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1950's 1960’s 1970°s 1980's 1990’s 2000’s 2010’s

Since an early flush of optimism In the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.
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Statistical learning/
Shallow learning

Deep Neural Network
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Multi-layered
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ADALINE (Backpropagation)
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Perceptron
Golden Age | Dark Age (“Al Winter”)
Electronic Brain

1940 1950 1960 1980 1990

S. McCulloch - W. Pitts D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes

XAND Y XORY NOT X — FoWard ACtivity e < o - 5 .-
% fy . o, L I, L
ANWARNE ' — ‘ ‘
M v oo % Yoo X g Backward Error e
= Adjustable Weights « Learnable Weights and Threshold « XOR Problem + Solution to nonlinearly separabledaroblems « Limitations of leaming prior knowledge « Hierarchical feature Leaming
+ Big computation, local optima and overfitting + Kernel function Human Intervention

* Weights are not Learned
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[ A computer program is said to learn from
experience E with respect to some class of tasks T
and performance measure P, if its performance at
tasks in T, as measured by P, improves with
experience E.

——Tom Mitchell, 1997
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Mastering the game of Go with deep . . |
neural networks and tree search Human expert positions Self-play positions




Geoffrey Hinton g
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O SVM, Artificial neural networks, Hidden Markov
Model...

At a Snowbird conference on neural nets in 1992, David Haussler and his col-
leagues at UC Santa Cruz (including one of us, AK) described preliminary re-
; sults on modelling protein sequence multiple alignments with probabilistic mod-
BiOIO gic al ! els called 'hidden Markov models' (HMMs). Copies of their technical report
were widely circulated. Some of them found their way to the MRC Laboratory
sequel!ce of Molecular Biology in Cambridge, where RD and GIM were just switching re-
ana IVSIS search interests from neural modelling to computational genome sequence analy-
sis, and where SRE had arrived as a new postdoctoral student with a background
in experimental molecular genetics and an interest in computational analysis. AK
later also came to Cambridge for a year.
All of us quickly adopted the ideas of probabilistic modelling. We were per-

Probabilistic models

of proteins and
nucleic acids

R. Durbin

S. Eddy

A. Krogh

G. Mitchison

| I NN N . [

Richard Durbin Sean Eddy Anders Krogl Graeme Mitchison
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O FEXFINZREIE:
Sun et al., Protein Eng. 1997, 10, 763-9;
a 1 997£E 1?"AI¥$ ?EW% g | )\ Wen et al., Acta Biophysica Sinica, 1999, 15, 733-739;

g =8 =4 Hua et al., J Mol Biol, 2001, 308, 397-407;
—_ R Hua et al., Bioinformatics. 2001, 17(8):721-8.
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Protein Engineering vol.10 no.7 pp.763-769, 1997
Zhirong Sun, Xiaoqian Rao, Liwei Peng and Dong Xu'-?

Prediction of protein supersecondary structures based on the
artificial neural network method
Bioinformatics, 2025, HUST
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IMERFEMERIAMIRN

7 Model-based (ETF1EH!) > Model-free ( JEIEE )
o EEEEE & REERIEIG
o HEIBIpIER & FIANBREIAE
o TEE)ILHIE & 55508
o FTEEEESH & EEFESH
o ERHME & RS
o ARENES & TIRRRE IR
o fltn: EESHE S & Gt - SRR HEDTTI

B85S | IIFRS ?

PNAS | January 2,2001 | vol.98 | no.1 | 31-36

Protein Engineering vol.10 no.7 pp.763-769, 1997

Model-based analysis of oligonucleotide arrays:
Expression index computation and Prediction of protein supersecondary structures based on the
outlier detection artificial neural network method

Cheng Li and Wing Hung Wong* Zhirong Sun, Xiaogian Rao, Liwei Peng and Dong Xu'*?
Bioinformatics, 2025, HUST




AL EEEIF

[ Artificial intelligence biology
O MRS : ABIE + XE + 28 E

Al + Biology = AIBIO

Bat SARSr-CaV Ro3
Bt SARSr-CoV YNLF31G
Bat SARSr-CoV 562018
Bat SARS-CoV RI1 P - ="
Bat SARSr-GoV 5X2013

Bat SARSr-Colf HuB2013

Bat SARST-CoV HKUS-1

1001 Bat SARS-CoV Longquan-140
2019-nCoV BetaCoV/Wuhan/WIVOZ
| 2019-nGov BetaGal

S
“Epigenoma

Proteome
haROWIVDT
ahan/WIVo4

3050 00/ B HAANS m

2018-nCoV BetaCoV/Wuhan/WIVOS -
Bat CoV RaTG13

Bat SARSI-Col ZXC21 =Metabolome
1001 Bat SARSr-CoV ZC45
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REEE SiRiF

O BARMEEGHE: BYHEE (P), FAMEEIE (N)
&AM HE (P): ESCRY, #SCILPATUESERYETE
@ FAMESHE (N): #SCL8PTIERR A T ThEE RO 3R

O MFFuNEsREVTEE, EX:
& 5B (TP): PEME &z o #% UM 9 PR T4 RO # 7
& P (FP): AT SR 45 UM A FRME RO i3
& E[AM (TN): A &HE 45 70 J9 RA T4 B0 B 42
& REAME (FN): FRM SR 70 o A T e # 4
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O REE (Sensitivity, Sn): XJ-

E%LE']%Z 1 ﬁgﬂgﬁi

Mpk “B” BEEBIRZ D - (Type Il error

O %5514 (Specificity, Sp): X7~

FAMERY R, RERSTR

MpE “R” BIEEHIZ %D - (Type | error)

O @ (Accuracy, Ac): X
FBATEE#E), =

FBANWIES(E AN
ERERREE B = 2D

O 5{&iEx & #(Mathew correlation coefficient,

MCC): ZiFHMEH:
KRS, REWSSE 2T RY I BRI

R E SRR
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w AR E R TR

ﬁ TP ] TN
Sn = , O = ,
TP + FN TN + FP
1o TP+ TN
" TP+FP+TN+FN’
MCC = (TPxTN)—(FEN x FP)

J(TP + EN)x (TN + FP)x (TP + FP)x (TN + FN) -
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J Y3#H: Sn ®1

[ AUC (area | Z: f
under the curve) ¥

Sensitivity
L
LR
1

T,

{E: ROCHYm#H 04]] 3 fold CV, AUC= 0.872
£ . Ry /\j_ . 0l 8 fold CV, AUC= 0.878
;@k y }ﬁi;ﬁl\“ ﬁbjj ,.@ 0'2 J Jack-knife, AUC=0.874
gﬁ 0.1 :

0.0 ] N BN R B S B R B T I 1

1
00 01 02 03 04 05 06 07 08 09 10
1-specificity
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O B#:% (Self-consistency validation)

