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DeepFM-Transformer: A Recommendation system based on DeepFM

and NLP Transformer combined model

Hyeong-Woo Kim

(Supervised by professor Sang-Joon Lee)

Department of Computer Engineering
The Graduate School

Jeju National University

Abstract

Product description data is a very important factor in purchasing a product,
so 1t 1s data that can improve performance in a recommendation system.
Factorization Matrix based models show good performance in recommendation
systems by enabling interaction between data features, but since they are
not NLP models, it is difficult to recommend product description text data
in combination with other features.

In this paper, we propose recommendation modeling that learns by processing
product description text data in natural language and combining it with
other features. The proposed model, DeepFM-Transformer, is a recommendation
model that combines the DeepFM model, which learns interactions between
features, and the Transformer model, which processes natural language text
data of product features. As a result of the study, it showed a performance
improvement of 0.00715 in rating prediction RMSE compared to the

Factorization Matrix—based model DeepFM and 0.01503 compared to xDeepFM,



revealing that the product description has an effect on 1improving
recommendation performance
Keywords— DeepFM-Transformer, Recommendation system, product description,

DeepFM, Transformer, Self-Attention, NLP, deep learning, neural network.
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1.1) Row d]o]¥]

19 12, 13, 14= Movielens-1Me] 37}A] 1}2S Pandas zlolH gl S AL&3}

of & P oz 2ele Holt},

g HolEl o

% 37FA1¢] 54 (movie_id, title,

o]Fol4 k. WA

% 5714 €]

zipcode)o] &A1&taL & 6,0407] 9

E A (user_id, gender, age, occupation,

dolH = o] Fo|x Sk, 93} Holy el 7

genre)©]

EEERDUEE

time)o] EA8kaL F 1,000,20978 2] H ol =

6035
6036
6037
6038

6039

6040

user_id gender age

1
2
3
4
5

6036
6037
6038
6039
6040

F

L= < =

M

1

56
25
45
25

25
45
56
45

25

rows x 5 columns

[2¥
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EAlskal - 3,88370¢] HlolH =
E A (user_id, movie_id, rating,

o014 9l

occupation zipcode

10
16
15
7

20

15

12] Movielens—1M<]

48067
70072
55117
02460

55455

32603
76006
14706
01060
11106

AR} HolH



3878
3879
3880
3881

3882

3883

713 15 = IMDb Top 1000 ©lo]€] AlS Pandas zlelH#g]E ARSI & &

2 goje Aolr}.

Series_Title,

movie_id

1
2
3
4
5

3948
3949
3950
3951
3952

rows

title
Toy Story (1995)
Jumanji (1995)
Grumpier Old Men (1995)
Waiting to Exhale (1995)

Father of the Bride Part Il (1995)

Meet the Parents (2000)
Requiem for a Dream (2000)
Tigerland (2000)

Two Family House (2000)

Contender, The (2000)

x 3 columns

[2¥) 13] Movielens—1M9]

genre
Animation|Children's|Comedy
Adventure|Children's|Fantasy
Comedy|Romance
Comedy|Drama

Comedy

Comedy
Drama
Drama
Drama

Dramal|Thriller

3} HlolE

user_id movie_id rating time
0 1 1193 5 978300760
1 1 661 3 978302109
2 1 914 3 978301968
3 1 3408 4 978300275
4 1 2355 5 978824291
1000204 6040 1091 1 956716541
1000205 6040 1094 5 956704887
1000206 6040 562 5 956704746
1000207 6040 1096 4 956715648
1000208 6040 1097 4 956715569

1000209 rows x 4 columns

[Z2¥ 14] Movielens—1M<]

A4 vlolE

Al O
’_"‘___

IMDb Top 1000 ®lo]El Aol A9 167F49] EA(Poster_Link,

Released_Year,

Overview, Meta_score,

Certificate,

Director,

Runt ime,

Genre, IMDB_Rating,

Starl, Star2 ,Star3, Star4, No_of_votes,

Gross)o] €Al & 1,000 2] 43} tlojE] Aoz o]Fo]x] Qt}.

