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© Program for Solving Tasks

® Task: predicting positive or negative given a product review

‘I love this product!” “It claims too much.”  “It’s a little expensive.”
l program.py l program.py l program.py
* - ?
if input contains “love”, “like", etc. if input contains “too much”, “bad”, etc.
output = positive output = negative
"BEF—KRLEM!" "FRASYEEND.." "BIRETRTER
l program.py l program.py l program.py
2 I ?

Some tasks are complex, and we don’'t know how to write a program to solve them.

XK ohttps://www.youtube.com/watch?v=Yd7R3JIFvnY



© Learning = Looking for a Function

® Speech Recognition (- | )= RYT
@ Handwritten Recognition A )= “2°
® Weather forecast £ Thursday )= "“ ., Saturday”

)= “move left”

® Play video games 7 -

XK ohttps://www.youtube.com/watch?v=Yd7R3JIFvnY



Supervised Unsupervised Transfer Reinforcement
Learning Learning Learning Learning
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o v Ep’?‘ ( Regression )

4

0}'1'%’11‘

L)

A

% /% #g (Classification )

T ERE B BRI L 5 -

@ ClassA

Classification

Salary{in Rupees)

BEERE

DIERIEE ] 0 GlAo|ETE) S P e R TR AR o
DAERAEFE S bldes B RAEE
BApml - FE DT

Salary vs Experetence (Training Dataset)

Years of Expenence

Regressionin
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Assessing educators' attitudes towards the use of generative
Al in teaching through structural equation modeling«

o, o Sample Gender Age Result
MEAIRRSHISAE  HAIARELRRALTFIALCANE - BARLRTE Student A Femal 7 Object A
HEFERET AR BRI BEORAAET RN S TR UL - £HF A GenAl tudent emate ject Lonictic Rearecsion: Gender ve Ade
MBABEARPRER AR T AR SARGEAMRICEY LHPPHRME - AR BT g S ' g
Refsh BASTRARH £ 08 B R R TR SO GenAl oy £ B AL £ & ) . Result
BB HERREI MBS BF S ERR LB RER RS - £ RHARRRER StudentB Female J ObjectB Objecta
FER T REEMN - ¢ 10 - O ObjectB
€ . @ studentk
KRR E AR GALT RARTRASBA - HHME EEHREAR Al TRSS StudentC Maie § ObjectA
SH - EA R EE o AR S5 AT (SEM)EAT SRS © URE MR AT A5 9 S o
FFHERAEAZRRAALERN QEAENE - HELIF AR HEARREERE - & StudentD Female [¢] ObjectA
EBHTRBF LA S ARERBERAT  TERTENREF AI RS LAAME
M ARERIT MEAHARR Al WERMENEAERARFE TR - &5 8 - o
RARRB SRR T RERBTEESH - ¢ Student £ Male 5 ObjectB .
g
: 7 O O
StudentF Male 10 ObjectA
. f i)
StudentG Male 7 ObjectB ° i
StudentH Female 6 ObjectB 5 O o
Student] Male 9 ObjectA 4 . - - .
-0.5 0.0 0.5 1.0 15

Gender (0 = Female, 1 = Male)

StudentJ Female 5 ObjectB
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< B4 (Clustering) : #-4p iuendicdp & = - ¥ > Gldoff £ 4 H o

< BMERRIE Y (Association Rule Learning ) : 28 IRBicdp ? B BRI > Gldopb e £ 2 47 o

Be? - AR A - B R (rafir) -RFRE LR

S8 o o ° .'-:::..: '::
o:.....: :‘::.. lll . e e .0;0
et e o | — —— 24
..:0. .. :: ... ' :::: }.. Spending Score
DATA UNLABELED HIDDEN e,

RECOGNITION  DATA o5 T
RECOGNITION | *,J* *%«~

Annual Income $

Spending Score

Clustering

/

Annual Income $



N K i{‘;‘ & 23 (Unsupervis

[ K-means])
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[ % =< & #g (Hierarchical Clustering) ]
<+ Hierarchical Clustering (& =x ®#8) ¥ - a2 S5 ¥V 7§85 % o
o KBS S BEE
o K RS R ¥ ALK Bl (Dendrogram) & 7 0 BT Bcip 0 e BB AR ok B -

