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A Study for GAN-based Hybrid Collaborative Filtering Recommender

Hee Seok Song”

Abstract

As deep learning technology in natural language and visual processing has rapidly developed, collaborative
filtering-based recommendation systems using deep learning technology are being actively introduced in
the recommendation field. In this study, OCF-GAN, a hybrid collaborative filtering model using GAN, was
proposed to solve the one-class and cold-start problems, and its usefulness was verified through performance
evaluation. OCF-GAN based on conditional GAN consists of a generator that generates a pattern similar
to the actual user preference pattern and a discriminator that tries to distinguish the actual preference
pattern from the generated preference pattern. When the training is completed, user preference vectors
are generated based on the actual distribution of preferred items. In addition, the cold-start problem was
solved by using a hybrid collaborative filtering recommendation method that additionally utilizes user and
item profiles. As a result of the performance evaluation, it was found that the performance of the OCF-GAN
with additional information was superior in all indicators of the Top 5 and Top 20 recommendations compared
to the existing GAN-based recommender. This phenomenon was more clearly revealed in experiments with
cold-start users and items.
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<Figure 1) User-based OCF-GAN Architecture(Changing User
to Item in Item-based OCF-GAN)
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Input: rating matrix {r,}, user profie {s,}

[0}
13: end for
14: until £“? converges

1: Initialize generator and discriminator with random weights 6,¢

N
ie. ¢ =arg™ DB, _, llogDy(r,s, | u)l+E
u=1

2: repeat

3:  for g-steps do

4: Sample minibatch of K users

5: Generates K fake purchase vectors {7, 7,,...,7,} for each user u using r, s,
6: Update generator parameters by ¢"<“= g°li— )\%V(;JG

7: end for

8. for d-steps do

9 Sample minibatch of L users

10: Get their real purchase vectors: {ry,ry, ..., v}

11: Generates L fake purchase vectors {r,,+,,...,,} using r,s, and masking with e,
12: Train discriminator to find optimal ¢

llog(1— D, (r,®e,s, | u))l)

<Figure 2> OCF-GAN Algorithm
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(a) Loss oscillator of item-based OCF-GAN (b) Loss oscillator of user-based OCF-GAN

<Figure 3) Loss Oscillator of OCF-GAN
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$o] 1 7S AR Yknel b vEm A o 3 s e ololdy|uko 2 OCF-GANS a8
WEE 2 AL Tl mr) Be] R Ao F AbgAlolo] )l AEAE WelHe Jeale] Top N
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(Table 1) Experiment Results of Item-based and User-based OCF-GAN

Toph Top20

Method Input — .
Precision | Recall NDCG MRR Precision | Recall NDCG MRR

Rating
Ttem-ba (CFGAN)

sed Rating+Side
(OCF-GAN)

Rating
User-ba (CFGAN)

sed | Rating+Side

0.4358 0.1518 0.4728 0.6841 0.2914 0.3596 0.4358 0.6963

0.4426 0.1544 0.4725 0.6694 0.2920 0.3591 0.4334 0.6812

0.3765 0.1247 0.3776 0.5210 0.2672 0.3315 0.3700 0.5383

0.3962 0.1355 0.4268 0.6384 0.2708 0.3398 0.4017 0.6530

(OCF-GAN)
(Table 2> Experiment Results for Cold-start Cases
i Toph Top20
Train Method Input — ° . |
data Precision| Recall | NDCG MRR |Precision| Recall | NDCG MRR

Ttem-based| Rating 0.3928 | 0.1350 | 0.4264 | 0.6440 | 0.2540 | 0.3082 | 0.3814 | 0.6572
Cold-start] OCF-GAN | Rating+Side | 0.3998 | 0.1357 | 0.4328 | 0.6465 | 0.2555 | 0.3089 | 0.3847 | 0.6585
Cases |User-based| Rating 0.2106 | 0.0676 | 0.2245 | 0.3426 | 0.1489 | 0.1752 | 0.2121 | 0.3573
OCF-GAN | Rating+Side | 0.2310 | 0.0759 | 0.2512 | 0.3940 | 0.1597 | 0.1864 | 0.2326 | 0.4131
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