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Recap: Neural Collaborative Filtering
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MLP (assuming 3 layers):

 Input 𝒙𝒙0 = 𝒑𝒑,𝒒𝒒
 𝒙𝒙1 = Sigmoid(𝑾𝑾1𝒙𝒙0 + 𝒃𝒃1)
 𝒙𝒙2 = Sigmoid(𝑾𝑾2𝒙𝒙1 + 𝒃𝒃2)
 scoreMLP 𝑢𝑢, 𝑖𝑖 = Sigmoid(𝑾𝑾3𝒙𝒙2)

Generalized Matrix Factorization:

 Input 𝒙𝒙0 = 𝒑𝒑,𝒒𝒒
 scoreMF 𝑢𝑢, 𝑖𝑖

= Sigmoid 𝒘𝒘 𝒑𝒑⊙𝒒𝒒
= Sigmoid 𝒑𝒑 diag 𝒘𝒘  𝒒𝒒𝑇𝑇

score 𝑢𝑢, 𝑖𝑖 = scoreMF 𝑢𝑢, 𝑖𝑖 + scoreMLP 𝑢𝑢, 𝑖𝑖



Matrix Factorization vs. Neural Collaborative Filtering
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• Predefined similarity • Learned similarity

We can make this part even more complicated!

(E.g., graph neural networks)



Neural Graph Collaborative Filtering [Wang et al., SIGIR 2019]
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But is inner product really that bad?
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Performance Revisited [Rendle et al., RecSys 2020]
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Performance Revisited
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• Motivation: Learning similarity functions (e.g., Neural Collaborative Filtering) has typically 
been regarded as the de facto standard in academic studies and is considered a strong 
baseline

• Experimental Setup
• Follows the Neural Collaborative Filtering paper
• Datasets: MovieLens 1M and Pinterest
• Compared Methods: Matrix Factorization (MF) and Neural Collaborative Filtering 

variants



Results
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• MF substantially 
outperforms 
Neural 
Collaborative 
Filtering variants 
(MLP and NeuMF) 
on all datasets, 
evaluation metrics 
and embedding 
dimensions.



Why does this happen?
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• Why did we believe Neural Collaborative Filtering could be better than MF?
• Since MLPs can approximate any continuous function under certain conditions 

(known as the Universal Approximation Theorem), we expect MLPs to capture more 
complex user-item similarity patterns than a simple inner product

• But how much training data does Neural Collaborative Filtering need to capture 
complex user-item similarity patterns?

• Let’s further simplify the learning problem: how much training data does Neural 
Collaborative Filtering need to capture even the simple inner product similarity?



MLPs require massive data even to learn an inner product!
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• As models become more complex, we need more training data (for example, the entire 
Wikipedia and BookCorpus used for BERT). However, in recommender systems, we 
rarely have access to such large amounts of data.



Sequential Recommendation
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• What is the next track to stream to a user?

We are adding streaming to our record store!
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?



• What is the next track to stream to a user?

• Our user just listened to Taylor Swift’s Lavender Haze
• What should we do next?
• Play more songs by Taylor Swift?
• Play more color-themed songs?
• Play more modern pop songs?
• Play it again?

We are adding streaming to our record store!
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?

• Question 1: What do these options 
have in common?

• Question 2: What other factors 
should I consider in choosing among 
these options?



What RecSys techniques have we already learned?
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• Content-Based Approach: Recommend items that are similar to those previously viewed
• Here, the definition of similarity is based on attributes (e.g., lyrics)

• Item-Item Collaborative Filtering: Given a candidate item, first identify its similar items, and then 
check whether the user has viewed any of them

• Here, the definition of similarity is based on the columns corresponding to the two items in 
the user-item matrix

• Matrix Factorization: Find the item in the embedding space that are closest to the user and have 
not yet been viewed

• A user’s embedding should be close to the embeddings of the items they have already viewed
• Neural Collaborative Filtering: More sophisticated similarity computation methods, but still based 

on embeddings

• Summary: Find items similar to those a user has already viewed. The only difference lies in how 
similarity is defined



What are we missing?
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• Understanding dynamic user intent from sequential interactions

?