% 2 %A (hievarchicdl (Clasrapns) | N
EEEEEENNEREEE
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P1 P2 P3 P4 PS5 P6
DDDDDDDDD
P1 P Ps Pa Ps Ps



“E R H Y (Unsupervise

[ a8 B0 8 4 (Associated Rules Learning) )

o jighs. )5]\74’? R

o TR IREYpE T P 2 R EARR -

G S RAPAR 10+ Sl B = SIE S BT . SRl S (= Y S
< & &2 : Apriori ~ Eclat




S BHEEY I - FBRA- BiEae ERaai BRIV - BAPM I E o

e ORCVRPERF O B A Edp g D Ak o
o }"f:g;’i’r

%l%*% D % 2 uF e ResNet & VGG HEA] & (7 378§ 47 -

AJ

o B ARFETRIL (NLP) @@ % Fp"GE 5 #5034 BERT & GPT i& {7 AT 73474 o

Pre-trained CNN {R B3R R i IS S Eh

(S |

Conv + pooling
Conv + pooling

B TN
Conv + pooling

Transfer |
i parameters j

CNN for new task EFHETHE » BRERE  BREAH




R FEY A - BANREZOFY 2 ot (Agent) BRRT & BEBERIET KT § 5 R e
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OV ERRGREE R A AR REBECIEREY
SRS H IR

o }'@;’l’r . f[%
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Al Agent

s B m g E eomodel o —%’K{ftkf LB R @ B A o

o A LLM(= A3 % -3 (text to text) ~ text to image ~ Image to image ~ voice to text ~ text to voice

£ Chatbot

= IRE T BB SRR EE

S0P DU EmEr SR EmnNEE
=EH 1 : sIEEmR

RECTEROERNEMASY A REEE (CPU) - TR
(RAM ) - BEEENRA/faLEE - WinhEE N4 2 ENHEEF
H -

=H 2 : BiERR

fratE# D » FEEENURTAN ? BAELERRNEIEER (AW
- FEE - FRE)  ISESASERRERTATPRER

73 ?EEHLsLﬁlgﬁ

dalle 3

Use via API - FEGradioiEE ©

- .. FfFosds
B & @ A G @ L S, B

Open api + graido



Q. Search models, datasets, users...

a Hugging Face

Hugging Face is way more fun with friends and colleagues! =~

Tasks Libraries Datasets Languages Licenses Other

(1 Filter Tasks by name

Multimodal

Audio-Text-to-Text Image-Text-to-Text
Visual Question Answering
Document Question Answering Video-Text-to-Text

Any-to-Any

Computer Vision

£2  Depth Estimation Image Classification

Fn  Object Detection Image Segmentation

[> Text-to-lmage Image-to-Text Image-to-Image

Image-to-Video Unconditional Image Generation

Video Classification Text-to-Video

¢ Models

Join an organization

Models 1,207,539 @ Filter by name

meta-1llama/lLlama-3.3-70B-Instruct
7z Text Generation - Updated 6 days ago + L 166k - 4 « 2 1.1k

= tencent/HunyuanVideo
b Text-to-Video - Updated 10 days ago « + 4.61k « <2 1.08k

black-forest-labs/FLUX.1-dev
> Text-to-lmage  Updated Aug 16 + 4 1.36M « 4 « O 7.31k

& Qwen/QwQ-32B-Preview
z# Text Generation - Updated 18 days ago « L 107k - 4 « <2 1.31k

® franciszzj/Leffa
E Image-to-image - Updated about 17 hours ago - <2 107

Hugging face

“ Datasets [ Spaces @ Posts @ Docs [ Enterprise Pricing

Full-text search Tl Sort: Trend

@ Datoul111/shou_xin
[z Text-to-Image « Updated 8 daysago » 4 18.1k « 4 « < 481

@ CohereForAI/cdai-command-r7b-12-2024
# Text Generation » Updated about 15 hours ago + 4 1.84k « &2 221

