KR T EEAEH . REVER], ARMEAL. AR AA
R R TR A 2 N A (B EA IR TR A
AT A% 2= 0] A TF U5 1R 1) X 28 3855

T RN IE S 7
New Media Big Data Analysis

SB—F HEDh

KEE, KEK EN

R E R
http://staff.ustc.edu.cn/~huangzhy/Course/NM2025.html

B 57, RFER
bigdata 2025@163.com
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H 2w b 45 4 (Auto-Encoder)
12 B FFUEX/E 9 Input Layerfii A
A 1 R 2 B A 1EX /E ¥ Output
Layer ') H >k 2544 H 58 -

hy (%) Encoder: H = f(A*X + b)

Decoder: X' = f(A"*H + b")

W Hp [a] B B 2 H s A e =) 3
P28 RFAE .
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/ Hidden Layer
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Input Layer
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0 AAHZ 25 (CNN): T BB R LR L

C3:f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT 6@28x28
32x32 S2:1. maps C5:layer . E' %B'f%‘ 4%\
6@14x14 TR il

LeNet

l
| | Full mnAaction | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

BRE: @RV, FAHAFE GBI B A A F BRI
AR TR XL, SRR R AR

EEER: ELZERMAEML, HhBCE S HRE

B 254 VE R 2 OB H B D92 BB A RAAE ) R

11/5/2025



o BRMEM L (CNN): % H T
BRI

33|32 |31

23|22 21 111213 .
13 12|11 & [21(22]23 - X

31|32 33

33|32 |31

1312 |11 ® 2|22 -

313233

AR RFIE HE

AL ERAE
Single depth slice
111|2(4
max pool with 2x2 filters
56| 7| 8| andstide2
3]2]1]0 ]
1| 2 .
; >

B%: BIRMEMZREEH T ICALLE? i ?

Zhenya Huang, Qi Liu, Enhong Chen, Question Difficulty Prediction for READING
11/5/2025

Problems in Standard Tests, AAAI'2017
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0 JEIAPL R ZE(RNN): 5 H T 57 41 20 1R AE 2 B

h; » h — h; —> ... — hp —

T T T T AEREPS!
= 5 <) R
E24 & H ES

K5 P 50 I RES B IE IRNNI S, W BB SCAREHE 3.
BT T HT, IRREDS = L A H he R N B AL
B AT [

Qi Liu, Zhenya Huang, Yu Yin, Enhong Chen, Hui Xiong, Yu Su, Guoping Hu, EKT: Exercise-aware
Knowledge Tracing for Student Performance Prediction, IEEE TKDE), 33(1): 100-115,2021
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IR ERIR LA TR RS2 2] CRRAETRYIZ5)
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EUZEAE W Z%: ImageNet

= http://www.image-net.org/

= 14007 5K B v B3, 2752801, CARiE

u R, ResNet, AlexNet, VGG
w N BMES2E. BRI, B EAs i IEI=t
AKHEIN SR Twitter, Wiki {EAHEIR
= https://nlp.stanford.edu/projects/glove/ ﬁ!ﬂ‘]h‘ﬁj)\*
= 2 Billon tweets, 27 Billion %%, 1.2M i3
» HHA: CBOW, Skip-gram, GloveZWordZp
w LN SOARPZE, SOARTER, RS

IgRAF RIS
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Efficient estimation of word representations in vector space
T Mikolov, K Chen, G Corrado, J Dean - arXiv preprint arXiv:1301.3781, 2013 - arxiv.org

=P

We propose two novel model architectures for computing continuous vector representations

of words from very large data sets. The quality of these representations is measured in a
word similarity task, and the results are compared to the previously best performing ...

Yo 99 SRS 24421 HEEYE B 43 MEE %
o Word2Vec— H A E 5 A B FFTI 25
W) ih AR H AR 1E A
S1: IESEENAREN—R B AE SAAH TIUMEEERAI A/
S2: {ESREAIAREN A —EE S A ANH TIUMBEERAYA/)
S3: IESERAAREN BAE S — BRI AH TFRUBEERAI A/
THE R R LR T B R — s KA

W) = P(w)P(Wy|w )P (w3 |wy, wy) ... P(Wy |wy, ...

P(WL-Wz» rwn—l)

L= Z log P(w|context(w))

WEC
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Factorization machines
S Rendle - 2010 IEEE International confere

WS

In this paper, we introduce Factorization M:
combines the advantages of Support Vectc
SVMs, FMs are a general predictor workin

Yo YU #WEIRRE: 1862 HEAENE

HAT AT iR e

Faature veclor x

TI NH 5W ST ..
THE Last Movie rabed

S = {(A,T1,2010-1,5), (A,NH,2010-2,3), (A, SW,2010-4, 1),
(BJ Sw7 zmg_sl 4): (B ST! 20{}9'81 5)7
(C,TL,2009-9,1), (C. SW,2009-12,5)}
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Word2Vec— H2ATE 5 AL Tl 2k \0) \0)
5 3V I SRR AR “iB L

A AR A

cat

R AR

dog

nice

good

udogn ncaninen

- 3 399,999
(0\ (0)
0 0
1 0
0 0
0 1

HRIR

King — Queen ~= Man — Woman
China - Beijing ~= UK - London ~= Capital

Efficient estimation of word representations in vector space
T Mikolov, K Chen, G Corrado, J Dean - arXiv preprint arXiv:1301.3781, 2013 - arxiv.org

We propose two novel model architectures for computing continuous vector representations
of words from very large data sets. The quality of these representations is measured in a
word similarity task, and the results are compared to the previously best performing ...

