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Today

1 SGD Review

2 Auto di↵erentation

3 Auto Encoders for Recommendation Systems

Dr. Karthik Mohan (Univ. of Washington, Seattle)Recommender Systems k Lecture 7 July 21, 2022 2 / 19



Today

1 SGD Review

2 Auto di↵erentation

3 Auto Encoders for Recommendation Systems

Dr. Karthik Mohan (Univ. of Washington, Seattle)Recommender Systems k Lecture 7 July 21, 2022 2 / 19



Today

1 SGD Review

2 Auto di↵erentation

3 Auto Encoders for Recommendation Systems

Dr. Karthik Mohan (Univ. of Washington, Seattle)Recommender Systems k Lecture 7 July 21, 2022 2 / 19



Today

1 SGD Review

2 Auto di↵erentation

3 Auto Encoders for Recommendation Systems

Dr. Karthik Mohan (Univ. of Washington, Seattle)Recommender Systems k Lecture 7 July 21, 2022 2 / 19



SGD in practice - mini-batch SGD!

mini-batch SGD

Let L(w) =
PN

i=1 Li (w) where Li 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.

1 Initialize w = w0 (randomize)

Pick a batch of k data points at

random between 1 and N: i1, i2, . . . , ik !

2 Gradient Descent wk+1  wk � lr ⇤
Pk

j=1rwLij (w
k
)

3 Iterate Repeat step 2 and 3 until w converges, i.e.

kwk+1 � wkk/kwkk  10
�3
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GD vs Mini-batch convergence behavior
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GD vs mini-batch SGD

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:

1 L(X ;U,V ) = (uT1 v1 � 1)
2
+ (uT1 v3)

2
+ (uT2 v2 � 1)

2
+ (uT2 v4)

2
+

(uT3 v1)
2
+ (uT3 v2 � 1)

2
+ (uT4 v1)

2
+ (uT4 v2)

2
+ (uT4 V3 � 1)

2

2 L(X ;U,V ) = (vT1 u1 � 1)
2
+ (vT1 u3)2 + (vT2 u2 � 1)

2
+ (vT2 u4)2 +

(vT3 u1)2 + (vT3 u2 � 1)
2
+ (vT4 u1)2 + (vT4 u2)2 + (vT4 u3 � 1)

2

3 None of the above

4 Both are valid
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Automatic Di↵erentiation in Torch

Notebook Example

Dr. Karthik Mohan (Univ. of Washington, Seattle)Recommender Systems k Lecture 7 July 21, 2022 7 / 19



Programming 2, Part 2

Notebook Walkthrough
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Auto Encoders for Recommendation Systems

1 Natural extension of matrix factorization

2 Matrix Factorization methods are “bi-linear” (linear in U, V ) and

linear models have limitations in learning power

3 Auto Encoders can have non-linearity
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Model 1: AutoRec

Reference: AutoRec
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https://users.cecs.anu.edu.au/~akmenon/papers/autorec/autorec-paper.pdf
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Model 2: Deep Rec

Training Deep Auto Encoders for collaborative filtering
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https://arxiv.org/pdf/1708.01715.pdf
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Model 3: Collaborative De-noising AuotEncoder

CDAE
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https://alicezheng.org/papers/wsdm16-cdae.pdf