- 1 9 -



title year Runtime Genre IMDB_Rating Overview Meta_score Director Star1 Star2 No_of Votes Gross

The Shawshank Two imprisoned men bond over a number of

0 1994 142min  Drama 93 800 Frank Darabont ~ Tim Robbins  Morgan Freeman 2343110 28,341,469
Redemption years.
Francis Ford
1 The Godfather 1972 175 min Crime, Drama 92 An organized crime dynasty's aging patriarch t. 100.0 Coppola Marlon Brando Al Pacino 1620367 134,966,411
2 The Dark Knight 2008 152 min  Action, Crime, Drama 9.0 x‘;’\‘z” the menace known as the Joker wreaks g, Christopher Nolan ~ Christian Bale ~ Heath Ledger 2303232 534,858,444
Francis Ford
3 The Godfather: Part Il 1974 202 min  Crime, Drama 90 The early life and career of Vito Corleone in 900 s Al Pacino Robert De Niro 1129952 57,300,000
4 12 Angry Men 1957 96min  Crime, Drama 90 Ajury holdout attempts to prevent a miscarria..  96.0 Sidney Lumet Henry Fonda  Lee J. Cobb 689845 4360,000
995 Breakfast at Tiffany's 1961 115 min ;;‘:s:é')”'"" 76 A young New York socialite becomes interested ;¢ Blake Edwards Audrey Hepburn  George Peppard 166544 NaN
%96 Giant 1956 201 min  Drama, Western 76 Sprawling epic covering the lfe of a Texas ca.. 840 George Stevens  Elizabeth Taylor  Rock Hudson 34075 NaN
Montgomery
597 From Here to Eternity 1953 118min  Drama, Romance, War 7.6 In Hawaii in 1941, a private is cruelly punish 850 Fred Zinnemann  Burt Lancaster o 43374 30,500,000
%98 Lifeboat 1944 97min  Drama, War 76 Several survivors of a torpedoed merchant ship... 760 Alfred Hitchcock ;”;ﬂ:gad John Hodiak 26471 NaN
999 The 39 Steps 1935 86min  Crime, Mystery, Thriller 7.6 :5;“;: in London tries to help a counter- 930 Alfred Hitchcock ~ Robert Donat ?;r‘:;‘f‘"e 51853 NaN

1000 rows x 12 columns

[72¥ 15] IMDb Top 1000 ©lo]E] Al

AES 913 MovieLens—1M HoJE AleA= AR&A}F ofolt], 43} ofolr], A
o, A, d", 42 545 Db vloly A= d3t 45 54, g3t 2
toly AR-&3t3iTt.

T odlelE S W] fste], titledt year HOJEE 7|gow® ARSI
a1, MovieLens-1M9] A% titledl A GEE FE3tS] veardts A WHEE A
33ttt

43} 4= Movielens-1M2] - 3,883%, IMDb Top 10009A41+= 1,000 o]t},

MovieLens-1Moll &A1= g3kel IMDboll A8k d3te] o] wjid H=F
201,063 z1¢] dlolE7} A EArE. A E Novielens-IDMbe] 7-¢- 239 ¢]
7)ok, 2™ 162 WA E MovieLens-IMDb Hlo] 8 A& HojFr},
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user_id movie_id

0 1 1193
1 1 914

2 1 1287
3 1 595

4 1 2398
201058 6040 541

201059 6040 2028
201060 6040 1089
201061 6040 1090
201062 6040 1097

rating gender age occupation zipcode

5 F 1 10 48067
3 F 1 10 48067
5 F 1 10 48067
5 F 1 10 48067
4 F 1 10 48067
4 M 25 6 11106
5 M 258 6 11106
4 M 25 6 11106
3 M 25B6 11106
4 M 25 6 11106

201063 rows x 12 columns

1.2) dlolH

1.2.1) 93} dolg e B

H 37
X

title

One Flew Over the
Cuckoo's Nest

My Fair Lady

Ben-Hur

Beauty and the Beast

Miracle on 34th
Street

Blade Runner

Saving Private Ryan

Reservoir Dogs

Platoon

ET. the Extra-
Terrestrial

genre

Drama

Musical

Action

Animation

Drama

Film-Noir

Action

Crime

Drama

Children's

year

1975

1964

1959

1991

1947

1982

1998

1992

1986

1982

Overview

A criminal pleads insanity and
is admitted to ...

Snobbish phonetics Professor
Henry Higgins agr...

After a Jewish prince is
betrayed and sent int...

A prince cursed to spend his
days as a hideous...

When a nice old man who
claims to be Santa Cla...

A blade runner must pursue
and terminate four ...