?

?



Other Sequential RecSys Examples: TikTok
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?



Other Sequential RecSys Examples: Netflix
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• For certain products, the order can be crucial!
• [movies and books] Suppose I just watched Harry Potter 2. Would it make sense to 

recommend Harry Potter 1?
• [lecture videos] Suppose I just watched the video for Lecture 3 of Stanford’s 

CS224N. Would it make sense to recommend the video for Lecture 2?
• [electronic devices] Suppose I just bought an iPhone XR. Would it make sense to 

recommend an iPhone 8?



Other Sequential RecSys Examples: YouTube and Amazon
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?

?



What are we missing?
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• Embedding similarity is symmetric.
• If the user has just viewed item 𝑖𝑖, whether the model will recommend item 𝑗𝑗 as the 

next item fully depends on score 𝑖𝑖, 𝑗𝑗 = 𝒆𝒆𝑖𝑖𝑇𝑇𝒆𝒆𝑗𝑗 or cos(𝒆𝒆𝑖𝑖 , 𝒆𝒆𝑗𝑗)
• If the user has just viewed item 𝑗𝑗, whether the model will recommend item 𝑖𝑖 as the 

next item fully depends on score 𝑗𝑗, 𝑖𝑖 = score 𝑖𝑖, 𝑗𝑗

• Sequential recommendation is asymmetric.
• When your model recommends item 𝑗𝑗 as the next item after item 𝑖𝑖, it does NOT 

necessarily mean that 𝑖𝑖 should be recommended as the next item after 𝑗𝑗.
• We should model something like score 𝑗𝑗 | 𝑖𝑖 ≠ score 𝑖𝑖 | 𝑗𝑗



Transition matrix is asymmetric! 
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Fossil [He and McAuley, ICDM 2016]
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• Predict a user’s next step 
based on the next-step 
behavior patterns of the 
overall population

• Amazon’s “Customer Who 
Bought This Item Also Bought”



Markov Chain to Model Sequential Dynamics
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• Historical user-item interactions

• Step 1: Construct a transition matrix

User

𝑢𝑢𝑢 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖
𝑢𝑢𝑢 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖
𝑢𝑢𝑢 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖
𝑢𝑢𝑢 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖

𝑖𝑖𝑖 𝑖𝑖𝑖 𝑖𝑖𝑖 𝑖𝑖𝑖
𝑖𝑖1 0 3 0 0
𝑖𝑖2 0 0 0 2
𝑖𝑖3 1 0 0 1
𝑖𝑖4 0 0 1 0



Markov Chain to Model Sequential Dynamics
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• Step 2: Factorize the transition matrix



Markov Chain to Model Sequential Dynamics
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• Problems with this approach?
• NOT personalized!

• Regardless of which user the model is considering, score 𝑗𝑗 | 𝑖𝑖 ∝ 𝑴𝑴𝑖𝑖
𝑇𝑇𝑵𝑵𝑗𝑗

• But 𝑴𝑴𝑖𝑖 and 𝑵𝑵𝑗𝑗 are the same for all users

• How to make the model personalized?
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Back to Motivating Example
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• Play Lavender Haze again? Play more songs by Taylor Swift? Play more color-themed songs? 
• Might all be likely according to the transition matrix. But if you consider user preference …

?

?

?



Higher-Order Markov Chain
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User

𝑢𝑢𝑢 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖
𝑢𝑢𝑢 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖
𝑢𝑢𝑢 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖
𝑢𝑢𝑢 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖 → 𝑖𝑖𝑖

𝑖𝑖𝑖 𝑖𝑖𝑖 𝑖𝑖𝑖 𝑖𝑖𝑖
𝑖𝑖1 → 𝑖𝑖𝑖 0 0 0 2
𝑖𝑖1 → 𝑖𝑖𝑖 0 0 0 0
𝑖𝑖1 → 𝑖𝑖𝑖 0 0 0 0
𝑖𝑖2 → 𝑖𝑖𝑖 0 0 0 0

… … … … …

• Transition matrix:

• Sparse
• # of rows increases exponentially 

with the order of the Markov chain
• Similar to the n-gram language model
• Can we use a neural language model 

to alleviate sparsity?