& deepseek-ai/DeepSeek-V2.5-1210
zz Text Generation - Updated 6 days ago » 4 5.28k - &2 198

N NexaAIDev/OmniAudio-2.6B
it Audio-Text-to-Text - Updated 3 days ago - X 1.6k « < 117

@® JeffreyXiang/TRELLIS-1mage-large
& Image-to-3D « Updated 11 daysago » % 219k - <2 200




Al Agent

B Upload Image (Optional) = |ITIE-QE DEE: riptiﬂl'l

A detailed view of the U.S. Capitol building in Washington, D.C.
at night. The image is a sepia-toned sepia tone, giving it a worn
and aged look. The dome of the Capitol building is visible in the
center of the image, with its intricate architecture and intricate
details. The building is surrounded by trees with bare branches
on the left and right sides, and the branches of the trees are
visible on the right and left sides of the frame. The background is
a light brown color, and there is a white border around the
image. The bottom portion of the building is a darker shade of
brown, while the top portion is a lighter shade of beige. There
are a few lights shining down on the building, illuminating the
building and the surrounding area.

Image to text

kiR
other parameters https://huggingface.co/spaces/aiqcamp/
FLUX-VisionReply

T— -

Text to image "




return dummy->next;
}
7

Al Agent

HHI203 MR EES

® GRERBIEUTIANEZEELE

S ZRAE % * gnchatgpt o 4 F A RAE G [ 2w ] =

Feoture Store

user pro'P‘nle_ as wovie category pre_‘Pere_nce 1. dummy 15EHE9¥)MEIEIOIE
—~ fREEXE -
userID | Action Sci-F Thaller Westem
cpp
1 4.8 2.1 03 4.2
— ] 0y ListNode* dummy =
USe,t‘S 1.5 9441 4.3 . e )
3 3.2 .5 3 3.2
124 HREEM—EEER/NhT
W 1, The Shawshank Re,c:le,n:\f:‘t?on, N
_— The film narrates his Journey of r‘eSulne_nce,, hope,
S ond quest for Preepbm.”,"bramafcr‘nme”,
— 1994
——a
9.,"'T'he_ &odpa‘ther",

“The £ilm cle,pic‘ts the transformation of
@ Me,'tada.‘be, store Michael Corleone ... ...
Prompt engineering
L odl l §Movie list and de,Scr‘?P'Cion}
anguage Modle fuser pro{-\[e}

Ple,a.se, write o e_mail Campa?frn

Subject: & Immerse Yourself in the Thall of Sci-F and Action!

Buckle up for a ride through time, space, ond altermate realities
with our ‘top sci-f action recommendations jus‘t for you:

generate a picture

X R https://aws.amazon.com/what-is/ai-agents/



Model Workflow

A Scikit-Learn Workflow

'H'*EE
=
+ | _—
N ¥
2. Pick a model 3. Fit the model to the data 4. Evaluate the model 5. Improve through 6. Save and reload

1. Get data ready ‘ ‘
(to suit your problem) and make a prediction experimentation your trained model



Data

< BiE B ( Structured Data )

N/

& ¥ 3R R A TR E (e MySQL -~ PostgreSQL) & © + % ¥ (4 Excel) ¢ o

7 ==

* ’Fj’j}:i'.? vk F’fr’?.] R ‘}%’ *zx—*;?;—r » T 0 & 5N A - iR cedk o & 7] eE — f]}v}%@ fj_—'lglz-'ﬁ rﬂ?\ﬁj?\ﬁlfx‘fﬂq (ll}lj‘ﬁf';fgﬁ;t N -

< Semi-structured Data (= % #£ 1 TT#)
A

e .
o Tkl 4

» TR - R A e it FORIRARE
¢

© - kg ek RAITOREY o A AN G aiRieiE T A A S B R e s B4 XML ~ JSON ~ YAML X -
< Unstructured Data (-5 # 1* 7 #)

SOEF R RS TS 2R .