Following the Normandy
Landings, a group of U....

When a simple jewelry heist
goes horribly wron...

Chris Taylor, a neophyte recruit
in Vietnam, f..

A troubled child summons the
courage to help a...

Hets o] AP MovieLens-IMDb Hlo]E Al

Biol A" delg Aol oid, = g3t wigk
MovieLens_IMDb = do]E] Ale] thgh tlolE #£3EE WA v},

F2o AY ¥ 1794 E & Aol Movielens-IDMbe] <33}
MovieLensol| W8] =wt], A =ZwlxArl 7hasta Aol =713k A
Sk 1 9le] AER 2agd BEEVHE S B 5 AU

- 21

o= 1}

Director
Milos Forman

George
Cukor

William
Wyler

Gary
Trousdale

George
Seaton

Ridley Scott

Steven
Spielberg

Quentin
Tarantino

Oliver Stone

Steven
Spielberg

MovielLens <}
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Count

Movielens movie distibution by year Movielens-IMDb movie distibution by year
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1] waleld el Aol e ZeAx

™

1. dole & HTML Ef2i} W 3] & Zo] ofd wo]= A7

3. ©o] F& TS gz Fi
4, 71H3 W3l HdolE V2P o= W3

o
e
oo
s
)
N

()]
2
s
lo
a
P

HolE HAHYon g £ JER £HE w7

ad 22+ @] ARd(vocabulary)el W3t fhes Howrh. dAHE d@ols
TFAZ WEet7] s do] APdES REEooF stal, #AelA EEE whof

& ©o] AbHe adele oA gteE WAET. a9 229 3 F LEFR K
W QoA A3 '<unk>', '<pad>', '<cls>', '<eos>' 7]ZE°] 05-E 37}A

o 7t gol FFHALS B 5 Arh.

defaultdict(<bound method Vocab. default_unk_index of <torchtext.legacy.vocab.Vocab object at ©x7f0e0c43b8b0>>, {'<unk>': 0, '<pad>': 1, '<cls>': 2, '<eos>': 3,
'a': 4, '.': 5, "the': 6, ',': 7, '"to': 8, 'of': 9, 'and': 10, 'his': 11, 'in': 12, 'an': 13, 's': 14, 'is': 15, 'with': 16, 'by': 17, 'on': 18, 'after': 19, 'f
rom': 20, 'as': 21, 'he': 22, 'one': 23, 'their': 24, 'man': 25, 'who': 26, 'that': 27, 'for': 28, 'life': 29, 'her': 30, 'into': 31, 'are': 32, 'new': 33, 'whe
n': 34, '"two': 35, 'up': 36, 'help': 37, 'has': 38, 'friends': 39, 'him': 40, 'war': 41, 'find': 42, 'have': 43, 'voung': 44, 'they': 45, 'against': 46, 'but':
47, 'world': 48, 'father': 49, 'them': 50, 'school': 51, 'must': 52, 'old': 53, 'over': 54, 'wife': 55, 'back': 56, 'becomes': 57, 'former': 58, 'years': 59, 'h
imself': 60, 'u': 61, 'run': 62, 'love': 63, 'while': 64, 'american': 65, 'death': 66, 'day': 67, 'was': 68, 'its': 69, 'leads': 70, 'space': 71, 'goes': 72, 'o
ut': 73, 'friend': 74, 'sent': 75, 'york': 76, 'nazis': 77, 'finds': 78, 'murder': 79, 'falls': 80, 'john': 81, 'group': 82, 'at': 83, 'high': 84, 'rebels': 85,
"during': 86, 'three': 87, 'tries': 88, 'other': 89, 'star': 90, 'struggles': 91, 'where': 92, 'power': 93, 'discovers': 94, 'police': 95, 'town': 96, 'woman':
97, 'be': 98, 'time': 99, 'named': 100, 'it': 101, 'more': 102, 'escape': 103, 'best': 104, 'small': 105, 'i': 106, 'darth': 107, 'luke': 108, 'vader': 109, 'wh
ose': 110, 'jones': 111, 'vietnam': 112, 'mission': 113, 'officer': 114, 'about': 115, 'planet': 116, 'city': 117, 'german': 118, 'park': 119, 'year': 120, 'al
1': 121, 'own': 122, 'boy': 123, 'go': 124, 'family': 125, 'connor': 126, 'cyborg': 127, 'toy': 128, 'black': 129, 'suburban': 130, 'childhood': 131, 'son': 13
2, 'down': 133, 'corruption': 134, 'lives': 135, 'set': 136, 'marty': 137, 'before': 138, 'emperor': 139, 'past': 140, 'only': 141, 'sets': 142, 'frustrated': 1
43, 'order': 144, 'again': 145, 'not': 146, 'murdered': 147, 'mob': 148, 'lawyer': 149, 'daughter': 150, 'story': 151, 'will': 152, 'can': 153, 'mother': 154,

