AT RERRIREIRIE AR |, EeeiraessanEER
FHISEBirF KB T30
B (FS KBS | BERAADEARTHITIFES | LK.
m FHATR: RHERINETEMAMUMKSERENRREEEE
B RESHE: TFEEBT AR R TEEINRL

@ SWE-agent Agent-Computer Interface f@lﬂ Computer\

LM-friendly commands 63 Terminal
</ Navigate repo .9 Search files
= View files B Edit lines k= Filesystem

(: LM Agent) BB sklearn/

LM-friendly BB examples/
environment feedback (Y README.rst

\ J
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Agentiz L 4HIF

1. **Eﬁ: ENE ﬁEMSE’J KX, AREFEES.
BHTHEIR. ERuRTR

2.THEE (Tools ) : EHaeS/MptERREREO , ‘ User

MEERTE. [E %ﬁTEF_ HFITHSEF., KRE eauest

B EREIAIES (ANREER. JSON ) A,

17.

Bz (Memory ) - FEFRISHRER. WFE

THEGIKERRTR | @Eﬁ% HRi2)Z (a0 EUXTIEWEE

7 ETX ) LR KHRIEY, (e

7% ) . IBIZRABBERTAI— (?..’GI -
%8 , AEEEUEELI,

4 J=HITETE - EeeRBEELL "Bl — IR%R — 175
JI E¢ RIS VARRTEER , EEMESSSThEnAEER

https: /aitutor.liduos.com/07- agents/07-1.html
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AgentIT{EiRiE

BEEIEE" M- BE-1750- R B "HITEAR

@ {E5HE: BEZR
d ESSEAFESH
HRERITIR

tryd

@ (ESIBRE: ‘
_ otrBFBtr. ® IRiAM: X
qF - EFSAREENT
RN B,

@ WHEAL: FTHD
IEHA% iekns, RE
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AgentIT{EiRiE
BB - BE-175- R B "HIER

1. %532 (Perception) : Al P4 H— A& EKXKEWF, MIEHHATE,
KR F FPIER, RRES LR fnE L,

2. %M X| (Planning) : ¥ EZXE S ERFR AL T FHES, HHE
PATF . Blam: "HR,T B LZEHEHRE" — 288 "HBEE
"V "BEERE". "R, "TERRE"ETES

3. TEEA (Action) : 4t UM FHESLEFLEWTE, AR THH
RAoBEE s, REHATEFRBIATER, ARERRIRAEER,
Blan: HF"HE/EET W T E "THHEHREE.

4. 74 (Evaluation) : MM T EHATERRGHLER, WE LR
W, HMERBEAFELMTAEEHNIAT. HEPATELE, HHRKRE
Ko

5. &3 541k (Iteration) : MTFTR SR EE L HREIAT, EEESH T
fﬁzﬂ:;—é@%%ﬁiﬁ, BEAETHESHNER, AERFEAF T KWK
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What's Next? VEQ]F.S)

Convolutional Neural Networks

The world of computer vision!

* A new type of neural networks
that can understand images

e Computer vision tasks:
classification, detection,
segmentation, ..
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