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Overview of recommendation system
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Today's Recommendations For You

Here's a daily sample of items recommended for you. Click here to see all recommendations.
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Suggestions to Watch Instantly

The Fighter Stranded: I've Come from That '70s Show

" aPlane...

Because you enjoyed:

FIGHTER

Because you enjoyed:

o 4 Because you enjoyed:

Shutter island Futurama
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Collaborative filtering

watched by user
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Neural collaborative filtering
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Wide & Deep Learning
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Wider and deeper
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Crowd Sentiment
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Public reviews

Visual Representation

Image CNN

Fig. 2 Illustration of multimodal deep leaming network

Multimodal Fusion
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Semantic Representation
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Some limitations
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Two waves of artificial intelligence
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Neural Logic Reasoning
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Shi S, Chen H, Ma W, et al. Neural logic reasoning[C]//Proceedings of the 29th ACM
International Conference on Information & Knowledge Management. 2020: 1365-1374.




Neural Collaborative Reasoning
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Chen H, Shi S, Li Y, et al. Neural collaborative reasoning[C]//Proceedings of the Web
Conference 2021. 2021: 1516-1527.

ENLRAYESH L

NCRIZNNFEFRIEFRRERA,
BREFEE5mB s
T8, SEUIMELERE




=21 LA EHE R E SISIHER

Q1Difficult to balance complexity and feature mining
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In Equation 9, the first two conjunction terms are the first-order
relationships between items, and the third one is a second-order
relationship. If the user has more historical interactions, there can be
higher-order and more relationships, but the number of disjunction
terms in Equation 9 will explode exponentially. One solution is to

sample terms randomly or using some designed sampling strategies.

In this work, for model simplicity, we only consider the first-order
relationships in experiments, which is good enough to surpass many
state-of-the-art methods. Considering higher-order relationships
can be the future improvements of the work. As far as we know,
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Shi S, Chen H, Ma W, et al. Neural logic reasoning[C]//Proceedings of the 29th ACM
International Conference on Information & Knowledge Management. 2020: 1365-1374.
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Q2Loss of logical regularity may cause reaction

Table 1: Logical regularizers and the corresponding logical rules

Logical Rule Equation Logic Regularizer r;

NOT Negation -T=F r1 = YDwewu(r} Sim(NOT(w), w)

Double Negation —(—w) =w ro = 2 wew 1 —Sim(NOT(NOT(w)), w)
Identity wAT =w r3 = Ywew 1 — Sim(AND(w, T), w)

AND Annihilator wAF=F ra = 2 wew 1 — Sim(AND(w,F),F)
Idempotence WAW=Ww rs = Dwew 1 — Sim(AND(w, w), w)
Complementation wA-w=F re = 2wew 1 —Sim(AND(w,NOT(w)), F)
Identity wVF=w rg =Y wew 1 —Sim(OR(w, F), w)

OR Annihilator wVvVT=T rg = 2 wew 1 —Sim(OR(w, T), T)
Idempotence wVw=w rg = 2 wew 1 — Sim(OR(w, w), w)

Complementation

wV-aw=T

r10 = Qwew 1 — Sim(OR(w, NOT(w)),T)
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Q2Loss of logical regularity may cause reaction
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Neural methods for logical reasoning over

knowledge graphs
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Amayuelas A, Zhang S, Rao S X, et al. Neural Methods for Logical Reasoning over
Knowledge Graphs[C]. International Conference on Learning Representations. 2022.
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Q3Whether it can be solved by KG query
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Neural Logic Query(Our Model)

HEEZIEER(RIAAEE)

=
MEHFEREAZETARSTIENER
o, HFAESAMNERSEEFER
HIERE B RPREUREPIIREAER.

A, EFHBE—NETESrHEERERI
INAIMEESS, EREBAMERUEEIFTR
EREFATHEETON, (BEXSUVISEIRE
iBE—TRIMERISAE, MAEERIEHITHE
I8
RE—ETZEEANHERTESEFR

B, BHEFHETFIRER. IBWAsHE,

F AR SIERFRR R RIERLAZEINIR
EhE, b, (ERERMEEER AT
IZIEFIREE LT —RhZEEaNR
BRAFPIBENEIE

=

ReHPUGFE—H L T HIER{V,, V,, Vi, W}

Hp R P 5V = sg 5,

Bz T B HHERE ] @] B

R N LU T —PriZ R E iRk s

q=V,3U:. Pos(U,V;) ANeg(U,V,) AP

os(U,V3) A=A Pos(U,V,) » Pos(U, 1))




Neural Logic Query(Our Model)
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Neural Logic Query(Our Model)
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Table 1