[29 22] ©@o] AFdA(vocabulary) e #E

18 238 33} 8 (overview S HAg oL
tokens 4% B Wl oo 28 AFES B
£ ‘<cls>’ 9 o] Al Fkelth
Ho dolz= d78d dolrtt ¢
ojtt.

12
>
d
a
2
o
1=}
2

. 1
3t et &s B ‘<pad>’ = WY H #%E
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user_id movie_id rating gender age occupation zipcode overview director
A criminal pleads insanity and is admitted to a mental institution, Milos
0 1 1193 5 F 110 48067  where he rebels against the oppressive nurse and rallies up the Forman
scared patients.
Snobbish phonetics Professor Henry Higgins agrees to a wager that ~ George
1
L ok g 17 L i Rocor he can make flower girl Eliza Doolittle presentable in high society. Cukor
2 9 1287 5 F 5 10 48067 Afler a Jewish prince is betrayed and sent into slavery by a Roman William
friend, he regains his freedom and comes back for revenge. Wyler
8 1 595 5 3 ; 10 48067 A prince cursed tQ spend h\§ days as a hideous vmonster sets outto  Gary
regain his humanity by earning a young woman's love Trousdale
When a nice old man who claims to be Santa Claus is George
a1 2398 4 F 110 48067 institutionalized as insane, a young lawyer decides to defend him by Seatogn
arguing in court that he is the real thing
A high school wise guy is determined to have a day off from school,  John
5
L 2 £ i3 i ic goco despite what the Principal thinks of that. Hughes
6 1 2791 4 F 5 10 48067 A man afraid to fly must ensure that a plane lands safely after the Jim
pilots become sick. Abrahams
The victims of an encephalitis epidemic many years ago have been
71 3105 5 F 110 48067  catatonic ever since, but now a new drug offers the prospect of Mm{m”
reviving them.
[1% 23] EZ87 ekmd oy A

1.3.2) #Addoe) #E g}

A

Of

s} 2} of
Fasttext (wiki—news300d-1M.vec)ZE

= [e]
A EAS

Agstz] fEl, ©oje
J)tjo} 2017, UMBC HHjo]2~ A~ 2
19k 7)o o] wWgo|t [9].

sl dolE ndste dHlY ¥E

oltt.

2) ¥4 dolg Az A7} "oy A

o

wegn,  wos

E
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A7k 0 2= random_state

TH dlolH A HF ol Als F¥ dolH

tokens

12,4, 500, 595, 534, 10, 15, 590, &, 4,
446,591, 7, 92, 22, 85, 46, 6, 593, 592,
10, 596, 36, 6, 597, 594, 5, 3, 1, 1]

[2, 1438, 1436, 194, 193, 1435, 913, 8, 4,
1439, 27, 22, 153, 325, 1134, 287, 1434,

1433, 1437, 12, 84, 313,5,3,1, 1,1, 1, 1,
1

[2, 19, 4, 246, 479, 15, 1329, 10, 75, 31,
354,17, 4, 267, 74, 7, 22, 1331, 11, 1330,
10, 449, 56, 28, 1038, 5,3, 1, 1, 1]

[2, 4, 479, 1047, 8, 896, 11, 825, 21, 4,
1049, 626, 142, 73, 8, 1051, 11, 1050, 17,
1048, 4, 44, 97, 14, 63,5, 3,1, 1, 1]

12, 34,4, 952, 53, 25, 26, 1770, 8, 98,
1774, 1771, 15,1773, 21, 532, 7, 4, 44,
149, 1565, 8, 1478, 40, 17,1769, 12,
1772, 27,3)

[2, 4, 84, 51,732, 726, 15, 680, 8, 43, 4,
67, 255, 20, 51, 7, 189, 176, 6, 728, 731,
ONZroBi, 1, 1, 1, 1]

