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- |
SGD in practice - mini-batch SGD!

ot
mini-batch SGD —»M
"~

Let L(w) = vazl Li(w) where L; is a function of only the ith data point

(xi, yi) and ‘parameter w. Let B be the number of batches and k be the
-_  —

batch size.
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@ Initialize w = wy (randomize) ( UN
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mini-batch SGD

Let L(w) = vazl Li(w) where L; is a function of only the ith data point
(xi, yi) and parameter w. Let B be the number of batches and k be the
batch size.

@ Initialize w = wy (randomize) Pick a batch of@ata\points at

random between 1 and N: i1, o, ..., ik!
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mini-batch SGD

Let L(w) = vazl Li(w) where L; is a function of only the ith data point
(xi, yi) and parameter w. Let B be the number of batches and k be the
batch size.

@ Initialize w = wy (randomize) Pick a batch of k data points at
random between 1 and N: i1, o, ..., ik!

@ Gradient Descent w ™1 « wk — Jr « Zjlle Vi lLi(wk)

N —
T G o et

1‘,&/4’0\&)”\

Dr. Karthik Mohan (Univ. of Washington, Se Recommender Systems || Lecture 7 July 21, 2022 3/19




- |
SGD in practice - mini-batch SGD!

mini-batch SGD

Let L(w) = vazl Li(w) where L; is a function of only the ith data point
(xi, yi) and parameter w. Let B be the number of batches and k be the
batch size.

@ Initialize w = wy (randomize) Pick a batch of k data points at
random between 1 and N: i1, o, ..., ik!

@ Gradient Descent w ™1 « wk — Jr « Zjlle Vi lLi(wk)
© Iterate Repeat step 2 and 3 until w converges, i.e.

[w = wl/[jw"| < 1073
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GD vs Mini-batch convergence behavior

Batch gradient descent Mini-batch gradient descent
A A

cost
cost,

J(w)

v

# 1terations Mini-batch #
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.
GD vs mini-batch SGD

J

Factor GD Mini-batch SGD
Data All per iteration | Mini-batch (usually 128 or 256)
Randomness Deterministic Stochastic
Error reduction Monotonic Stochastic
Computation High Low
Memory big data Intractable Tractable
Convergence Low relative error Few “passes” on data
Local Minima traps Yes No_
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ICE #1

The correct loss function based on user factors (V) and movie factors (U)
for this problem is given by:
Q@ L(X;U,V)=(uf vi —1)%+ (uf v3)? + (ud vo — 1)2 + (ud v4)? +
(U3TV1)2 + (ug va = 1)% + (ud vi)? + (uf v2)* + (uf V3 — 1)?
Q@ L(X;U,V)=(viur — 1) + (v u3)? + (v up — 1)% + (v ug)? +
(V3Tul)2 + (v up = 1)+ (v w1)? + (v w2)? + (v us — 1)

© None of the above Tom  Wewry Angad Clods
@ Both are valid Swn 2] 7 | o 71
S werl 9| ala ]| of
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Automatic Differentiation in Torch

Notebook Example \/
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Programming 2, Part 2

Notebook Walkthrough \/
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Auto Encoders for Recommendation Systems

- \/r‘;\rr»‘l 4 € Vv
D&’,’&\ “ v|le s f
Bilaern fr

© Natural extension of matrix factorization

@ Matrix Factorization methods are “bi-linear” (linear in U, V) and
linear models have limitations in l€arning power o

© Auto Encoders can have non-linearity
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Model 1: AutoRec
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https://users.cecs.anu.edu.au/~akmenon/papers/autorec/autorec-paper.pdf

N
Model 1: AutoRec

70) a0) RMSE ML-IM ML-10M  Netflix
Identity Identity 0.872 BlasedMF 0845 0803 0544
o X -RBM 0.854  0.825 -
Sigmoid  Identity 0.852 U-RBM 0.881  0.823  0.845
Identity Sigmoid 0.831 LLOBMA 0833  0.782  0.834
Sigmoid Sigmoid 0.836 TAutoRec) 0.831  0.782  0.823

Reference: AutoRec
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Model 2: Deep Rec
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Training Deep Auto Encoders for collaborative filtering
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https://arxiv.org/pdf/1708.01715.pdf
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Model 2: Deep Rec
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Training Deep Auto Encoders for collaborative filtering
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Model 2: Deep Rec

Activation function
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Training Deep Auto Encoders for collaborative filtering
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Model 2: Deep Rec
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Training Deep Auto Encoders for collaborative filtering
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https://arxiv.org/pdf/1708.01715.pdf
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Model 2: Deep Rec

Number of layers Evaluation RMSE params

2 _ 1.146 4,566,504
1 0.9615 4,599,528 ";'/N'd y

6 0.9378 | 4,632,552 /—-.? o) ,\,\- c{( DA

8 0.9364 4,665,576 \L

10 0.9340 4,698,600
12 0.9328 4,731,624 e

G

Training Deep Auto Encoders for collaborative filtering
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Model 2: Deep Rec

o™ ¢
——Drop Prob 0.0 Drop Prob 0.5 Drop Prob 0.65 Drop Prob 0.8 ﬂ
1.09 ’Q
1.07

Figure 4: Effects of dropout. Y-axis: evaluation RMSE, X-
axis: epoch number. Model with no dropout (Drop Prob 0.0)
clearly over-fits. Model with drop probability of 0.5 over-fits
as well (but much slowly). Models with drop probabilities of
0.65 and 0.8 result in RMSEs of 0.9192 and 0.9183 correspond-
ingly. — T

Training Deep Auto Encoders for collaborative filtering
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https://arxiv.org/pdf/1708.01715.pdf

Model 2: Deep Rec

DataSet I-AR U-AR RRN DeepRec
= - e

Netflix 3 months 0.9778 0.9836 0.9427 0.9373

Netfix Full Oi-9~364 0.9647 0.9224 0.9099

Training Deep Auto Encoders for collaborative filtering
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Model 3: Collaborative De-noising AuotEncoder
—_— -

Hidden Output
Layer Layer 1//‘6‘0)
— o N W

Bias Node
@ )

User Node w}ﬂw jﬁﬁ%
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https://alicezheng.org/papers/wsdm16-cdae.pdf
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