& I ZREHE 3 RO 2 3E

& ) ZR B 3E P T BRI PEME 2 3E ol 21
& I ZE R B IR M HHE o i &
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O fp—% (Leave-one-out validation)
& FRNYFEEPEE—, SEAMEEEFMALYTE
& FIARTHBIRERIZ, HFUEHNiTEER
& NEENX— N HIEHRITIT S
& REBTHIEERE—X, NMBARERENSE
¢ HEZ M HERAC, Sn, SpAIMCC
& ITHAUCH, {EXRERME
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TN M RE VAR TS — NIT3Z SR

O NITZ X 3E (n-fold cross-validation)

& BHIEE SN, HERUEFATERIE SR B ERIEL
5 R # =G

& BFEn-1HEANGEHIE, EFNNGEHWEITEEDR,
128 TFllZx

& En-1tANBIREF 9 And, Hpn-1BHkbBERE
& 14BRATFES

& WARINSH1A#ITITS, HEMRE
& EEnk, EEEREESATIMIINRE1X
® ZHAUCE SR
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T 14 BE AL RR RE T

O Biik: RERFUNTERE
O B—% & NIt 33k RERTAA R GHIRRE
1%
O FURIERE vs. 10614 RE
&SR RGERE
@ EHEKX: REFRE, HBELNL%
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iTilllZ (Overfitting/Overtraining)

O RIBE NP EWENRBE R ERTFVER

Tl E Tz

3 Z:l_ (= H ;E}ﬁl)\“
O3 X5 I 2R3 B 3l /) o0 ZE o o

JX

O FNTRIZ: REREFNTE

', M

Ji

MERERE

Bioinformatics, 2025, HUST

AR g/
ge g2 1[o

WIZRE




STV B 7 &

3 %

-
FEMIET, AT
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E1m T B X{E 400 PHS#

BN ITHEEREE

211600 FA 4
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4450/\BE| MLER,

2017 HAR B /i

He3601MNES
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3 Sn = TP/(TP+FN) = 360/400= 90%
3 Sp = TN/(TN+FP) = [1600-(450-360)]/1600

=1510/1600= 94.4%
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RMERE & RRW

] gﬁ?ﬂt o UEI O ‘ﬁ%Jﬁiﬂﬁﬁ
€ linear regression Q Ent(D) = Z"" prlog,py
® f(x) =ax + b 0 (=8
. . o l=ll|_.\
O X#JLEEYILZEEYT o Gam(D,a) = Ent(D) —
@ Logistic regression v D7 Ent(DY)
) v=1 p
& flx) =

1+e*

Diseased

Diseased




HEMLE & ZFFEEH

O BE & ZEMENLE

O =ZEEE (Back
propagation, BP)

O X458 m|
& f(x)=wlx+b
O %R

U CEs 3 R ba g = NS ES]
EE4ERTE, AMmMn

Support vectors



DIMHr 5 3K58 & SRRFE S

Estimated Salary

O DIMETRL S 2% O FERFEIWRIRE:
@ h" =arg mea‘;(P(c|x) ® e< exp{—iT(l—Ze)z}
C s o
O MEFRE:
& FH{TiL: Bagging. FEHLZRK
& =H{TiL: Boosting

P(c)P(x|c)

& P(c|lx) = GO

Naive Bayes (Test set)

Bagging Boosting
. * /’@_"\
. B-E-¢—°¢ @

2 3 Parallel Sequential
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RRX&FHSEEFS

Unlabelled Data

O ERBE3

¢ HEEE

& BEITE

0 BER7AE:

& k-means clustering
€ Hierarchical clustering

I I R

Labelled Clusters

[
-] K-means
—

Kit 4R 3]

{R4ERR N

F 55747, t-SNE

e RER TR

X E 0®% o /
¥, o

Second principal component

e

First principal component




B EET & HM3E S &

O RRE/RFXER O s&mfk=x3

3 Hidden Markov Model, HMM & EEE5ERE
O ZHRERFAGE

O KSEBSERM ()

|
et o

[ Reinforcement Learning

a5 i .T
Input Raw Data Envirenmen L o Dutput |
. st ;

Reward
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[ Scikit-Learn
@ https://scikit-learn.org/stable/
. eea}tn Install User Guide API Examples More = |Go|

S C 1 klt l _- a. : » Simple and efficient tools for predictive data analysis

s Accessible to everybody, and reusable in various contexts
M * Built on NumPy, SciPy, and matplotlib
* Open source, commercially usable - BSD license

Getting Started  Release Highlights for 1.0 GitHub

Classification Regression Clustering

Identifying which category an object belongs to. Predicting a continuous-valued attribute associated Automatic grouping of similar objects into sets.

with an object.
Applications: Spam detection, image recognition. Applications: Customer segmentation, Grouping
Algorithms: SVM, nearest neighbors, random forest, Applications: Drug response, Stock prices. experiment outcomes
and more.. Algorithms: SVR, nearest neighbors, random forest, Algorithms: k-Means, spectral clustering, mean-shift,

and more... and more...

K- Maans CIUSTering on the digits dataset (PCA-reduced data)

Boosted Decision Tree Regrossion Centroids are marked with white cross

®  training samples
—— nestimators=1

— n_estimaton= 300




[ Convolutional neural [ Deep neural network,
network, CNN DNN

DEEP LEARNING NEURAL NETWORK

128

filters Multiple hidden layers

process hierarchical features

fully Iayer & .v. , utput
connect 74 e __..;:\\;v Jlﬁ: \\ _ layer

3x3

Input Image
Output
George

Identify
12x11 filter size Identify combinations
2x2 (dilation 1x3) light/dark - <&/ or features
pixel value Identify Identify Identify
\\ edges combinations features /
——— of edges

4744 HEF TH® "EE GER
o= SLE BEd ARF

. . HE N
filter size
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#HZn. ERE. tHEMmEE

O #HETHEERY O &AMtk (Max pooling)

X, x>0
12 120 (30| ©

0,x<0 y —]
' 8 |12 [ 2 0 2 % 2 Max-Pool 20 [ 30

ReLU(x) = {

-

34 | 70 | 37 | 4 112 | 37

] %*H_ 112|100 25 | 12

Source layer

s|2|e|84wl1]2 Convolutional D 5@
4l3]als|1|9]s6]3 k=Hel tH
allEcnimoM 4 | 71716 |9 Destination layer

1101
q “&—-L___G_ 812|242 1112 R .
s [+fes[stals] 3750 5 sigmoid(y) =
5|18]19|]0|1]|]0]2]3 1 _y
912|6|]6|3|6|2]|1 _I_ e
9|18|(8|2|6|3|[4]5

(-1x5) + (0x2) + (1x6) +
(2x4) + (1x3) + (2x4) +
(1x3) + (-2x9) + (0x2) = 5
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Shallow learning vs. Deep learning %

Single hidden layer

Hidden
Input

Decision tree, Bayes, SVM,
HMM

(N=RZF3) |

Multiple hidden layers

4//A A\\
'-\\(.l.\? 4.“:: ’.\ «A\‘

‘( W, 2 n\ PV g SR
STA el .-0 A\
‘ \ Y / \ ‘\‘p d’;" l', \ ' .‘
’-¢7'w9w' O
‘v "Q\ 5’ ""‘ %" f

