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ABSTRACT

The personalization recommendation system means analyzing each individual's interests or preferences and recommending
information or products accordingly. These personalized recommendations can reduce the time consumers spend searching
for information by accessing the products they need more quickly, and companies can increase corporate profits by
recommending appropriate products that meet their needs. In this study, products are recommended to consumers using
collaborative filtering, matrix factorization, and deep learning, which are representative personalization recommendation
techniques. To this end, the data set after purchasing shopping mall products, which is raw data, is pre-processed in the
form of transmitting the data set to the input of the recommended system, and the pre-processed data set is analyzed from
various angles. In addition, each model performs verification and performance comparison on the recommended results,
and explores the model with optimal performance, suggesting which model should be used when building the
recommendation system at the mall.
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Table. 1 Comparison table of the previous work [9-11]
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title published | characteristic

dataset limitations

Multimodal trust based
recommender system with
machine learning approaches for
movie recommendation

- trust and resemblance
2021 - trust based filter

- check that the user is a cold user

- Diagonal cells as a
consumer can't rely upon
its own rating producing
power

- input of trust based filter
model is producer-consumer
trust matrix

Deep Meural Metworks for 5016 freshness, noise

YouTube Recommendations[9]

three major perspectives: scale,

- two-stage approach: one for candidate
generation and one for ranking

- Very large cardinality ID
spaces are truncated by
including only the top N
after sorting based on their
frequency in clicked
impressions

- YouTube video datas

Deep Learning Recommendation
Model for Personalization and 2019

Recommendation Systems[10] representation

using the embedding tables to map a
categorical feature to a dense

- continuous & categorical features

- Generating a vector of
random numbers using either
a uniform or normal
distributions

- The Criteo Al Labs Ad Kaggle
and Terabyte datasets (each
data contains 13 continuous
and 26 categorical features)

- The results in training
times up to several weeks
or more

- The size of embeddings
makes it prehibitive to use
data parallelism

latent factor model
Matrix Factorization Techniques

for Recommender Systems[11] 2009

temporal dynamics

stochastic gradient descent
inputs with varying confidence levels

- more items and users
slow down learning

- SGD techniques cannot
be parallelized

- Netflix Prize data
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R: Rating matrix
P: User latent matrix
Q: Item latent matrix

Fig. 1 Matrix Factorization
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2.1.7. GNN (Graphic Neural Network)
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2.3.2. Privacy preserving Recommendation System
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Table. 2 Data table

Table name Type

Columns

goods_review | review | order_item_sno, goodsno, points, contents, dogname, m_no, pet_age

order order ordno, m_no, deliveryno, delivery, ... etc

order_item order sno, ordno, goodsno, ccode, goodsnm, ... etc

items Item goodsno, goodsnm, origin_no, ... etc

item_category Item sno, goodsno, category

category category sno, category, catnm
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USE TABLE gd _goods_review

DROP NULL

IF goods NOT EXISTS gd_goods (TABLE):
DROP datas (raw)

DROP DUPLICATES (mno, goodsno)

IF NUM(ratings) < 5: # 5: Kfold Num
DROP datas (raw)

CREATE TABLE dog_rating
COLUMNS mno, goodsno, point

CREATE TABLE dog_user
COLUMNS mno, pet_age, dogname

Algorithm 1 Data Preprocessing

USE TABLE gd goods
CREATE TABLE dog_item
COLUMNS goodsno, goodsnm

FA 250 Jelos A vl a7 9)

3], $-2]= items H|©]E-2] goodsno Z-H 3} goodsnm Z-
HE A3 N2 Ho| & dog_itemS A3 T}
3k, goods_review || 5o items B o] E-of £X|3}4]
U= dEE ] gt FE7F EASHR AL, o] 2]t HlolH
S TS A7) ol B AR

goods,reVlew Hol& & S5 do|8E AAs L, Al
2 57 ofsha st DAS-S A Hlo]E A o] A
A LJteict o] % g Ho|H A ES] LM HT, AEH
T, B ZEe ol&ste] AEE HolHAE
dog_rating& A AJ5}5ich npx|alo & Xlo]|EE o] &5}

L AR o bR HH I} 9l HolE A ES s
7] $J8l Y H, v 55 Uo|, it sE £57 ZdY

& AHg-51] dog_user |

3.3.HI0|E 24

goods_review H|o|E2] ¥ FE B¢ Hlo|EE o]
88, ZOlA U5 Afo| 28 717 Bo] ol a1 el
58 S A9 1070E g e =2 Azt ok
% 29} Pe}. el 2E 7|22 ALEAL Ao|ES 7}

Site usage ranking by pet type (Top 7)
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Fig. 2 Site usage ranking by pet type
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Fig. 3 Site sales ranking by product category
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Fig. 4 RMSE values according to change in K values
(Collaborative Filtering)
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Algorithm 3 Matrix Factorization