Performance on the recommendation task ml100k

BRUNNEERSE, 100 5REUE

ML100k
NDCG@5 NDCG@10 NDCGO20 HIT@1 HIT®©5 HIT@10 HIT@20
BPRMF 0.3006 0.3578 0.4066 0.1458 0.4512 0.6281 0.8221
SVDPP 0.3122 0.3783 0.4169 0.1522 0.4662 0.6710 0.8232
STAMP 0.3423 0.3957 0.4350 0.1747 0.4995 0.6645 0.8199
GRU4Rec 0.3564 0.4122 0.4391 0.1873 0.5134 0.6849 0.8232
NARM 0.3442 0.4021 0.4380 0.1768 0.5016 0.6806 0.8210
NLR 0.3425 0.4064 0.4313 0.1886 0.4941 0.6527 0.8017
NCR 0.3467 0.4099 0.4452 0.1794 0.5053 0.7006 0.8408
Ours/1 0.3517 0.4068 0.4423 0.1844 0.5123 0.6795 0.8221
Ours/2 0.3606 0.4157 0.4563 0.1897 0.5230 0.6935 0.8553
Ours/3 0.3711 0.4190 0.4610 0.1994 0.5295 0.6860 0.8521
Ours 0.3802 0.4357 0.4772 0.2004 0.5509 0.7224 0.8660
Improvment1 6.68% 5.70% 7.54% 6.99% 7.30% 5.48% 5.20%
Improvment?2 9.66% 6.29% 6.06% 6.26% 9.02% 3.11% 3.00%

TR NIFHEFT S ATRIREIERE Ours/1-3)9/ERAsLIe, XWNEIR. JwiY. 18A
BRLNEEREAESHANMEELEIRIRELSE  Improvmentl SR FIFBRERF S AP E(E SRR
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Neural Logic Query(Our Model)
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Table 2
Performance on the recommendation task 5Movies and TV

IRAKRIEURS, 1700 5-E0E

5Movies and TV

NDCG@5 NDCG@10 NDCG@20 HIT@1 HIT@5 HITQ10 HIT@20

BPRMF 0.4031 0.4456 0.4761 0.2510 0.5413 0.6727 0.7928
SVDPP 0.4123 0.4534 0.4832 0.2673 0.5443 0.6753 0.7958
STAMP 0.3944 0.4359 0.4672 0.2474 0.5286 0.6569 0.7801
GRU4Rec 0.4142 0.4545 0.4847 0.2647 0.5501 0.6747 0.7935
NARM 0.4168 0.4565 0.4862 0.2705 0.5486 0.6761 0.7968
NLR 0.4191 0.4594 0.4890 0.2713 0.5527 0.6772 0.7939
NCR 0.4364 04747 0.5043 0.2847 05702 0,692 0.8002
Ours/1 0.4349 0.4749 0.5046 0.2855 0.5692 0.6928 0.8099
Ours/2 0.4569 0.4952 0.5231 0.3089 0.5896 0.7076 0.8177
Ours/3 0.4460 0.4850 0.5131 0.2984 0.5790 0.6995 0.8104
Ours 0.4671 0.5050 0.5320 0.3172 0.6014 0.7184 0.8246
Improvmentl 12.07% 10.62% 9.42% 17.26% 9.33% 6.26% 3.49%
Improvment?2 7.03% 6.38% 5.49% 11.42% 5.47% 3.68% 1.90%
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Neural Logic Query(Our Model)
MBI (AR5 )
Table 3

Performance on the recommendation task 5KindleStore

AEATIEGIREE, 98 5EURE

5KindleStore

NDCG@5 NDCG@10 NDCG@20 HITO1 HIT@5 HIT@10 HIT®@20
BPRMF 0.3551 0.3987 0.4316 0.2106 0.4891 0.6237 0.7536
SVDPP 0.4837 0.5226 0.5479 0.3240 0.6272 0.7468 0.8466
STAMP 0.4501 0.4892 0.5176 0.2946 0.5914 0.7119 0.8237
GRU4Rec 0.4794 0.5156 0.5400 0.3225 0.6188 0.7302 0.8262
NARM 0.4597 0.4968 0.5226 0.3044 0.5985 0.7129 0.8144
NLR 0.4525 0.4934 0.5206 0.2911 0.5981 0.7241 0.8376
NCR 0.4497 0.4922 0.5207 0.2843 0.5999 0.7307 0.8432
Ours/1 0.4970 0.5350 0.5604 0.3328 0.6432 0.7600 0.8600
Ours/2 0.5352 0.5683 0.5894 0.3803 0.6710 0.7726 0.8558
Ours/3 0.5334 0.5669 0.5883 0.3801 0.6689 0.7717 0.8563
Ours 0.5537 0.5863 0.6069 0.3999 0.6877 0.7879 0.8691
Improvment1 14.47% 12.19% 10.77% 23.43% 9.65% 5.5% 2.66%
Improvment2 22.36% 18.83% 16.55% 37.38% 14.64% 7.83% 3.07%
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