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hy (%) Encoder: H = f(A*X + b)
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0 AAHZ 25 (CNN): T BB R LR L
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LeNet
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| | Full mnAaction | Gaussian connections
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Zhenya Huang, Qi Liu, Enhong Chen, Question Difficulty Prediction for READING
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Knowledge Tracing for Student Performance Prediction, IEEE TKDE), 33(1): 100-115,2021



R 7 >

o %U/

IR ERIR LA TR RS2 2] CRRAETRYIZ5)
YEH . ARG IR & N i) R A AR 2 T
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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 ...
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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

11/5/2025



=

o0 RFIE R X
0 N RFAE

I

] A

u%ﬁ%ﬁLﬁ?%%ﬂ%,%g

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
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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),
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(C,TL,2009-9,1), (C. SW,2009-12,5)}
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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

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 ...
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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
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CNN Feature map — — FFiE B 7] 4714k
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Zeiler, Matthew D., and Rob Fergus. ""Visualizing and understanding convolutional networks."

European conference on computer vision. Springer, Cham, 2014. 11/5/2025



— ))
R S

EARIE A T 2 ==

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.




0 ARG E A I SR A

Semi-supervised Sequence Learning
context2Vec

‘ Pre-trained seq2seq
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MultiFiT More data

Cross-lingual Defense

* Grover

UDily \ir-DNN i
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VL-BERT
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