, q, l “»\\ ;,Jr’q\‘.\ ,' “ 0
-' WA o7iNe a, ~*~'/

; "‘ " "fr -\1“ " \ '\\
4\\!.\' N '// A\!//’

CNN, DNN, RNN, GAN

: GFREE3) , Ian Goodfellow &



[ Hybrid-learning for UnbiaSed predicTion of COVID-
19 patients

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

-

K \\\ { 10-fold cross-validation \
E . .

i Convolutional layer Pooling layer m Dense layer \li[ Testing | Training i
1 4 h H
i Input layer g Outputlayeri:[ Training | Testing | Training ﬁ AUC |

H I

i A | L £ ::\[ Training | Testing | j
1 ¢ g " 1 M ’
: > O A
H I P
1 1
i O N s e ® © O
| ==
i — —
i o
1
!Lung parenchyma 1 4R ERR

\_  extraction

L 13-layer CNNs J [ 7-layer DNNs J —
= - Top 10 positive CTs
," Input layer Hidden layers Output Iayer‘\

[ 13-layer CNNs J

) h 4 HUST-19
= B 5

%\(—/

_____________________________________________________________________ o) mp U

\ Nature Biomedical Engineering, 2020 -
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Transformer

Qutput
Probabilities

)

-

Add & Norm |

Feed
Forward

| Add & Norm IT-:

\

' | R
(—>LAdd & Norm Multi-Head
Feed Attention
Forward 7 7 MNx
—
. Add & Norm
Add & Norm Maekad
Multi-Head Multi-Head
Attention Attention
A__ ¢t & LY )

e \ =)
Positional Positional
e S o0 .

ncoding } Encoding
Input Cutput
Embedding Embedding
Inputs Outputs
(shifted right)

The encoder-decoder structure of the Transformer architecture

Taken from “Attention Is All You Need”

“Attention is all you need”
Q: query; K: key; V: value

f
s = I
{ ENCODER i [ DECODER
o
) )
N
[ ENCODER [ DECODER
>
) )
"
ENCODER [ DECODER
- v
) )
{ '
ENCODER DECODER
o -
) )
{ I {
ENCODER DECODER
L. \
) )
' N '
ENCODER DECODER
-\ -
. P
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llya Sutskever

[ A Theory of Unsupervised Learning

[ Unsupervised learning can be better
understood through the lens of
compression, with stronger compressors
finding more shared structure in data, just
like unsupervised learning finds structure in
unlabeled data

O E4EENE8E (Compression for Al)

[ Good compressors can become good
predictors

Bioinformatics, 2025, HUST




BAE S LRI R ER A

Prf;g%giﬁ{os
Gz, Rom ) |
nrernTr Feed 7N T
DCNI Fomerd Jri
. 1 ) 1 | Add &'Norm :
—Ladd8Nom ) (11 Mde-Aca
reed i Attention
— 1 Forward l _5 _" _" Nx ey Ll
cncodaer — ] pecoder
% L AT ﬁ'i'\jcﬁ;ﬁ jq—\
Nx | —(Add& Norm ) ——
Multi-Head Multi-Head
Attention Attantion
1 7 1 7 _
Masked ] || = Autoregressive
Positional Positi I
Masked token rcodng QO & Encocing Next-token
prediction St prediction
Inputs Outputs

— Nat Biotechnol, 2024, 42, 200-202 —




HERRR vs. iI551EE

Primer

0/101038/:41587-024-02123-4

Designing proteins with Ianguage models

Foundations of protein language models

Fundamentally, protein language models aim to predict how likely
we are to observe a particular protein sequence S given all the pro-
tein sequence data collected thus far. We denote a protein sequence
S=1(s;, Sy,..- 5,), where s; represents the amino acid at position iin the
sequence.Asafirstapproximation, we might consider the probability
of observing a protein as the joint probability of observing each of its
constituentaminoacids. Under this model, referred to as unigram, we
calculate the probability of a sequence S as

In practice, to compute P(S), we simply tabulate the frequency
of each amino acid occurring in our sequence database and multiply
the probabilities for the specific sequence S. However, proteins are
not unordered collections of amino acids. Rather, the specific order
inwhich we observe the aminoacidsis acritical determinant of struc-
ture and function. To capture this order dependency, we can use the
preceding residues to inform the probability of the next amino acid.
Inann-gram model, we multiply these contextualized probabilities to
form the overall probability of the sequence:

P(S) = H P(SiSi_(n1ys -+ » Si_ 1)4—/_ AIE%

Biological
sequence
analysis

Nat Biotechnol 3583420 >

¢!
-




[ Large language models (LLMs)

arXiviREN A EErRRItEKIE XX & E

10000 1 1750 1
8000 - 13001
1250 GPT4 ¢
6000
10001 LLaMA $
4000 | 7501
Chat GPT,
500 x
2000
TS InstructGPT
- 2501
o GPT-1 GPT-2 TS GPT-3 Cn:iex -
BERT 01 . .
2018 2019 2020 2021 2022 2023 ' 2020 ' 2021 ' 2022 ' 2023
Time Time
(a) Query="Language Model” (b) Query="Large Language Model”
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MRESRERRCEIE

Task
solving
capacity

Assist in specific tasks

Specific task
helper

n-gram models

Statistical methods
Probability estimation

Statistical LM

Transferable
Task-agnostic NLP task solver
feature learner ELMO. BERT. GPT.172

Word2vec (NPLM), NLPS Context-aware representations  Solve various real-world tasks

Pre-training + fine-tuning

Static word representations 3 ,
P Solve various NLP fasks

Neural context modeling
Solve typical NLP tasks Pre-trained LM

General-purpose
task solver

GPT-3/4, ChatGPT. Claude
Scaling language models
Prompt based completion

A 4

1990s

2013 2018
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AENE S IR & HyBT(E] %

(5 .- : :
/—\7 TS5 7 GShard Publicly Available
~ 0
— 2019 —u 2020 / \J mTS \‘” PanGu-a .@.. Ernie 3.0
— HUA El
2021
/ ks | £/ PLUG #'mﬂ Jurassic-1
GPT—S@ @ e
Codex — 2-E 3AAI CPM-2
. N ~ s ~ mEARR L -
10 {3 910 —— 2 FIAY (5 Lavpa
- / mspur Yuan 1.0 . & i
/ » H i o 4 P Th
Anthropic A\ HyperCLOVANAVER \ @ AlphaCode ()] Pythia
\\ebGPT@ /“'1\ - wss) Vienna . InternLM - §iF Baichuan2
Ernie 3.0 Titan db. InstructGPT @ 2022 - \\rzl PanGu.X WA MPT #7 QWEN
l HUAW
Gophen@ CodeGeno 4 5 Bard {li Baichuan E FLM
1 o MINLG g G PALM  ~ FlanTs o —
ik g OPT 0 / C ) 00 LLaMA 5 Fald A% Aquila2
: g YaLM 72 PaLM ,
~ CodeGeeX ™ GPT-NeoX-20B @) 0 3 Han et O CodeGen2 S5F gkywork
EECUNE N GLM Tk Instruct Ai2 \ < )\¢ Luminous [ starCoder o xvERsE
NLLB
mTo0 | Cohere & \OQ
AlexaTM a ohere | / e 1) Falcon )d Ol
BLOOMZ 2023 —— I
. WeLxIQ 14— g |
Galatica 0Q I : I- T —>»
OPT-IML 0Q (fha[—GPT@ GPT-4 @ Q0 LLaMA2
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GPTARINRBIRR X

