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1 - Recommendation Systems
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Collaborative Filtering

Advantage/

Techniques Definitions Disadvantage

Find similar users based on cosine Advantage
Memory bahSEd similarity or pearson correlation Elasy Er.cla'atlor; i 2
SUHIRETE and take weighted avg. of ratings SEHEERI YTy U

Disadvantage
Performance reduces
when data is sparse.
So, non scalable
Collaborative

Filtering (CF)

Advantage
Dimentionality
reduction deals with
missing/ sparse data
Use machine learning to find user
Model based ratings of unrated items. e.g. PCA, . Dlsadyaptagebl
approach SVD, Neural Nets, Matrix Lusi s bl o

. .. because of
Factorization hidden/latent factors

Source: Various Implementations of Collaborative Filtering



https://towardsdatascience.com/various-implementations-of-collaborative-filtering-100385c6dfe0
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Challenges
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Motivation

How can we design an effective and efficient learning
paradigm that enables collaborative filtering systems to get

better performance (accuracy), work well with limited data

(sparsity), and take reasonable training time (scalability)?
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2 - Meta Learning
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Motivation

Head: Big Data

Long Tail: Intelligence Reporting, Science Data, Dark Data

Long-Tall
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Fast Inference




R-I-T

ROCHESTER INSTITUTE OF TECHNOLOGY

Model-Agnostic Meta-Learning
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Source: Learning to Learn



https://bair.berkeley.edu/blog/2017/07/18/learning-to-learn/
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Model-Agnostic Meta-Learning

1. Sample a task Ti (or mini batch of tasks)
2. Sample disjoint sets Ditr and Dit from D
3. Optimize 8% — 06 -a V_06 L(6, Ditr)

4. Update 06 using V_ {0} L(6%;, Dit)

where

* Model Parameters: 0

« Task-Specific Parameters: 0%
» Task-Specific Dataset: Di

« Training Task-Specific Set: Ditr
» Test Task-Specific Set: Dit
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3 - MetaRec
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Architectural Diagram

Recommendation Model F(O©)
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1st Base Model F(6): Matrix Factorization

« The de facto standard

MATRIX FACTORIZATION model for model-based
collaborative filtering

- Represent user ratings

0n
in . :
= - « Find two small latent
o 5 ? ? 3 .
E X I 0 ? ? : matrices that
‘ e .
E I B BEPE approximate the full
original matrix
item latent « Minimize the rating
latent vector dicti
user
e H prediction errors
; « Can be optimized via
=7 redicted .
U V; =T« S Gradient Descent

« Prediction is simple

Source: The 7 Variants of Matrix Factorization Models for Collaborative Filtering



https://www.google.com/url?sa=i&url=https%3A%2F%2Ftowardsdatascience.com%2Frecsys-series-part-4-the-7-variants-of-matrix-factorization-for-collaborative-filtering-368754e4fab5&psig=AOvVaw2ZsczCJL8GZGzaeetVzzdL&ust=1603212093194000&source=images&cd=vfe&ved=0CA0QjhxqFwoTCODFtM6MwewCFQAAAAAdAAAAABAD

R-I-T

ROCHESTER INSTITUTE OF TECHNOLOGY

2nd Base Model F(6): Multi-Layer Perceptron

score (@)- Training 7o) Target « Input Layer
SUfptaye . Embedding Layer
7 ;Lave,‘x N - Neural CF Layer
...... « Output Layer
Neural CF Layers t .
. layer2 | « P - Latent Factor Matrix
| LayLr T for Users
\_ i i - . Q- Latent Factor Matrix
_ = S for ltems
Embedding Layer User Latent Vector Item Latent Vector . .
/ ><PM><K= {Pur} >< Quxx = {Qu} ‘ V- Slde Informatlon for
Input Layer (Sparse) | 0] oo [l o] o] .- [oJoJo o] o] - | Users and ltems
User (u) Item (i) « 0O - Model Parameters

rui = F(PT 0¥, QT -v!|P,Q,0F)