* PDF ~ image ~ mp3 ~ mp4 r/;ﬁf ®
[f(’/: 4( ’ﬁ’ﬁ »
A E{,;i o’ o’

Structured Semi-Structured Unstructured
Data Data Data



Data cleaning

which

heart disease.1i

# ey
<class 'pandas.core.frame.DataFrame’>

A data management RangeIndex: 303 entries, 0 to 302
Data CIEE"SI“E prm:e; Idil:::r::::cf:_:::t:?ﬂ Data columns (total 14 columns):
inconsistency in data sets # Column Non-Null Count Dtype

non-null

non-null int64d
cp non-null int64
trestbps 3 non-null intod
chol non-null int64d
ftbs non-null int64
restecg non-null int64
thalach non-null int64d
exang non-null int64
oldpeak non-null floated
slope non-null int64d

o = A= I B = L T o B " WU I B =

et
®

cp trestbps chol fbs restecg thalach exang oldpeak slope

3 145 233 0 150
2 130 250 187 3.5

0 23
1 0

130 204 0 172 0 14
0
1

ca non-null int64
12 thal 303 non-null int64
13 target 303 non-null int64d

dtypes: float64(1l), int64(13)

memory usage: 33.3 KB

et
et

178 0.8
163 0.6




Splitting Data

Split

18 15

Training split (70-80%) Validation split Test split
(10-15%) (10-15%)

1 import train_test split

X _train, X test, y train, y test = train test split(X, vy, train size=0.8, test size=0.2)

X_train.shape, X test.shape, v train.shape, y test.shape

((242, 13), (61, 13), (242,), (61,))




Modelling

o PRI PR 2 ER EF R o

@
Choosmg (o model Experiment _
Accuracy Training time
o= .
1 > 2= » . > 87.5% 3 min
Structured Data
L - Inputs Model 1 Outputs
dmic
XGBoost &g ¢
Problem 1 Model 1 walboost Fianciom. Forest 2 =5 § = . % 91.3% 92 min
Y | Unsinictused Pata Inputs Model 2 Outputs

-|||-||‘||||-

¥ e | 3 > 5ok > 947% 176 min
Problem 2 Model 2 Deep Learning Transfer Learning B

Inputs Model 3 Outputs




Model Tuning

Cooking time: 1 hour
Temperature: 180°C

CE—
A=
O O O O

Cooking time: 1 hour
Temperature: 200°C

# FEhEEELIS

np.random.seed(42)
for i in range(10, 160, 10):

print({f"Model accruacy on

print("")
Trying model with

Model accruacy on

Trying model with
Model accruacy on

Trying model with
Model accruacy on

Trying model with
Model accruacy on

Trying model with
Model accruacy on

Trying model with
Model accruacy on

Trying model with
Model accruacy on

Trying model with
Model accruacy on

Trying model with
Model accruacy on

10 estimators...
test set: B.7540983606557377

20 estimators...
test set: ©.8360655737704918

30 estimators...
test set: B.7540983606557377

40 estimators...
test set: B.7784918032786885

50 estimators...
test set: ©.7868852459016393

60 estimators...
test set: 0.819672131147541

70 estimators...
test set: 0.7540983606557377

80 estimators...
test set: ©.8032786885245902

9@ estimators...
test set: 0.819672131147541




Model Comparison

2 H5E(X)
:0 7}.-""‘1]1 7L+ g)ll‘gﬁ%«friElj?‘;é%—!— E"f’jori;; *FK %E—ngﬁ o
POE B E - mE R RS - (QF AR Y A AR S F IR A

DI ADE B f/%_ .
o AT (SRR BRI A SRR ) o
o N e I f7 0 2 .g;ﬁjfgwfg

0:0 i%, ’5\'_' g)":‘;ﬁp?{ F;I'l& 3 i&%\

Data Set Performance

Data Set Performance Training 64%

Underfitting
(potential)

Test 47%

Training *98%
Data Set Performance

Test 96% Training 93%

Overfitting
(potential)

Test 99%



Model Comparison

< w# L (XK)

o BAFDPE (oLl L2E R ) kX R
R ECRIR S R o) ]

o H Ao REyy  REAE D LA ol e

o % 2R %7 (Cross-Validation )

