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RES 3] (deep learning)
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° A M % (MLP. CNN)

o B M % (RNN. LSTM. GRU)
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%4455 5 (multi-task learning, MTL)

> FAESF 3] 2 —F2EF (inductive transfer) 7k, BT A )\ @454
8 KA F) AT 5 P A9AR B AT AT B R IR AT IZ AR

AR SAE SRR RATING, SRR F IS NMSOEFEF

J A% R S R AR B Bk e A

154V R 1585

[1] R. Caruana, “Multitask Learning,” Machine Learning, vol. 28, no. 1, pp. 41-75, 1997.
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%4 %% 5] (multi-task learning, MTL)

> MTLf%%%@ﬁﬂééﬁ, Tj]‘yxm/ﬁ:%ﬁ“l’#%%%?;]ﬁé;@qy
© AN R % R AMTL R Ao 5 5
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%4 %% 5] (multi-task learning, MTL)
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B Ri&F 4 ¥ (natural language processing, NLP)
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B R#&3 4 (natural language processing, NLP)

AR AR AL, ERAERERIES
> AAIABA

J/s N

* I HES 5 (computational linguistics, CL.)

* HRETS A (natural language understanding, NLU)
S REIKETAXFME, AT A2 ANLPH) 74
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B Ri&F 4 ¥ (natural language processing, NLP)

> B KRIET AR 2 W %
- EBML% (CNN)
. JBHRM% (RNN)

* Transformer!?

F AT TREFIFERER, XARTH TNLPARE £ &%

[2] Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems. 2017.
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B Ri&F 4 ¥ (natural language processing, NLP)

r XARBBENFT, RTEEE KX

=W
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Amo el gato
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B Ri&F 4 ¥ (natural language processing, NLP)

> R SR R8T A AR T I don’t love cat

* Non-textualized representation l L5t

1 do n't love cat
> word-level: word2vec, GloVe, etc.

]
> S AR AFTR? ors
* Contextual representation l SN
> RNN: ELMo, CoVe, etc. 0012 0.005 -+ —0.10
0.004 —0.03 - —0.09
> Transformer: GPT, BERT, etc. 0.096 0.007 - 0.023

—0.03 0051 -- 0.087
> HRRRABE] 009 —0.02 - 0.079.




B Ri&F 4 ¥ (natural language processing, NLP)
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EATFEREF TN AHARESLAE (DLbased NLP)

» R IR R AT
> AW 22 LA A

o HAAPLZ W4 (convolutional neural network, CNN)

o JEFARZ W % (recurrent neural network, RNN)

* Transformer

> RAE= R FRAT, W RE AR BT A AT




AREFTAEPH $1£5% 5 (MIL for NLP)

» MTL with CNNs

¢ Collobert et al. A unified Architecture for Natural Language Processing: Deep Neural Networks with Multitask Learning
*  Misra et al. cross-stitch Networks for Multi-task Learning

» MTL with RNNs

SRS ESF IR TFTIR?

* Hashimoto et al. A Joint Many-Task Model: Growing a Neural Network for Multiple NLP Tasks

» MTL with Transformer -
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Output
Probabilities

Transformer 1

| Softmax )

t

[ Linear )

> HER

1 2
| Add & Norm ==

Feed
| (QKT Fo:/\(reard

Attention((), i, V') = Softmax( )V |

V. - i N | | (Add & Norm Je~
s —>(Add & Norm Mult-Head
% % Q ‘/‘1 7%3 Fcl):r?/?;jrd Attention

: ) t Nx

[ Add & Norm Je=

MultiHead((), K, V') = Concat(head, . .. ?headh)WO N< | —~(Add&Nom ) —T—
Multi-Head Multi-Head
. Q K v Attention Attention
head; = Attention(HW,*, HW.* HW, ). | — )L — ),
Positional Positional
. D F .
. éfl Encoding (})_® Encoding
> 3@ Pﬁ’ n Input Output
Embedding Embedding
FFN(z) = max(0, zW; + by) Wy + bs. npus Ouputs
(shifted right)

[2] Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems. 2017.




Transformer

i i
I Self-Attention: r Point-wise FFN Self-Attention: r Point-wise FFN —* -
love Self-Attention J ;L Point-wise FFN Self-Attention Point-wise FFN —" oo i G
cat Self-Attention | —rL Point-wise FFN Self-Attention Point-wise FFN — TMI
’ - ‘ I love cat

Transformer 25 75 i3 2 — R A iR A




% 4+ 5-Transformer

> TRESAL
* S-PZ#] (Stack-Pooling, 3 &-Huik)
* S-CZ#) (Stack-CLS, 3 Z&-CLS)
r BREME
* 11454 (Layerwise-Implicit Sharing, & &E-[& X3t 3)

» [-EZ:#) (Layerwise-Explicit Shating, #/&E- 2 X 4E3)
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MLP () = max (0, sW7{ + %) - Wy + b, ===
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i = Softmax(z\") - W +b).
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> TR gy A

y = Softmax( ,{()N) - WE+b).