[ Generative Pre-trained Transformers

O “E45ENE&E”

® 0openAl ChatGPT
GPT-1 Y Y Gr12 Y GPT-3 Yaaudl Codex YN GPT-3.5 YN N GPT-4
2018.06 2019.02 2020.05 2021.07 2022.03 2023.03

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

GPT-4 Turbo
2023.09
— SPNT . . LRLHF — longer context window
code-davinci-002 Yakhiue text-davinci-002 text-davinci-003 Yeleual gpt-3.5-turbo

2022.03 2022.03 2022.09 2023.03 GPT-4 Turbo with vision
2023.09

~apable code model instruction following m alignment excellent ¢ ‘ehensiv ility . 7 ohili
((LL(IEIE’ code model I?}SI?H(HOJFfOHO g human argnment éﬁ(’u;(’m((}mp?f!3&1.’.3]1(’(.'bfr]{‘n multimodal (IEJHE[I‘
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Human-written

e

Sentence
Composition

Sentiment
Analysis

Text
to
Code

NLP Datasets
Question
Answering

Textual

Entailment Paraphra

sing

Mise.

Question
Generation

NLI

Translation

Task description

Please answer this question:

Demonstrations

Q: What 1s the capital of France?

A: Pans.

Q: What 1s the capital of Brazil?
A: Brasilia

Input Output

Q: What 1s the capital of China?
A- Beijing

(a) Formatting Task Datasets

API collection  Human-written

Task description

Can you recommend some ways
to lose weight?

Desired output written by human

v

Output
Here are some ways to lose weight:

1. Eat a healthy diet: Focus on ...
2_Increase physical activity: Engage

(b) Formatting Daily Chat Data

Bioinformatics, 2025, HUST

. ! {
m;zg s | ™ I Instance Pool
Instruction @ I
Generation .
‘ LLM Filter
Task description
Give me a quote from a

famous person on this topic.

&

LILM

Input-Output
Generation

Input Output

Input: The|importance of being honest.
Output: Honesty 1s the first chapter in
the book of wisdom.

(c¢) Formatting Synthetic Data




ARFIERENF I BE

Reinforcement learning from human feedback (RLHF)

B : Supervised Fine-tuning

/ Stk i Training with demonstration data
Human ; — | ‘

Annotator :
\ Demonstrations —————————3  Pre-trained LM

Demonstration Data

Reward Model Training

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

A
1
‘ .
1
Reward :
Model ' =
Pre-trained LM
EEE——
Ranking  Human Feedback ™1 pinine with feedback data
e e e e e e e —————————— . RL Fine-tuning
1 ]
R L :
1 : Reward v
: Prompts Model : ‘
] ')l i l — Aligned LM
z : — $
LM Outputs ./ .

Reward Training with RL algorithm (PPO)




ChatGPTill& 372

PPO: Proximal Policy Optimization

Step 1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from our
prompt dataset,

A labeler
demonstrates the
desired output
behavior.

This data is used to
fine-tune GPT-3.5
with supervised
learning.

~
&

Explain reinforcamant
learning to a 6 year old

'::'

@

4

Wi giva treats and
punishments to teach...

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.

e
=
Explain rainforcement

learning to a G year obd,

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new prompt is
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

The policy generates
an output,

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.

e

Wirite a story
about otters.

Onca upon a time...



BRI KIBSRE

Prafrained wa
L !

(Poirwisey [~ By
o0 Recycling | e fl ;_.Er' angular! o sition ke
i B r ._:i.'ujhmi:}y | Mpseia H\ )
== /
/ N - Pair Rep | == j
| Folding + Stnucture i ) |
Trunk Module Pradicted I__. .\'_| 3 N
| J soums ond B pmon [ Tansiion Ly
| - ~ confdence S HED & atlantion | L | !
4 sblocks@ q o e g
(mooooooo) 48 blocks g ' }
SR aree ® ‘é Folding Block
( EsmTVYCTVE | _:F' "
Single Sequence ﬂjph&ﬁﬂlé 5
Pre-trained Models
Embedding Mode
Shorthand esm.pretrained. #layers #params Dataset .

Dim

i URS50/D https://
ESM-2 esm2_t48 15B_UR50D 48 156 5120 -
2021 04 esm/mt
URS0 :
esm2_t36_3B_UR50D 36 3B & 2560 https://
2021_04 esm/mt
UR50/D https://
esm2_t33 650M _UR5@D 33 650M 1280 -
2021 04 esm/mt
UR50/D https://
esm?2_t30_150M_UR5ED 30 150M 640 —
2021 04 esm/mt
UR50/D https://
esm2_t12 35M URSOD 12 35M 480 -
2021 04 esm/mi
UR50/D https:
esm2_t6_8M_URS0D 6 M / 320 hitps//

2021 04 esm/mt




KA BRI &

1 1B&E% Y] (In-context learning)

O J#AEFS] (Few-shot learning)
O FHASS (Zero-shot learning)
O #25HEIE: B4 (Chain-of-thought, CoT)

d ...

A Comprehensive Overview of Large Language Models

Humza Naveed?, Asad Ullah Khan®*, Shi Qiu®*, Muhammad Saqib®%*, Saeced Anwar®!, Muhammad Usman®', Naveed Akhtar2-,
Nick Barnes", Ajmal Mian'

arXiv:2307.064395, 2023




REE®

Test Loss

|II}

2y

O KBESHEBPRERE

Scaling Laws for Neural Language Models

Jared Kaplan * Sam McCandlish*
Johns Hopkins University, OpenAl OpenAl
jaredk@jhu.edu sam@openai.com
7 4.21
6 L=(D/5.4+10%3)-009 | 5.6 L =(N/8.81013)~0.076
3.91
5 4.8
3.6 1 4.0
4
3.31 3.2
3
3.01
2.4
L= (Cmin/2.3-108)70:050
2 T L— L T 2-7'- T — T T T T T T T — T T T T
10—° 1077 10™ 103 1071 10! 108 10° 10° 107 10°
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

— arXiv:2001.08361, 2020
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O Generative adversarial network, GAN
(A)

Training set &

Discriminator

Latent space Real sample

(e.g., uniform) G P Real
b "~ — P~ E; _’.I
— G~
O g WL Fake
Generator ~
& o
~ @8 =g -

@
Noise vector o

Fake sample




2 = YR R

[ VAE: Variational AutoEncoders

Autoencoders VAE

Encoder Decoder

Sample from
distributions ’

nnnnn

ENCODER DECODER

Latent Space
Representation
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Stable Diffusion (F2aEH £