Kt &ALt 4 o

Underfitting Balanced Overfitting

(Goldilocks zone)



Indicator

10.1.1. Accuracy (¥EFER)

o RERAERNERESEGEREZLES
- BRABR | EREENRENSHSEE (I 50% 2 AR 50% = BHR) °

. BE SRS RTENERERRERT » AR SEER o =

IEFE R RV &
BES

H 4

WE ZLltraln setiEfTILEF » — B

I3
f |_| I

1(FtEHX_train, y_trainzEgl|&aY)

model .score(X _train, y train)

model.score(X _test, y test)

e Accuracy =

0.7868852459016393

10.1.2. Precision (fBiEE) Confusion Matrix

o B I RERAERNETHEB(SERAHEILES

v FHAEZER | & HHREARIESENAERE K » AlNBE2E PR
R (TP)
RIS (TP) + RIS (FP)

e Precision =

10.2.2. Mean Squared Error (MSE)
10.2.2. 975RE (MSE)

s T BAEHREEBEZENFEAERENTEE -
o IRERTS  AEAREORE o

o RS - BUSMC (FRENBEARER) o

e MSE=1nYi=1n(yi —y)2MSE=-3"_, (y,— )’

True label

Predicted label

Heat map
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Data Science
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—

------------------------------------------------------------------------------------------------

--------------------------------------------------------------------------------------------

% matplotlib 1F O .,.
.

CatBoost

TensorFlow PyTorch X GB OOS t

--------------------------------------------------------------------------------------------

s
jupyter .)
o RANACONDA

Jupyter Notebooks



What Is Deep Learning

Input Layer 1 Layer 2 Layer L Output

vector x | abel
R=L L
—tF_] !II
Input Output
Layer Hidden Layers Layer

Features / Representations

Representation Learning attempts to learn good features/representations
Deep Learning attempts to learn (multiple levels of) representations and an output

xR ohttps://www.youtube.com/watch?v=F-HjOMQSQYE



Large language Model

SRV RFIHMEBOFEREY KA

GPT-389I| 8x & i

Quantity Weight in Epochs elapsed when
Dataset (tokens)  training mix training for 300B tokens
Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 2.9
Booksl 12 billion 8% 1.9
Books2 55 billion 8% 0.43
Wikipedia 3 billion 3% 34

Common Crawl
WebText2
Books1, Books2
Wikipedia

https://arxiv.org/abs/2005.14165

MBRRAAHESE (BEEXMNAE)
Reddit €1z 8 M 71 32
HEXMBEEHE
BANRXGEEBRARE

3

%ﬂ%%

LLM

& 310

X & : https://youtu.be/la9nhavGG5M?si=vs3emHOk3GgBw_bF



Large language Model

* GPT : Generative (2 =) Pre-treaned(5g 3" 3 «7) Transformer

®
®
GPT-1 GPT-2 GPT-3
11742 1512 175042

X & : https://youtu.be/la9nhavGG5M?si=vs3emHOk3GgBw_bF



Transformer

¢ GPT : Generative (£ =) Pre-treaned(3g 2" 3% 1) Transformer

% ftransformorz. = &_z **RNN

s 2 W E
Add & Norm |«
Feed m Hj E

Forward
a p Add & Norm |<—
Add & N
" Ak Multi-Head Q'E
Feed Attention
Forward 5 3 ) Nx
BAE ¥
o R ERFF <
Nx ~—> Add & Norm B 1 — L~

Masked

Multi-Head Multi-Head
Attention Attention
I (I O
-

|

Positional ®_<+> -
Encoding Encoding
Input Output mAE

Transformor structure

Positional

_______________________________________________________________________________________________________________________________________

X & : https://youtu.be/la9nhavGG5M?si=vs3emHOk3GgBw_bF



Transformer

Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar” Jakob Uszkoreit*

Google Brain Google Brain Google Research Google Research The- The
avaswani@google.com noam@google.com nikip@google.com usz@google.com -

Llion Jones” Aidan N. Gomez"* | Lukasz Kaiser” a n l m a I—
Google Research University of Toronto Google Brain A
1llion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com dldn

Illia Polosukhin* ¥
illia.polosukhin@gmail . com

X & : https://youtu.be/la9nhavGG5M?si=vs3emHOk3GgBw_bF



Transformer

oo FEMIt, EHEHA?