Source: He, Liao, Zhang, Nie, Hu, and Chua, 2017



https://arxiv.org/abs/1708.05031
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3rd Base Model F(0): Variational Autoencoder

I - 600 - 200 — 600 — |

Reconstructed Interaction Matrix
ir 2 iz a ir

Binary Interaction Matrix 200

n(x)

ir 2 iz s i

Z,=pX)+o(X) Qe
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« | -Input Preference Matrix
- K- NuKmdb.er of -LateTT [t)lmtensmns . zu ~ N(0, Ix),
« z_u - K-dimensional latent representation for

eer 7(zu) ~ softmax{Fy(zu)},

« r_u - Preferences for each item from user u Ty ~ NIUH(NW ’”(zu))-
e O -Model Parameters

Source: Liang, Krishnan, Hoffman, and Jebara, 2018



https://arxiv.org/abs/1802.05814
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4th Base Model F(0): Restricted Boltzmann Machine

hidden « R - Latent Factor Matrix for Users

Binary
O Q feamrcs h - binary ratings
-« W - adjacency between ratings and

hidden features
W « Vv -visible ratings
Visible movie

tings
v m- :
exp(bf + D =i thi’;’)

k
, p(v; =1lh) =
see . eee Zlfil e:vp(bé 55 Z;’v:l thilj)

Missing
Missing
Missing
Missing

m K
p(hj =1R)=a(bj+ Y > riW;

i1=1 k=1

Source: Salakhutdinov, Mnih, and Hinton, 2007



https://www.cs.toronto.edu/~rsalakhu/papers/rbmcf.pdf
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4 - Evaluation
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MovielLens1M Data !
movielens

Non-commercial, personalized movie recommendations.

- 1 Million Ratings
— UserID
— MovielD B - o
— Rating
— Timestamp
- 4,000 Movies

— MovielD recommendations  top picks -

_ Titl e MovielLens heIps you find movies based on your ratings, MovieLers recommens these mavies
you will like. Rate movies to build a

custom taste profile, then

- Ge n I‘eS MovielLens recommends other
movies for you to watch.
« 6,000 Users
— UserID
— Gender
— Age
— Occupation
— Zipcodes

recent releases -~

mowies reloased in last 90 days that you haver't rated
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Comparative Results

Matrix Factorization Models Multi-Layer Perceptron Models

Model Training Loss  Test Loss  Training Time : .
Model Test AUC  Valid AUC Runtime
Vanilla MF 0.6947 0.8174 6mb5s
MF Biases 0.6789 0.7895 11m38s wide-and-deep 0.7991 0.7995 1Th12m15s
MF Side Features 0.6602 0.7843 13m34s deep-fm 0.7915 0.7918 1Th10m50s
MF Temporal Features 0.7088 0.7939 18m51s xDeep—fm 0.7429 0.7408 2M5mM17s
Factorization Machine 0.6542 0.8225 3m40s
neural-fm 0.7589 0.7560 1h36m0s
MF Mixture of Tastes 0.6366 0.7878 13m44s
Variational MF 0.6206 0.8385 16m51s neural-cf 0.7668 0.7673 54m15s

Autoencoders Models
Boltzmann Machines Models
Model Epochs RMSE Precision@100 Recall@100 NDCG@100 Runtime

AutoRec 500 0.910 35m16s Model RMSE Runtime
DeepRec 500 0.9310 54m24s
RBM 0.590 10m56s
CDAE 141 0.0894 0.4137 0.2528 17m29s
MultVAE 55 0.0886 0.4115 0.2508 6m31s Explainable RBM 0.3116 1m43s
SVAE 50 8.18 58.4987 38.0714 6h37m19s
NADE 0.920 90m45s
ESAE 50 0.0757 0.4181 0.2561 10m12s
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Thank you!

Questions?