Diffusion process

.0

(T ~1)
P I
T
— ||z 271

Q

Eﬂ"’"“"-—-,__________ ____.;-—"‘"FH
Q

mV

o3

elaboration

Latent Space

Denaoising process (image generation)

Diffusion Process

Denoising U-Net €y

Q1T
IVA%

K,

—

gif
Y

Pixel Space

AT

AT

Visualization of the forward and reverse diffusion processes. Source: Authors’ own

Conditionina

emanti
Ma
Text

Repres
entations

[k'ﬂ hg'l-'
T denoising step crossattention

€A

switch

(—T

skip connection concat




Y AHEESE (Text Encoder)

A
3
A cat lying on the — | Textencoder ; [ ‘ ‘
grass in the park A Y
t'1 t'-! tJ tn | t|-|
. i it it it it E1t|_
E— ¥ it, Lt it it it
—e i, i.t, it it it it
Image encoder | ——
In-'l I|| It' Ir.-1t.'-‘ et t--.t“. ! n
1
—h Iﬂ- i“t | t) 1 t II tI 1 IIl‘tl
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noise

P

U-Net (wit

Attention =

-5

Attention -

ResMNet

i

ResNet =

=

|

s

ResNet

1

Attention =

|

|-

ResMNet =

-

Attention 4

Attention

ResNet |-=
'

Moisy latent

Time step

embedding

L=

Prompt embedding
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L_gnterjt Se_ecl
Laavussian nolse
~Mi0, 1)

User prompt
"Animage of

strawberry sushi’

latent

Noise repeat M steps

scheduler

U-Net with attention — —

conditioned

|

CLIP Text
Encoder

]4

latent

text

embedding
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[ Keras

$ https://keras.io/

Keras

€)5tar 53,988
About Keras

Introduction to Keras for engineers
Introduction to Keras for researchers
The Keras ecosystem
Learmng resources
Frequently Asked Questions
Developer guides
Keras APl reference
Code examples
Why choose Keras?
Community & governance
Contributing to Keras

KerasTuner

» Getting started

Getting started

Are you an engineer or data scientist? Do you ship reliable and performant applied machine learning
solutions? Check out our Intreduction to Keras for engineers.

Are you a machine learning researcher? Do you publish at NeurlPS and push the state-of-the-art in CV
and NLP? Check out our Introduction to Keras for researchers.

Are you a beginner looking for both an introduction to machine learning and an introduction to Keras
and TensorFlow? You're going to need more than a one-pager. And you're in luck: we've got just the
book for you.

Further starter resources

* The Keras ecosystem
® Learning resources
® Frequently Asked Questions

Installing Keras

To use Keras, will need to have the TensorFlow package installed. See detailed instructions.

Once TensorFlow is installed, just import Keras via:

1 tensorflow

The Keras codebase is also available on GitHub:

git clone hitps://github.com/keras-team/keras.git

Getting started

- Further starter resources

nstalling Keras



EHIFY B R AR E

O RFE:. — P EBEL AR SR ~E A RLER
HiRE, SERRB AR E T RE—RER
FRAaEA, FANEBITEARTF—IHE

O &fFiE: —{PaFEFE 6A$E)E$1E Pt P -
Pgs H '::'#BLJIH']*%iij,(I 1,2, ..., 6). HEIk:

£ pi=0, E.Z_lp =1

O ZE=REFEENHE T, 5RA[M, 6, 3], Nz
WL pipeP;
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e

O EEEETEX, flin: PENEE. EEHY]
A1 TR ZER 790

O TERXIE: P(x,<x<x,)

O HXEFKR/) -> 08F, E3X:
& P(x -O0x/2 sxsx + O0x/2) = f(x)0x

O f(x)FR 982255 eR &
3 Fltk: p(x, <x<X,)= jf(x)dxﬂj f(x)dx =1
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TR ¢

O BHRABRMETRHIANER. HINHET, EE
A “17, REEH “0”

O NFHEMNXR, BRXEIRNEHREA:

N

P()=| p“(1-p)"
\ "/
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By £ ZEEH S b

O EEHERIIEM

& B251~60001EE, A2~21,0001EE
¢ BNEEES,. EEEASEH . REERFERES

O E%‘JE A58 5EAMNIhgEX R
& “HIhEERAR” : Ohno one-gene-only speeds-up

(OS) model, —NEEIhgEARTZNMFHLIE, 5—1
*EF*}}?I)J A M ZE L 1R

& “WIhgefzRk” : Both-genes speed-up (BS)
model, ANEEFEFIARERBERNTSINEE, &
e FE AL IR AR ER IR

Kellis M, Birren BW, Lander ES. Proof and evolutionary analysis of ancient genome duplication in the yeast
Saccharomyces cerevisiae. Nature. 2004 Apr 8;428(6983):617-24.




By £ ZEEH S b

0 EHIEES R ERGE

¢ iR

KBNS, cerevisiae (BRBEFEF) F1S.

bayanus (N5 E8}) : HIK. waltii (5 &R )BT
EFEEEHIE, HAELRAR

¢ &Y ORC1/SIR3: EERBEESF N REE

#MARITFEN

& OSt=AY.
& BStRAY.

b 274

Hp— 1 ERE L ERR
A B E LR R AR R

ORC1/51R3 - K. waltii

162

87

ORC1 - S. cerevisiae

297

9 ORC1 - 5. bayanus

186 SIR3 - S. cerevisiae

188

SIR3 - S. bayanus




By £ ZEEH S b

O {24 ETESDIS7THB TS EFAES SIS

E’JE%IJE ¥ (BRHI4NEE) . FEREEE
ﬂmﬁﬁmLMRMﬂg “hniEF L
?‘ 3:=|=Eﬁix¢aﬂﬁzﬂafﬂﬁ% BREMRBNAERE
b SR B S 50%., ZE76X ANRE KNS
FIEEXE, HpRFAXT2MAAEEE R #*
. EEE xTEiR — AN INRFE R FT20HE
% (72/76=95%)

O @i : RENIZEHFp-value?
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15 4 B S &

1 GeitaR
o Ho o iR (R R EREHLR S, FRHAHIIR > F 4%

IRt
& H, A B4 iR it it
& ASTX R HIEEIHI4NMERE, HF72+4*2=801%

AT AEMAHEN, [k 38R N A AR
=80/914=0.088

& — & FH [E] B R L B0 12 790.088*0.088=0.0077

® EETINS%, 2a57%, MEBER4xNRFL
& p-value=BINOMDIST(4,457,0.0077,TRUE) = 0.72

Bioinformatics, 2025, HUST




ST <

O BESFHLERETE: E— 1 EERRFEIZE
h, HEESHTEHIABLER

[ N —> «, E(x)=Variance=p

f (X) = _ﬂ)((“) X=012..

e =2.71828...
REFTHE
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WME vs. BEM

[ Bacteriophage Structure

Internal
Proteins

E. coli outer membrane

Virus DNA ——

nformatics, 2025, HUST




HiE X EEE AR B

0 ¥+ LAEsSEEFRESR, L FMANAERHEFRT

O NARPHAHEBFE, £RXNZRE, FAXNEERE
AffHFERinge
O #: AREREFER? ZEEEFARLEMAERE?