The animal didn't cross the street because T was too tired
- (. The._ . The_
' i animal_
.L Ehattadial . |7 | i '\ didn_
t t
Cross_ Cross_
the_ the_
— \ e | o TIEER “"animal” , tHTTEER “street”
it it o " - "
was_ was._ & ﬁﬂﬁfiaﬁmfﬂiﬁqzﬁ animal J:
too_ too_
(t)iore tire
d_ d_

0.34

0.8

013 jo.

11 | 1.00

0.92

0.19

-0.18 |-0.99]0.34 | 0.47

student

< EmEE

X & : https://youtu.be/la9nhavGG5M?si=vs3emHOk3GgBw_bF



Transformer-encoder

Qutput 4
Prabatbilities R AL d
-0.30 0.72 045} Jo0e63}y .- O|man
Smftimax O Kirig o
Tnear decoder 0.85 0.41 -0.41 O-quéen At
1 ~ i
Add & Norm g
Feed
4 y
I'"—h t
- ™\ Add & Norm ﬁAE
Add E..Nr::rm Multi-Head
‘ Feed Attention
Forward M
Y "_} y
Nix Add & Norm [8100, 374, 304, 264, 10960] token ID
Add & Norm .
r Masked
Multi-Head Multi-Head
Attention Attention
At At ) . ,
A ) /) | She is in a restaurant token
Positional Positional
- + = .
Encoding 4 ' Encoding
‘ Input ‘ Output
Embedding Emb?ﬂding She is in a restaurant JRIE XA
T | f
Inputs Qutputs

(shifted right)

Figure 1: The Transiormer - model architecture. % ik https://youtu.be/la9nhavGG5M?si=vs3emHOk3GgBw_bF



Transformer-decoder

encoder

f_l

Add & Norm

Feed
Forward

A

b

Add &'Nnrm

Multi-Head
Attention

1t

L

~

Qutput

Probabilities

t

Softmax

t

Linear

1

decoder

|
Add & Norm

Feed
Forward

%

~

Add & Norm

Multi-Head
Attention

7

Add & Norm

Masked
Multi-Head
Attention

’

A

Positional
Encoding

+
{

Input
Embedding

T

Inputs

Qutput
Embedding

T

Outputs

(shifted right)

Fositional
Encoding

Figure 1: The Transformer - model architecture.

0

The animal didn't cross the

X & : https://youtu.be/la9nhavGG5M?si=vs3emHOk3GgBw_bF

T

<start>




RAG

@ o LLMeas 4

< oo actd ¢ B e 2 HA(GPT-3 & GPT-4) E_ A »03F L2 lendicdp i (7" e 0 i3t Body A T 28
l& s W /‘2‘ L"PEE}:Q ;fof”Ja o

o J2 @«X@iﬁ-,{éﬂb‘_ DA S HA T o F1 5 D =4 ) B 42 (Hallucination)

S FHSHRIE TSN RBFLLME T T T oA i@ Sl R iE € B RIM A BRI Ao A R
-

r—g o
NG v r—j’]':ﬁ L M T : LLM mff'lﬂﬂ %ﬁ.% ‘Q 'g 7}}:%?‘)”,"— o et ve ootk - : ° -
LR ORISR AT & BATS 8 bk A B A ¢
User Input Context JE 7 K Gt FARMR SRR 2 H T R B A
User Intent Enhancing Learning Outcomes through Retrieval-Augmented Generation: <

An Educational Chatbot for Computer Science Courses<

RAG * ABSTRSCT+«
ARG ARFEMBE—EEN RAG B9 F W RAS A - EAN RS EREGEE - %
LLM Knowledge External Contextual AR E A AR B B A A S 5 2k 6 4 B B T e o
Reference Data