[2, 4, 25, 583, 8, 585, 52, 584, 27, 4, 587,
295, 588, 19, 6, 586, 324, 589, 5,3, 1, 1,
1,1,1,1,1,1,1,1]

[2, 6,1383, 9, 13, 1376, 1377, 1378, 59,
1035, 43, 166, 1375, 687, 550, 7, 47, 227,
4, 33, 209, 1380, 6, 1381, 9, 1382, 50, 5,
3,1]

rde

Jol

AFE-3F T, wiki-news300d-1M.vecE 97

statmt.org 2> Hlo]E AMow FH3

Q8- 3000]aL AA| who] = 999,994 7

& dlo]E Al(Tranin Data Set)™} H7} ©lo]g Al(Test

Scikit-Learn?]
10042 3%
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o 1%l 59 Added PartollA FM¢ &35 4go= wh= OW DN A8 74
G- - e F, i gk 1, 64, 128, 128.

o Deep?l &3S Yo W= @ DW AA - 49 F, "zl Fh
128, 128, 128, 128.

e EdN~¥H Iy FHE YHOR W QW DN AA - a9 F, v

S gk 128, 128, 128, 128. @ DNN A A

%
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e
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o 7} DNNo| &= ks X33k v E d=Ho=z v HE @H DN A4 -5

=, wi7RHESE 7k 128, 256, 128, 64, 1= A AT
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B owRAE Agde] FAGH WL 953

Root Mean Squared Error)et= H7F A X E ALE3)

38 RMSES] 2]o]t}.

N
RMSE = \/ iNZ (pred, — target,)> ©

5) 24 H|u

Alglo = Wide & Deep, DeepFM, xDeepFM [15] ™ DeepFM-Attention 47§ <]

oL

28 vwstt). Wide & Deep, DeepFM, xDeepFM 3719 EElo| M= A% A
(8912=E) HlolHE A|s AFEA} ofolt], <3} ooy, A<, AH, 7,
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6) stol® wwjy AA
MovieLens-IMDB H®|o|E] A& Ag&3sle] =S Hrlslr] $j&] A3 3loly
vzlu) g § 29 2.

[ 2] stoly spetwly A3k
shols shetmg

&
Dropout 0
Batch Size 128
Optimizer Adam
Activation Function ReLU
Dropout< 0 o A Rello] My 7 £2 Aol Uskry] wEol 0oz
A5},
) AFE A
AP AAA A AREE A PCE ASIHAT, Hedo] AR E 3
3} o,
[ 3] A3& PCY st=9o] ALY
s 9o A
CPU 12th Gen Intel(R) Core(TM) i7-12700KF
Mainbord ASUS PRIME Z690-A
RAM DDR5 64G
GPU

NVIDIA GeForce RTX 2080 Ti
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A 98 AFEs =2y 2oj= Python, HEY ZHAHIAE
PyTorch, #}o]B.#g]¥ pandasol™ W A& E 49} Zr}.

[3 4] =27 Ao & 2lejuejy] B

Ao, THANT HE Folreg WA
Python 3.9.18
PyTorch 1.9.0+cul02
pandas 1.4.4

8) ¥ A7+ ¥ Epoch

B =fo| A Aetsl= DeepFM-Transformer® 739 3+ epoch@d 13%9] A]7ho]
A, val 22l DeepFM, xDeepFM, Wide&Deep®] 7%+ 3F epoch™ 3% 9]
Alzke]l AZor. Bdd 20 epoch7bA] AEESa, diFE HiuAds2 10~12

-

epocholl /] B}, DeepFM-Transformer2] 749~ 12 epochd W FHi1AsS

o5,
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2. A#HH7}
1) DeepFM-Transformer] <& DNNollA A WA F9 7 & ¥H He

WA B =fo A A|¢tetE Al DeepFM-Transformere] = DNNo|lA 3 W
A ol w7 e et Ayt vUwA 9 wdl 55 256, 128, 64,
12 AAST. & 5olA g dss & 4 AJded, 7w 71 1289 ) RMSE

A7k 0.84988% 71 2 Ao HolFid

_1

2
4%

[32 5] DeepFM-Transformer®] & DNNOlA] A W =9 HF& 4 3 RMSE A

of\

64 128 256 521

RMSE 0.85932 0.84988 0.85797 0.85751

2) 24 RMSE A4

¥ 6 = Movielens—IMDb Hlo]El A9 H7}(test) Hlo]E Ale] sl 23 wd

=
H RMSE A48 HolFErh., i 604 87 Alke 2= RMSE A5 0.84988%
gAsle] 2 mEnt Aol 9he ol @ 4 Q. Aoty 2de