¢ NORIH: REMEERE Riki- AEEEMEIEREEG,
IMRRFER, AEEEENIEEYER

@ LIERIE: RERIR
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R B ROR AL &

0 LER-EEER
¢ HEERRANEZIELAEGRnEN, I1FES
mEHEER, ZEBENBAEHNRE

O hE5 - R EHIEERE
& MEEZERENEA =L R RGN

MUTATIONS OF BACTERIA FROM VIRUS SENSITIVITY
TO VIRUS RESISTANCE!?

S. E. LURIA®* axp M. DELBRUCK

Indiana University, Bloominglon, Indiana, and
Vanderbilt Universily, Naskville, Tennessee

Received May 29, 1943
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ASHE FHL S = IERERY ?

O AL
& SIRAONEE, LLHIESEE LTt
o MBMFEIENNY, BRNESERERTHEX

1E Z AN 55 R4
A
AT e U LR B A BB SR, NS R
— N S~
D1 | |D2 | |D3 | |D4 | |D5 |... |Dn

24-48/NBf JG AT B FR L _E e FE AN 5
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ER: FES

O HBIAEFFG T AR AERZET

Experiment Mo 1 10 11 15 16 17 2la 11k
Nunshar of Caltures L) 2 Lo Lo 20 12 19 3
Velme of Culturss, oo 100 1.0 108 10, a2 2 2 1.8
Velums of Samples, cc 05 0 03 03 .08 .08 0
0 % 30 £ 1 1 0 33
» S—
41 10 0 0 0 b ‘% 5%%%@1&1 tb?\
3 17 40 0 3 0 0 35 /l < T X
4 0 m 43 0 7 0 107
5 4 3l 183 4 0 0 3 13
[ 0 12 3 5 303 1
7 3 7 173 & 0 0 0
H 17 13 5 0 1
g 57 3 [ 3 o A - /\if—' n Q A N
10 71 0 g 43 15 j:ﬂ l 7&‘ LA ’ }Lr
: EREEE zh (f ion) L HIME =
; : z)] (fluctuation) mEXIEEF, H
3 F : BEHE T RiFRrE, HSREHERL
: : He ’ 1
17 0 11 N 3L >
2 - : R IR B 5%
18 0 0
m 33
Ararage pac camapl 5.8 138 & 5 1133 il E ]
e far namenli 1217 B B 178 e 5620 408 11
Ararage Jrurs 3360 6 1 3 184 151 B4
Bactaria par cultans A0 4l S0 200 56D BIf LLedP 3ZI0M
Matasion rans LEI0®  Labell® 41wcl0®  2110¥ 1Iel0¥  3eli®  330% 3050

Average per sample 26.8 23.8 62 26.2 11.35 30 3.8 48.2

Variance - f - f -
(corrected for sampling) 1217 84 3498 2178 694 6620 40.8 1172




Bl1: BRZENEER

[ Lander-Waterman Model
O EFES81 97 (Poisson distribution)

O &Ri%: FENFAIBACIKE200 kbp
ﬁEAM§W§ﬂ&§:N g o

Waterman

& ﬁ;ﬂ,ujf"ﬂ’]?ém_r_ p: 500/200 kbp=0.0025
° ﬂl.tt I E.ﬂ:ﬂ.—l‘—c Np (lgAEtzigE%.EUH"J;ﬂﬁ)
O Y: MFFEEE FE S XHUR

X

Bioinformatics, 2025, HUST




Stk BEE &

itk : SXWBEKRXAIEER: —INgm~BRaHh

P(Y=k) = (N/(N-K)!Ik!) pX(1-p)N-* = gcck / Kkl
WEX—XRE LB ERT, k=0; LLFHIHEZR ).
P(Y=0)= e
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BEXE vs. EHM

Fold
COVEYAge PQZE:E
0.25 Py=e 020 =17gl.20 = 0. TH
0.80 Pp=e 0080 =1/g0.00 = 0. 61
0.7H Pp=e 070 =1/l 70 = 0,47
1 Pp=e~1=1/el=1/2.T18 = 0. 37
2 Pymeme=1/ei=177T. 380 = 0. 135
3 Pp=ei=lfed=1720.086 = 0. 0h
4  Pp=ed=1/ed=1/04, 508 = 0. 018
B Pyme=1/e=17148.4 = 0. 00&a7
6  Py=eb=1/eP=1/403.4 = 0. 0025
T  Py=eT=1/e=1/71096.6 = 0. 0009
8 Pp=e¥=1/e%=1/2080.095 = 0. 0003
9  Py=e?=1/e%=1/8103.08 = 0. 0001
10 Ppy=e l0=1/el0=1/22026.5 = (.000045

Przl00=
¥ not =equence

¥ =zequenced

Tk
B1%
4TH

3Th

13. B%
2%

. o

. 6%

. 25%

. U9%

. 03%

- Ol%

0. 005%

o o O O O
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B 62

N
S ]
]

¢

O EFMFEAEES, &

kbp—4*. BEHLZA—%1 mbpiIFES, ELE

AKEE

¢H 14545500

&

WS ZHFNES, TE2MILTENBERS

/I\ ?

A A&flgh, N=3.010°bp —> =, E(x)=u= 2 (1 mbp)

e (2)5

P(5) = f(5) =

ol

O %14 E%: p-value < 0.05
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0 SR T HRIX A : Tﬁﬁlﬂ...#

u 19'] ENAE}Z, 5 EJZIE}ZMA, JIKN-M1AS, =

RXEH—PEREME, 240k, ERAEmEk
ZIBRE’JJI‘E)EijJ (= Iﬁi‘ﬁﬁ#ﬁ)

P(m) :[r?\j p (- p)"™"

p=M/N
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— aums

O LB Jg: BNIEK, ,H\EFZIHZM/P, EIHZ
N- M/\; /'E-';igtlj Aﬂlﬁ&@y AR /\n/A5
HAPpAmERELIIKRIBEER )9

],
mM\ n—m
P(m) = Y

"
#H, 0smsM<N
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— aumss R

O LHIBESI: ANTER, HPOEkMA, H
IKN-MA~, BREL—PERANE, 2t
X, HPHZELEMNMIKRLLERRIHER 7

e
p—value= P(m'zm):zn: mAn-m

N
n
3 H, 0SmsSM<N
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— aumss R

O LHIBESI: ANTER, HPOEkMA, H
IKN-MA~, BREL—PERAME, 22t
X, HPBHRZEAMNMIKRLLERRIHER 7

)
p—value=P(m'<s m) = i mAn-m

N
n
3 H, 0SmsSM<N
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BILAST: B &

O W EMMN26873 N AKEE

153

BRMEFEINRERKRY), FiE1TH#

Hep, B4217 AREF

D, M&EM )JJE'12264/\}'&'€5|'@':F' HIANEFE

ﬁ%ﬂﬁn

O |8): &8 DIE2264 N EYHERE =

AL, EEREHHEL?
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BJLom: 5 (2) g