TASK A | love cat
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g = Softmax(zt(é\;gc_id W'+ b).
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» IFEIRB

PAE RS Ubuntu 16.04.2 LTS
BRI gmFEfEse PyTorch 1.0 & fastNLP 0.3
FEIES Python 3.6
CPU  Intel(R) Xeon(R) E5-2603 @ 1.70GHz
MEEEAIE NAE 120GB
TR NVIDIA TITAN Xp

> 9| it A2

B/ EFHEAIZGERE
WA MAMESHEBIEE D, 1 <m < M; #MESFHRER/N K, 1 <m < M;
BRI T; #3HF .
WM. EREH.
I: function TRAINMODEL(D,,,, K,,,. T, )
2 HIIAREEIZE 6,
3 %%%&%@Jﬁ L
4: fori=1---T do

5 form=1---Mdo
6: ¥ Do BI3H ¢ = N/ Ky T/ IMEEES: B ={Tn1, - T}
T: end for
8 i=1
9: while |L| > 0 do
10: FIELEEFIZ L i
11: for each m € L do
12; if Z,n f77E then
13: HR/EEEAR T, ERRE £
14; EHEE: 6, =0, —a-VeL(0)
15 else
16: ¥ om MESFHIFE L hiEr
17: end if
18: end for
19: t=1+1
20 end while
21: end for
22: return A

23: end function
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> 1644!&%}%% ] ;}%’ 4&&]\5,‘] 712\ E] x~ ]gj Books 1400 200 400

2 159 19K

Elec 1398 200 400 2 101 11K

DVD 1400 200 400 2 173 20K

ER igjf(‘ Kitchen 1400 200 400 2 89 9K
Apparel 1400 200 400 2 57 7K

= J > “2 ~ . Camera 1397 200 400 2 130 9K
> '&/l\ékial’}% f‘K 2/7 Zk#% ZI& > ;}%7‘1 -2 5@] Health 1400 200 400 2 81 9K
Music 1400 200 400 2 136 17K

- 75 1)[] éizf\ 1E I5iE iil‘t\ j)f]l] I i?—l( Toys 1400 200 400 2 90 10K
Video 1400 200 400 2 156 17K

Baby 1300 200 400 2 104 8K

Mag 1370 200 400 2 117 11K

Soft 1315 200 400 2 129 11K

Sports 1400 200 400 2 94 10K

IMDB 1400 200 400 2 269 25K

MR 1400 200 400 2 21 7K




ek 2l H |
It is a very dry book and hard to stay interested in. I am
Books barely able to stay awake while reading it. [t does have some negative
interesting things.
The magazine was shipped in a timely manner, 1 would use .
Mag _ 1 positive
this vendor again.
Very pleased with the high capacity cartridge with my epson o
Elec positive
stylus cx6600.
Just a big mess of a movie, full of images and events, but )
MR , . negative
no tension or surprise.
Its quality is cheap and poorly made. I bought two thinking
Health it was a good deal but I threw them out after 2 days because negative

the on/off switch didn’t work.
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S-P i S-C &1 L1454 L-E 514

Books | 83.50 82.50 84.00 85.00 84.50
Elec 79.50 82.50 83.50 84.75 85.75
DVD 82.75 84.50 85.50 85.75 83.75
Kitchen | 79.50 83.50 85.00 89.00 87.75
Apparel | 82.75 85.50 86.75 86.00 85.75
Camera | 81.75 84.25 85.00 87.00 89.00
Health | 86.00 85.50 87.50 88.00 86.75
Music 76.50 83.00 83.00 82.75 8§1.50
Toys 80.00 84.75 86.25 88.25 86.50
Video 84.75 81.25 85.50 86.50 84.25
Baby 81.00 87.75 85.50 87.25 87.50
Mag 89.00 85.00 91.00 89.75 89.25
Soft 86.50 86.00 88.75 86.50 87.75
Sports | 80.25 84.25 83.75 86.00 85.50
IMDB | 80.75 84.75 85.00 84.50 84.50
MR 75.25 76.00 75.75 78.00 76.50
AVG. 81.86 83.81 85.11 85.94 85.53
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2 ki) Z2HE  HXEE
B{F4%  Transformer 2,773,150 -
S-P &5 2,782,180  +0.32%
S-C 5% 2,782,480  +0.34%
A5 Sl ’
L-1 554 2,786,980  +0.50%
L-E &5 2,786,980  +0.50%

0.86
0.85
3
= 0.84

0.83

0.82

—— L1 4514
—=L-E 4514
—— S-P 4514
——S-C 4514
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* To my best knowledge, A& G REA A LI 7 Transformer L 49
1RG5 F RN
c RET—FHENRELFLEMN, RFALEREFEILSAKE
4F B VAR IR F A4 X6y R EM
r R
° B A RARAIE 4 FANLPIE S
© RAEHE R KWL LT R

I\" A N 1021



\ GEEFHAS

XIDIAN UNIVERSITY

G e R

s ._ss:,;mm

CEL ﬁﬁu-“—'w —

e




