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et al., 2017).
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2.2. G-ADLFRM with Multi-Head Attention
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Reference num

Data Row User Items 3 4 5
Anime Recommendation 90408 /3 = 119700/4 = 151070/5 =
Database(2016) 57,633,278 325,772 17,562 30,136 29,925 30,214
Amazon Fine Food 130524/3 = 129796/4 = 114450/5 =
Reviews(2017) 568,454 256,059 74,258 43,508 32,449 22,890
Amazon Beauty Products 193008/3 = 225196/4 = 210270/5 =
Ratings(2018) 2,023,270 1,210,271 249,274 64,336 56,299 42,054
@ 7]¥& ADLFMOA f=e] ¥slE A& o & ¥17}3tod(Lemire et al., 2005) 53 A| 2~

[e]
éolEﬂ

o}o] 2 /\h:doﬂ/q o}o] g 1D

@ EA dlolE el SH=A &1 o w1
HolHoME fARE 295 A 4 J=7R

A% o HAOR <3 1>0] Usheli Anime
Recommendation Database(2016), Amazon Fine Food
Reviews(2017), Amazon Beauty Product Ratings(2018)
s 37HA HlelEE ol &stith 7 TlolEle
ADLFM®] Zu)| 7] ¥ 4~(hyper-parameter) ] reference
num®l @2} 3709 HlolB = A A S =T,
reference num®| gk ARE-A}e] A WE E F5}7]
el AHEE i AREAE 0] -83F oo 'l €]
Mg ofugit). shsdlely, S tlolE], B7}
dolEE 212} 75:10:159] ¥ &2 YHA E=olx
(hold-out) WA+ 5-& Google Colab Pro 74 o] A]
AAGT ASAAY 2o /)24 Optimizer
(34 g}l d318]EF)= Adam, ConvlD Layer®] ZE

= 64, WX =Z7]= 322 AP 30 epoch
o7 g5e AP F4 AeAEEA oA
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FollA Bol AHg3hT Q=

= MAES /\]‘9-6]1 [e) U:L

Reference num

3 4 5
Item Description 1.1067 1.1166 1.1330
Item Id 1.1972 1.1918 1.2093
decrease rate -8.2% -6.7% -6.7%
160 157
120
92
80 ——ofo|g e
——0t0[& ID
49
40
2 2 2
0
Refe Ref 4 Ref 5
(1 5) U3 #1H ® 59 sxan



H 3) G-ADLFRM Hsi&d Zu

Reference num

Model Input Modified Part 3 4 5
Description - 1.1067 / 157s 1.1166 / 92s 1.1330 / 49s
ADLFM
1D 1.1972 / 3.1s 1.1918 / 2.8s 1.2093 / 2.7s
Self-Attention 1.2093 / 3.1s 1.1918 / 3.1s 1.1972 / 2.8s
G-ADLFRM ID Multi-Head Conv1D 1.1822 / 3.1s 1.1847 / 2.9s 1.2147 / 2.9s
Multi ConvlD *1.1102 / 3.1s *1.1045 / 3.1s *1.1390 / 3.1s
Restruc. ADLFM Description/ Multi ConvlD 90.35% 101.08% 99.47%
Improv. ADLFM ID / Multi ConvlD +7.26% +7.32% +5.81%
A, ADLFM®| J¥ o= ofold] HdriS A ARESIYlgole B 720 /e dukzlos
315 wé} ofoldl IDE hAIHNE W] s Aol FFE AL T 5 U HEHS
Hlwsl= A&olA= Anime Recommendation 6 g3lo

Database(2016) 5 AH&-h <3 2>9] A& B
H, AREAZ AsI] MAEZ) H 7.2%(6.7%
~ 82%) Fsst J=e] WstE Qs Aol o
gt AT Y= = ARFo] UF A
+oE EFata Aol UmAls A=+ 1E
A on, reference num®] S7VEEE 1 A
ol 233 HolA IS & F Uth =S
<39 5>oll4 B b} o] AE|d AR o]
o} Hol| wpet St 27} Wt 97.4% A4S}

=
F 4 Q1S AL reference num®] ©]# 3+ £ o
A g G vA = 2HTYS & o Stk
HAAE, & =iollA AFE 37k 739
LFRMo| HHEH R 13 A5 74 A%
L A NG F UeA Lokie dshinl
& o] 4] == Anime Recommendation Database(2016)
AREETE <3 3>o UEhe AXY TE
ADLFMOI|A] ool drdS jel o= AL8-3 799

£l
Ml S o, FYSE uT} 2 e oeld) DS

Q
g

it
2

>

i

™, ©]F Multi-ConviDE %83t G-ADLFRM®]
71 2o A2 RYY. Multi-ConvlDe] 745
reference num®| 39 W 4517} 90.35% =2 713+
Zhoxal, 59 Wi 99.47% =2t 4Y vl
101.08%2] d%5& Ho|M ADLFM KUt} -3k
oS B 3 k&5 922004 3.1%
2 gr|de g NAEAT olH3 A=z vF
ol & o, ofo|dl IDE Y] A ®Wst= <laf HA
I 5 At TAE 2 ATl A 2l
o] Fxo| WAL T3l T3] MEY T U
& T Aok

A9} O 2 G-ADLFRM-E Amazon Fine Food
Reviews(2017)$} Amazon Beauty Product Ratings
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Abstract

A Generalized Adaptive Deep Latent Factor
Recommendation Model

Kim, Jeongha" - Lee, Jipyeong® - Jang, Seonghyun® + Cho, Yoonho™

Collaborative Filtering, a representative recommendation system methodology, consists of two
approaches: neighbor methods and latent factor models. Among these, the latent factor model using matrix
factorization decomposes the user-item interaction matrix into two lower-dimensional rectangular matrices,
predicting the item's rating through the product of these matrices. Due to the factor vectors inferred from
rating patterns capturing user and item characteristics, this method is superior in scalability, accuracy, and
flexibility compared to neighbor-based methods. However, it has a fundamental drawback: the need to
reflect the diversity of preferences of different individuals for items with no ratings. This limitation leads
to repetitive and inaccurate recommendations. The Adaptive Deep Latent Factor Model (ADLFM) was
developed to address this issue. This model adaptively learns the preferences for each item by using the
item description, which provides a detailed summary and explanation of the item. ADLFM takes in item
description as input, calculates latent vectors of the user and item, and presents a method that can reflect
personal diversity using an attention score. However, due to the requirement of a dataset that includes item
descriptions, the domain that can apply ADLFM is limited, resulting in generalization limitations. This
study proposes a Generalized Adaptive Deep Latent Factor Recommendation Model, G-ADLFRM, to
improve the limitations of ADLFM. Firstly, we use item ID, commonly used in recommendation systems,
as input instead of the item description. Additionally, we apply improved deep learning model structures
such as Self-Attention, Multi-head Attention, and Multi-ConvlD. We conducted experiments on various
datasets with input and model structure changes. The results showed that when only the input was changed,
MAE increased slightly compared to ADLFM due to accompanying information loss, resulting in decreased
recommendation performance. However, the average learning speed per epoch significantly improved as the

amount of information to be processed decreased. When both the input and the model structure were
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changed, the best-performing Multi-Conv1d structure showed similar performance to ADLFM, sufficiently
counteracting the information loss caused by the input change. We conclude that G-ADLFRM is a new,
lightweight, and generalizable model that maintains the performance of the existing ADLFM while enabling

fast learning and inference.
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