T N = 26873; n= 2264; M = 421; m = 94;
3 (m/n)/(M/N) = 2.65

O ik, [o)H 551)4 7£26873 N AWIERRKEH,
22641 ERRKR, EPELBMUNEBRREBIIGSE
iR R 2% ?

m)nm,
p—value:P(m'Zm)zzn: mAn-m

T
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C:schypergeometric.pl

This iz Enrichment_ratio?
2.65824172632886

Thiszs is p—value?
1.15913782840128e—418
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— dotman R

O ZEARMREH, (BFi1%) #H, (FFEHRIL)
& H,XRBEVLE A TEHHIAEER

¢ H R RYaTHINEHHBTE
& WRH/H, << 0.05, NIEZH,TFIEZH,

O %t E32: p-value <0.05

O &)L 55 p-value
“SEEMIIKRST” EHDIAEZER, Blp-

value=H,
@ H =1
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Ronald Fisher g

O ZESITFER, HUEEPFER. BFER, BEF

RIS

T

EX

O HEFEEEFN=/CIBAZ—
O 19184FEHEAE
J Richard Dawkins: 1A/RZ.

URBIEIEE =

Iﬂ\
ill
=
B =
&
4
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Fisher’s Exact Test g

O @/LAI BRI E: 2X23%

Bl B2 Totals

Al 3 u a+h
A2 C d C+]
Totals a+c b+d M
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FEitk, BILASHHELN

(a+c)!  (b+d)!
alcl . bid!

p-value =

n!
(a+b)! (c+d)!

(a+b)! (c+d)! (a+c)! (b+d)!
nlalblcld!
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j a+b+c+d=26873, Fishel—-} g http:ffzﬂ.itﬂfr%-l;;;gnfii?in?ﬁgﬁfisher.h‘tm

TARLE = [ 24282 , 327, 2170, 94 ]

I c+d=2264 Exact Test Left : p—walue = 1

! L) Eight : p—walue = 1.15813T0284T610683e—-18
2-Tail : p—walue = 1. 16913T0284T61953e—18

7 b+d=421

7 =04 S
1 k-

[ CLEAR TAELE ]

[ CLEAR OUTPUT ]

INTEODUCTION

Created by

z http://www.langsrud.com/fisher.htm

German version




Fisher’s Exact Test: FH1jl

OBE, RIPAETI00MNESE, B ES
?itbﬁiﬁ%iﬂﬁ%?fﬁ?iﬁo WG T
AT

BUhFA, | IR
B4 45 15
TH 27 13

p-value > 0.05, FiHEASEE!
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B AUt &

O HFRFRENSHIBE RN ENRESE, B
SZEPHESE

O Flgn: @BitxtSwissprotBIEE ST, &N,
20Fh & B Es B I A SR ER

O EEHNSHEABMEBRENSH, s IAMME
i TOER TIIGREREE
O —#kY, /E—1MEE, SESHeLLRE:

MxF2SH O Hm K IAPR MG T, E1%1IEP(D|9)EI’JE-
AL

)HFF
D
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JLAEB AR B SRR

AA S.cerevisiae S.pombe C.elegans  D.melanogaster M.musculus H.sapiens
MNum. Per. NMum. Per. Num. Per MNum. Per. MNum. Per. MNum. Per.

A 182589 551% 150066 6.24% 644995 637% 1018991 7.35% 1951767 690% 1917786 6.98%
C 43791 1.32% 35268 1.47% 204160 2.02% 274295 198% 646608 229% 613701 223%
D 189958 5H.73% 128878 5.36% 542678 536% 714203 515% 1363975 4.82% 1291018 4.70%
E 213560 6.45% 156945 652% 669038 661% 880507 6.35% 1957893 6.92% 1913306 6.96%
F 149792 452% 110809 4.61% 476721 4.71% 484995 350% 1060957 3.75% 1014225 3.69%
G 165520 500% 118620 493% 541945 535% 849857 613% 1823069 645% 1805724 657%
H 71464 216% 54332 226% 234586 232% 372816 269%9% 737425 261% 725024 264%
I 217427 6.56% 147805 6.14% 617883 6.10% 678404 490% 1242781 439% 1207472 4.40%
K 240119 725% 154387 6.42% 642638 6.35% 778288 562% 1608966 569% 1527230 556%
L 316667 9.56% 237640 9.88% 872362 8.61% 1252315 9.04% 2835685 10.03% 2753451 10.02%
M 69484 210% 49557 2.06% 265730 2.62% 3240098 234% 628623 222% 605750 2.20%
N 201584 6.08% 125243 521% 492995 487% 658568 475% 1013396 3.58% 0985966 3.59%
F 145487 4.39% 113453 4.72% 497816 492% 765595 553% 1734018 613% 1712723 623%
Q 129461 391% 91663 3.81% 422211 417% 716329 517% 1339988 4.74% 1309438 4.77%
R 146367 4.42% 117272 4.87% 526718 520% 774601 559% 1583353 560% 1562613 569%
5 299056 9.03% 227040 9.44% 819366 B8.09% 1158270 836% 2371524 B838% 2270931 B827%
T 197230 595% 132228 5.50% 594292 587% 794141 573% 1529233 541% 1505568 5.48%
v 185494 560% 145399 6.04% 630910 6.23% 815956 589% 1738580 6.15% 1636629 5.96%
W 35117 1.06% 26958 112% 111273 1.10% 140654 1.02% 343331 1.21% 362072 1.32%
Y 113063 3.41% 82252 3.42% 318131 314% 403645 291% 771962 273% 752485 2.74%

Total 3313220 2405815 10126448 13856528 26283134 27473112




RAUARERRS

B
O a2 73X, =2 IS
B AR TR EY, &
P=P;=P3;=P,~Fk pPs~1

| (over-fitting)

0, 6], R#E
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S, R, BB &

d EEEANEFD,FD,

O FH#EZE: HeaFD #HBEEAP(ID,);HEFD,

i isV k2R A P(i|D,)

O ZEFMER: RIS —1 & FHBIERP(D), j=1,2; #
2B jeaF BB —1iRE xR (a’%#*ﬂ%i) A
P(i,D,)= P(D )P(IID) — R EN A

& P(X,Y) = P(X]Y)P(Y)
O BFREEER . HEHNEEZERE MR, AT
HEIAPMERH R — TR
P(X) :Z‘P(X,Y) :Z‘P(X IY)P(Y)
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ST ¢

O EX, Prof. GeneRB| R4 AL IRNF, —BI3%

i, MET—1MELIHEE. FREHEe . B2,

RBIRXNMEINRTEANEZSE, FRATRMHETF, H

h9%MBFREIEE (fair) B, M1%HEF

(loaded) MfESHIM6AIEEZER H50%

O ﬂB/ ’ P(6|Dloaded)ﬂ]P(GIDfair)iEEg’/}\? ﬁlﬁP(G!Dloaded)
FP(6,D;,. )UE? BRI ER|— B FHILHOBIRE S