Yo 99 WEIERE: 24421 BENE FE 43 MHRA 9
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Visualizing and understanding convolutional networks

MD Zeiler, R Fergus - European conference on computer vision, 2014 -
Abstract Large Convolutional Network models have recently demonstra
classification performance on the ImageNet benchmark Krizhevsky et a
is no clear understanding of why they perform so well, or how they migt
paper we explore both issues. We introduce a novel visualization techn
insight into the function of intermediate feature layers and the operation
Used in a diagnostic role, these visualizations allow us to find model art

B CF?%?E EI(J/E,I\ X_ ﬂﬁﬁ%&llﬁﬁ Yo U9 WEIARE: 13612 HEXNE  FTE 18 MRE
CNN Feature map — — FFiE B 7] 4714k
S EMR IS A BRI “Hits, Wi, SR, ER %

Layer 2 Layer 3 Layer 4

R Al AR

bbb

Zeiler, Matthew D., and Rob Fergus. ""Visualizing and understanding convolutional networks."

European conference on computer vision. Springer, Cham, 2014. 11/5/2025
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Elmo, GPT, Transformer, BERT o I ==
Masked
Multi-Head Multi-Head
Attention Attention
AT P —
] J —
Posird (04 L ) s
% Input Qutput
: Embecding Embedking
T T
Inputs Qutputs
i (shifted right)
BERT (Ours)

OpenAl GPT

OO &

B ITECEARRTATNES, B, HISHE.
CEERHI— M EENHRAR, SIS IERCEE
CV. NLP, graphSFiiRHNSERAISENH.
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Semi-supervised Sequence Learning
context2Vec

‘ Pre-trained seq2seq
— . .
ULMFiT —— ELMo

Mu[tj-lingua] Transformer

Bidirectional LM

Larger model

MultiFiT More data

Cross-lingual Defense

* Grover

UDify T DNN e

Knowledge\distillation UniLM

More/data

VideoBERT
CBT

ME-BONn ViLBERT
ERN{E Visual BERT ERNIE (Baidu)
: (Tsinghua) B2T2 BERT
SpanBERT XLNet L Unicoder-VL Rl
RoBERTa Nenral enttty, Jiker LXMERT
KnowBert VL-BERT

UNITER By Xiaozhi Wang & Zhengyan Zhang @ THUNLP
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GPT
ZEEWG, BEEHE

5GXFLIE | 1.17{ZiERISH

£9/12(¥3 L Rit, SiF9E.
MABRIE., XFE9H

2018
[

GPT-40

SRS, MEEGHIAFEA

GPT-49ARARIREL, Hp 0" B
OmnifYEs, S “£68" . HiE
IEGRE. SRSHEN. LRZRHE
HERGPT-45E DB IRARIRFH

2024.5

i5

GPT-2

2{135. SHEES (zero-shot)

Mm2$ﬂﬁ| 15(Zi5R8%

TE7/8(ES LR, SIFFNEIEMRE,
i 9%

2019
O

GPT-4

SRS, REEGIXFRA

EARZHBWMZRTXPRMEA
k¥, BreERMEESR, HE
BEERFI10%, 1BERZTGPT-
3.5HIBETFE10%

2023.3

GPT-3

INFEFZES] (few-shot)
A5TXAEIE | 1750{ZISRIB 5

{ERLEIRAR TS LB 2 RIERE
zero-shot{&Eg!

2020
é

ChatGPT (3.5)
EFInstructGPTi# Tk

BEEREASEIEIS : IRTEIRERS
S

EERKESHE: BFREARITE
PEZ VBN

2022.11
O

A AT
(1S
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¢ I 2EHMTP, XM

5 FPSRSHELINX
ITEEIE:;;EE?ET DualPipemiifi
i IKEFTIIGHESE
FIAEIERED
DeepSeekMath DeepSeek v2 DeepSeek v3 DeepSeek R1
2024.1 2024.2 2024.5 2024.12 2025.1
¥ RIsEE S SINT BB HEHHDeepSeek-
JEEXNIRERS iF=7HD (MLA) R1-Zero
ERETREE N FIOE J DeepSeek-R1,
J' HetH 7T R1EFRY DeepSeekMoE RHEFHNEE
MoEE #2243, 2Rt [71]: SER T LA =
FERMREER LA SR ERSFT
IHE=ER IIEE L Ao 1 [1Y

it



0 AR
o RS2 Y8 e
= HLE T
S 709's
@ {An Introduction to Variable and Feature Selection)
o CRMIEIGEEH FH RIL LR )
0 SRR AL
w Sklearn& 77 Y
= Kaggle M Rith b FE 10 tx
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0 BT il /) 4

0 HPERE Data Collection
gEMmR
[ 2% T€ Hy

0 B dE AL P Data Preprocessing
B TR b
AGIEE SYBY
B2

o FRE AR Feature Engineering
RS
R AIE 2 A
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