Algorithm 2 Collaborative Filtering

READ Data: Data includes point, mno, goodsno
SPLIT Data INTO Train, Val, Test dataset
REPEAT FOR Kfold num:
CREATE Rating Matrix
CALCULATE User Similarity
SET Neighbor Size
IF Goodsno IN Rating Matrix:
Prediction = DOT(User Similarity, Item Ratings) /
SUM(User Similarity) + 0.0001
Prediction += MEAN(User Ratings)
RECOMMEND Items

READ Data: Data includes point, mno, goodsno

CREATE Rating Matrix

MAP User ID -> User Idx, Item ID -> Item Idx

SET num of Latent Factor

DIVIDE Rating Matrix INTO User Matrix, Item Matrix

GET User bias, Item bias

REPEAT FOR Kfold num:

REPEAT FOR Iterations:
Predictions = DOT(User Matrix, Item Matrix.T)
+ User bias + Item bias + Rating mean
UPDATE User bias, Item bias, User Matrix,
Item Matrix USING SGD
RECOMMEND Items
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Fig. 5 RMSE values according to change in K values
(Matrix Factorization)
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Fig. 6 RMSE values according to the number of
epochs (Matrix Factorization)
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Fig. 7 Top-5 Product Recommendations
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todel: "model "

Layer (tvpe) Output Shape Paran # Connected to

input _1 ClnputLayer ) [(hone, 1)] o 8]

input 2 (InputLayer ) [(Mone, 1)] o b

enbedding (Enbedding) (Nene, 1, 200) 326600 [ input_1 [0110] ']

embedding_l (Enbedding) (Mone, 1, 200) 1226400 ["input 2[00 (0] ']

dot (Dot} (Mone, 1, 1} a [ enbedding[0] (0],
“enbedding_1 [0] [0] ']

embedding_2 (Enbedding) (Mone, 1, 1] 1633 ["input 1 {01 (0] ']

embedding_3 (Enbedding) (Mone, 1, 1) 6132 [*input 2[00 [0] ']

add (Add) (None, 1, 1) 0 [dot[@1[0]",
“enbedding_2[0] [0] ",
“enbedding_3[0] [0] ']

flatten (Flatten) (None, 1) o ["add[O] [0]']

Total params: 1,560,765
Trainable parans: 1,560,765
Non-trainable parans: 0

Fig. 8 Basic Neural-Network model structure
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Fig. 9 Train & Test RMSE values according to number
of epochs (basic NN)
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input_4 (InputLayer) [(Nane, 13] 0 1
enbedding_4 (Enbedding) (Hane, 1, 200} 326600 [input_3[0101"]
enbedding_5 (Enbedding) (Hane, 1, 200} 1226400 [input_4[0101"]
enbedding_6 (Embedding) (MNone, 1, 1) 1833 ["input_3[0][0]"]
enbedding_7? (Embedding) (MNone, 1, 1) B132 ["input_4[0][0]"]
tlatten_l (Flatten) (MNone, 200} o [ "embedding_4[0][0] "]
flatten 2 [Flatten) (Mone, 200} i ["embedding_&[0][0] "]
flatten_3 (Flatten) (Mone, 1) i} [ "embedding_B[O][0] "]
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dense {Dense) (MNone, 2048) 26344 [ ‘concatenate[0][0] "]
activation (dctivation) (Hone, 2048) 0 ['dense[0][0] "]
denze_| (Dense) (Hone, 256 524544 [Cactivation[01(0]']
activation_| (Activation) (Hane, 256) 0 ["dense_1{01{0]"]
dense_2 (Dense) (None, 1) 287 [‘activation_1[0][0]"]

Total params: 2,810,910
Trainable params: 2,910,510
Non-trairable parans: 0

Fig. 10 Deep Neural-Network model structure
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Fig. 11 Train & Test RMSE values according to number
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Algorithm 4 Deep Learning

READ Data: Data includes point, mno, goodsno
MAP User ID -> User Idx, Item ID -> Item Idx
SET Num of Latent Factor, Num of User Embedding,
Num of Item Embedding
DEFINE Model(User, Items) -> Predictions
REPEAT FOR Kfold num:
REPEAT FOR Iterations:
TRAIN Model
VALIDATE Model
Predictions = Model(User, Item)
RECOMMEND Items
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Fig. 12 Top-5 Product Recommendations
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Table. 3 MF_tuned model performance assessment

num_items recall (TPR) FPR
10 0.534 10 0333 0.0
20 0457 0.0 0.0 0.157
30 0481 0.0 0.0 0.071
40 0.5 0.5 0.375 0.094
50 0.506 0.6 0.25 0.053
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