" INDRODUCTION*

PPREBARMAEBENTFRETARATHEEEY  GEANEREFTRENLP) K ERE
(ML)&gtrig 48 & » AR RAZEZHMAULLMS)&) 2 ER - MR B AR —FEN IR0 #
#3538 > BB g KRBT REFELA P EfTETH(Wirtzetal,, 2018) - 48 EEAME L T3 A
o WP RBBALELH MR B/ @ A A5 3 (Maedche et al., 2019) - ig sbdf b 48 H R A &



User

Local Document

- APl
- Web Crawer

3
s

Chunks

e e e D e e e e =y

rn
3
o
@
Q
Q
5

@

b

/ Query Vector

LLM

ca®) bij IBD": {

&
|

= Prompt Template

RAG %

Tal by a0aress
(1) Please explain paramater passing by examples of two modes. (4%)
(2) What would be the results of call_by_Mode function ( test{element] )
when the parameters are passed by two mode. (3%, 3% if all answers are
element Integer {privale)

test Integer array of size 2

fumction call_by Mode { x: Inleger)
T
test[1] =23
element :=2;
x =X + testfelement];
testf2] =x;
¥
=
{
test{1] :=78;
test(2] =85

element =1
call_by_Mode(tesi{element])

Moda Results
tesi[1] tesif2]
Call by value
Call by address
2. Please explain which three parts are included in the structure of the CPU
and what are their functions? (5%)
3. Please comparison of register, cache, main memory and disk storage.
(5%}
4. Please comparison the instruction-sat architectures in RISC and CISC
processors in terms of at least 2 impeortant characteristics. (4%)
5. Calculate (12CA) aalid i D%, 2%)
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it I 7022 Markdown STiE s
£ "knowledge-base" EflFEPIIEFFTE Markdown 745 -

text loader kwargs = {'encoding': 'utf-8"}

folders = glob.glob(". /=l knowledge-base/*") # EHEEICE
documents = [] # H-EE TE

for folder in folders:

doc_type = os.path.basename(folder) # JEH] /458

loader = Directoryloader(
folder,
glob="**/* md", # EFEEFEHPEFE Markdown =

loader cls=TextlLoader,
loader kwargs=text loader kwargs

)

folder docs = loader.load{() # fi0=; {2

Tl —

# =00 metadata ( Hl0-C{FEEE

for doc 1n folder docs:
doc.metadata| "doc _type”™] = doc type
documents.append{doc)

print (f"7J0= C&8= © {len(documents)}")
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56 {EH EhaPacterTextSplitter" S LR o & B ENEY IR -
57 HEHEEIA/NE 2000 FiF - FE 400 FEHNNESE S - BERL N IUES -

58 e

59 text splitter = CharacterTextSplitter{(chunk size=2000, chunk overlap=400) # S =57

p =

315 chunks = text splitter.split documents(documents) # 4&Z 7%
61 print(f"&£ 5 /EBIE : {len({chunks)}") # FITEN&E IV NEBIE

[

. —ﬂif{ﬂh_r_ A [E

71 embeddings = OpenAlEmbeddings{(} # #

72 it os.path.exists(CFG.db _name): # %
Chroma(persist directory=CFG.db name,

Embeddlng_functlmn Emheddlﬂg5) delete collection()

75 vectorstore = Chroma.from documents(

76 documents=chunks, # "7 4%

77 embedding=embeddings, # & =%

78 persist directory=CFG.db name # =7 {LEIEETE
79 )

print(f"Vectorstore created with {vectorstore. collection.count()} documents"™)
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retriever
memory
conversation chain

1lm = ChatOpenAl(temperature=0.7, model name=CFG.MODEL)

vectorstore.as retriever() # {f T EEE |
= ConversationBufferMemory(memory key="'chat history', return_messages=True)
= ConversationalRetrievalChain.from 1lm{(1lm=11m,

e T

view

th chat(message,

result

history):

conversation chain.invoke({"question

return result["answer"”]

er.ChatInterface(chat, type="messages").launch{inbrowser=True)
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retriever=retriever, memory=memory)
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2. 248 ( Floating Point )
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