DeepFMXE.T} 0.00715, xDeepFME.T} 0.01503, Wide & DeepX.Th 0.02098 “- RMSE

A5E wAdnh AAHe AR o we AY A sgss glow
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[ 6] Movielens—IMDb Ho|E] Aol st =&l RMSE <=

DeepFM- .
Transformer DeeptM xDeepFM Wide&Deep
RMSE 0.84988 0.85703 0.86491 0.87086

3) Wjx] 7] & Z+ 24l RMSE A<

O 24% WA Z7] ¥ Zhzbe] RAEe] RUSE #E HolEth. wiA A=
Aol wel 8¢ wig® o] [16, 32, 64, 128, 256, 512] 67HA 2 AAEA
o}, 02 stol¥ mpetulEw A A Wl ghe AMEERelT.
i AyelA mEdE 7P Aol 2 wiA Ato]lz=rt AR ERtEs ¢
= = 7t
Bl F T, DeepFMe] A9 64 w) 7b4 £ A% KHolFa 512004 714

0t

=0
-

oX,
olr
o

I Arf. B =Fo A A A= DeepFM-Transformer®] 74-9- vzl =7|7} 128<
o]

M e A% BRom, 64, 169 WE A4 w3

oF £& XSS HAFUY. xDeepFM¥t Wide & Deep® A wix] =7]7} 16¥
o 7HE £ AeS TR, xDeepfMe] -5 v x| =7|7F 256Y wf Wide

& Deep®] 745 ®ix] A7|7F 128¢ w 7} oF =& MHeS HAFAY. AAH
o vjx =77} 256, 5129 uwj 7} oF £& A

o
%
2
N
32
3
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0.90

0.88
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—— DeepFM-Transformer
D cepEM

—— xDeepFM

—— WideAndDeep

RMSE

0.86

0.84

0.82

Batch Size
(29 24] v x] Z7]E Ae 2do] RUSE ¢k

37 iR A7 A o] L RMSE ghelth. wjx] A7)
RMSEO| M &= ¥ =30l A A|<tsti= DeepFM-Transformer 7} 7173 &

AT, AFE L2 DeepFMETE 0.003998, xDeepFME.TE 0.00978,

718 <o

S
AN =2

Wide & DeepX.t} 0.012149 w2 RMSE A5 H Y.

512

M

=9o
T

- 0
Aess B

(3 7) WA 2% A9 mele) B RISE %
DeepFM- '
TransformerT DeepkM xDeepFM Wide&Deep
Mean RMSE  0.857115 0.861113 0.866895 0.869265
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4) SEvlo]x ¥ Z} »do] RMSE HS

a9 25v ZF gERbolA W AE RAES] RMSE a2 HolFth. Adam, Adaml
2 Adagrad®] Al 7FA] FElREO] A 7F AR EH AT, HA RS Adams AHEE o
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0.90
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—— DeepFM-Transformer
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0.86 :
—

" ////
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o

0.84
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V. 2 &

1. 248
A Aidelgols AF dig B ARIE EA sk B =FddAE
9] Factorization-Machine 7]WFe] A7 FH wdloix HoFx EIdd, &

A3t AFE AW HAE Holy o] Aozgdhs dhhe, 9AE HoEE NP

Aol Aglek AEe] v "HAE dolEle} AFER, AFEe] EA
S N2 z2gste] FH A3 DeepFM-Transformer 7} MovieLens-1M3} IMDB
topl000= w3k MovieLens—IMDB do]E] AlolA4, Wide & Deep, DeepFM,
xDeepFME.T} RMSEo A T £ A 5S HoFt}h. Factorization-Machine 7]%F

o AW RANA B4 3 FEAGHE A} GAE dolge] 2o F

2. ¥ 47

2 AFNME A 3He A58 AlF AW °gAE dolHE xgske Al
Z& Y9 FH WS AT A whA e 2 HLHolg &
I PgA e, E Ao AFEE Transformer® 73-% Multi-Head AttentionS %4 -&

3FA] 2 Sing-Head Attention®|R1 o™ NLPo|A Aol =& 4l 2d(Bert,
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