7
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ST ¢

O EX, Prof. GeneRB| R4 AL IRNF, —BI3%

i, MET—1MELIHEE. FREHEe . B2,

RBIRXNMEINRTEANEZSE, FRATRMHETF, H

h9%MBFREIEE (fair) B, M1%HEF

(loaded) MfESHIM6AIEEZER H50%

O ﬂB/ ’ P(6|Dloaded)ﬂ]P(GIDfair)iEEg’/}\? ﬁlﬁP(G!Dloaded)
FP(6,D;,. )UE? BRI ER|— B FHILHOBIRE S

7
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Probability g

) P(6]D524eq)=0-5

7 P(6]Dy;)=1/6

1 P(6,D,,,404)=0-570.01=0.005
1 P(6,Ds,;,)=(1/6)*0.99

O fE#HN =2 —1 & FHf L 6 Ui %
u P(6’Dloaded) + P(G’Dfair)
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ST <

3 Prof. GeneE&£—1"&F, EEH T =X,
#h =6, FEik, fbF|EIXAEFEloaded,
XA EE ? MRATE, B4,
BT eEFIET & F e EloadedlE ?
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DI R AR B LE AR

O BiE#EZE (prior probability) :
@ P(D,,,.,)=0.01 ¥1P(D,,;)=0.99
EE1%ZE (posterior probability) :
® P(D,5aqe4l371°6)
O REFHBERAN:

& P(X,Y) = P(X]Y)P(Y)= P(Y|X)P(X) =>

N\ \P>EY);>(><)
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EARB -

P(n/l\6 | Dloaded ) I:)(Dloaded )

I:)(Dloaded | n/l\6) — P(n/l\x 6)

/:\ZEZI, n = 3
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AR :

(0.5%)(0.01)

ID(Dloaded | 34\6) — 1
(0.5%)(0.01)+ (6)3(0.99)

=0.21

BT 7 Hloaded s F ! Prof. Gene |t
A2 |
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BEEA A =loadedEF?

m P(Dloadedln/l\ﬁ)

J P49 6: P=0.45

O H746: P=0.71>0.5

7 MEEHPHE 56 LR, BATANTEER
loaded!

...
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512: DNARFFIEE{E g

O iz, ERFHA EFE—MHRMBIX-boxHIDNAF
5 (flanERFEefis. BEIFIRNERRFF)
844/ bp. Prof. GeneﬁT“mIEﬁS'ﬂlX boxl'"ﬁll
SCAG 9787 7100004 bpAIDNAFFSI, &I, H
F11001~4 bpEIDNARFF| AR EH) . BINEERIX-
boxF%l. *1X100X-boxHIFF57 1, LI :

4\

B Fo R R

A 0% 10% 1% %
T 1 0% 1 0% 47% 0%
C 1 0% 0% 1% o
(s 1 0% 1 0% 1% 5o%




. FEYAFS

3 Prof. GeneE #4554 bpHIF7I:
QACTG
SATTT
RAGTG
RCCGA
O EFNX L FF 2 2 A gEHIX-
boxF7l
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T4 E4 bpRIFF g

P(X —box box
P(X —box | X, X,X,X,) = ( JURE

P(X —box)] |.ax "™+ P(nonX —box)] . az™ ™

I

P49
im|
il

P(X-box)=0.1
P(nonX-box)=0.9
q)r(llonX —box 025
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*FACTGF%

0.1*0.7*0.7*.097/*0.85

P(X —box| ACTG) = 4
0.1*0.7*0.7*.097 *0.85 + 0.9*(0.25)

=0.91
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PerlZsi2: DNAR{ERYTIUM

my SDMAL="A";
my SDMNAZ="C";
my SDNAZ="T";
my SDMAL="E";

my SPp=0.01; my SPn=0.99; my S$Pn_all=0.99%0.25%0,25%0,25%,025;

if (SDMAL eq "AT) { SPp=SPp*0.7;}
elzif (SDMNAL eq "T") { SPp=SPp*0.1;}
elsif (SDMNAL eq "C") { SPp=S5SPp*0.1;}
elzif (SDNAL eq "G") { SPp=SPp*0.1;)
if (SDNAZ eq "A™) { SPp=5Pp*0.1;}
elzif (SDMAZ eq "T") { SPp=SPp*0.1;}
elzif (SDMNAZ eq "C") { SPp=S5Pp*0.7;}
elsif (SDNAZ eq "G") { SPp=8Pp*0.1;)

if (SDHNAZ eq "A")

elzif (SDMNAS eq "T")
elzif (SDMNAZ eqg "C")
elzsif (SDMNAZ eqg "G")

SPp=5Spp*0.01;}
SEp=S5Pp*0.97;}
SPp=5SPp*0.01;}
SPp=5SPp*0.01;}

B T

if (SDMAd eq "AT)

elsif (SDHNA4 eqg "T™)
elzif (SDMNA4 eq "CT)
elsif (SDMNA4 eqg "G7)

SPp=5SPp*0.05;}
SPp=5Pp*0.05;}
SPp=5Pp*0.05;}
SPp=5Pp*0.85;}

—_ == =

my SP=5Pp/ (SPp+5Pn all);
print 5B, "\n";|




BT T

A P(X-box|ACTG)=0.91"

A P(X-box|ATTT)=0.08

A P(X-box]AGTG)=0.60

3 P(X-box|CCGA)=0.0009!
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{El2#: BLLIGHEZ ik

O me x mE osF mE LB MR o

CYIIGIT : BuiaiEr ik Omn

—
- . El . o = Ak \
AR~ AREHCHAE. - - <
e ) ERE TR URER) Fi TEEN CREEET HTERES TR EEXBERNOE TE j”;’i G
m FE: HFEHEIE—REE)  2013-10-1511:01:29 FihbipH HEOFEEE. BEETRRRIRARETEEENRNL, BT PR . G (R
F— RS T T EEEARES A —FtwR i
N EWET. BERETEROR. STWTRENNE, BERSERNET. EATEINETE BERHE
o SR FERTE. B RMRLRERTE. e ANRARSATANEE, Mo -SHminiigg Han,  EORRET
ERE FE it LT  MOHIfREIE: SR
BT BT B 1REE-EH®E R RiEMEE5eT B 1 59 110 P{H) « SEEHNHEEETEE
{8E EEEE*]\K;E%E{IHWO PP — 5 w6 BE) -fia{:ﬁgig;&a&
B MR T it 14 sss w000 T EREATEEANES
BIRETE BFFRE. ) P(F)
BARSHEE AT EERE, ANTRRHEEL. WACETEEE. SOSERRENE, DERERERTELNNT. fe | 1o e 2

0 FNTFRHEY: RMBRRIEEE—LELAHE!
BARHIMTHE?
0 Feluise.
@ P(it)=0.04 *BERGHEHE
® P(#|1)=0.5 kEXMBRMLEENMGIT
@ P(#|R)=0.05 KBEXBAZMATRERHP SR
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