Performance
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• Fossil outperforms BPR-MF (and other static baselines) because it models sequential dynamics
• Small orders seem to be enough to achieve good performance



Translation is asymmetric! 
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TransRec [He et al., RecSys 2017]
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Background: Translation-Based Embedding
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• You have a knowledge graph, and you want to embed all the nodes into a vector space

Paris

Tour Eiffel

Louvre

Da Vinci
Mona Lisa

Lily James



Background: Translation-Based Embedding
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• Each edge can be represented as a triplet (ℎ, 𝑟𝑟, 𝑡𝑡)

• A simple (but suboptimal) solution: Each node should be close to its neighbors

max
𝒆𝒆ℎ,𝒆𝒆𝑡𝑡

�
(ℎ,𝑟𝑟,𝑡𝑡)∈𝒢𝒢

exp(𝒆𝒆ℎ𝑇𝑇𝒆𝒆𝑡𝑡)
∑𝑡𝑡′ exp(𝒆𝒆ℎ𝑇𝑇𝒆𝒆𝑡𝑡′)

• Limitation: It ignores different relations

head entity ℎ relation 𝑟𝑟 tail entity 𝑡𝑡
Tour Eiffel is located in Paris

Da Vinci painted Mona Lisa

Lily is a friend of James

… … …



TransE [Bordes et al., NIPS 2013]
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• Idea: Model relations as translations

               𝒆𝒆ℎ + 𝒆𝒆𝑟𝑟 ≈ 𝒆𝒆𝑡𝑡

head entity ℎ relation 𝑟𝑟 tail entity 𝑡𝑡
Paris is capital of France



TransE [Bordes et al., NIPS 2013]
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• Idea: Model relations as translations
• Training:

• Testing:

head entity ℎ relation 𝑟𝑟 tail entity 𝑡𝑡
Paris is capital of France

head entity ℎ relation 𝑟𝑟 “corrupted” tail entity 𝑡𝑡′

Paris is capital of UK

Minimize 𝒆𝒆ℎ + 𝒆𝒆𝑟𝑟 − 𝒆𝒆𝑡𝑡

Maximize 𝒆𝒆ℎ + 𝒆𝒆𝑟𝑟 − 𝒆𝒆𝑡𝑡′
(but stop when it becomes 

sufficiently larger than 
𝒆𝒆ℎ + 𝒆𝒆𝑟𝑟 − 𝒆𝒆𝑡𝑡 )

head entity ℎ relation 𝑟𝑟 tail entity 𝑡𝑡
Ottawa is capital of ?

Find the nearest neighbor 
of 𝒆𝒆ℎ + 𝒆𝒆𝑟𝑟



previous item 𝑖𝑖 user 𝑢𝑢 next item 𝑗𝑗

Translation-Based Recommendation
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• Items as points
• Users as translational vectors

𝒆𝒆𝑖𝑖 + 𝒆𝒆𝑢𝑢 ≈ 𝒆𝒆𝑗𝑗



Translation-Based Recommendation
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• Items as points
• Users as translational vectors

• E.g., the songs progressively become more up-tempo, as the user is at a party
• 𝒆𝒆𝑢𝑢: “the next song is more up-tempo than the previous song”

• E.g., the songs gradually become more relaxing, as the user is going to sleep
• 𝒆𝒆𝑢𝑢: “the next song is more relaxing than the previous song”



Translation-Based Recommendation
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• Testing time: Find the nearest neighbor of 𝒆𝒆𝑖𝑖 + 𝒆𝒆𝑢𝑢



Performance

39

• Outperforms BPR-MF
• No comparisons with Fossil



Homework 4 (Part 1): Compare Fossil and TransRec
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• No need to implement them yourself!
• The RecBole library: https://recbole.io/ 

https://recbole.io/


Thank You!

42
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