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Probabilistic Modeling of Structure in Science: 
Statistical Physics to Recommender Systems





[Klimm+ 2018]



[Regier+ 2018]



[Weibe+ 2015; Henelius+ 2016]
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[Neal 1993; Hastings 1970]

•Markov Chain Monte Carlo 

•Approximate  'Z = J(Z)
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•Variational Inference 

•Learn approximation q(z)
[Blei+ 2016; Peterson+ 1987]
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Variational Inference
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Mean Field Variational Family
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Hierarchical Variational Models
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[Ranganath+ 2016]



Recursive Variational Posterior

[Ranganath+ 2016]

logZ � L(�) = EU[��,(z)� log U(z;✓)| {z }
MRXVEGXEFPI

]

� eL(✓,�) = EU[��,(z) + log V(� | z;�)| {z }
VIGYVWMZI ETTVS\�

� log U(z,�;✓)]

<latexit sha1_base64="1B38N5EC87On7nbX1Qs5wW+8AfQ="></latexit>

T(z)

<latexit sha1_base64="Q5lJy6IkMo4T5LkXBuvDwlRaw6Q="></latexit>

��

<latexit sha1_base64="LNcQOIFxbjvR0WJ468CQypQe8YQ="></latexit>

�⇤

<latexit sha1_base64="g/Thqtt+pYcNnUK3suHOKV9RFSE="></latexit>



Generative Models: Flows

•Invertible transformations of random variables 

•Cheap log density evaluation [Rezende+ 2015; Dinh+ 2016] 

•In statistical physics: [Wu+ Phys. Rev. Lett. (2019)] 

•Variational autoregressive networks use PixelCNN         
[van den Oord+ 2016]



Building Hierarchical Variational Models
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[Altosaar+ 2019]

Ising Model
•HVM: 5400 parameters; VAN: 700k+ 

•Free energy: lower is better



[Altosaar+ 2019]

Sherrington-Kirkpatrick Model
•HVM: 5400 parameters; VAN: 700k+ parameters 

•Free energy: lower is better



Scaling to Large Systems



Next Steps
•Use hierarchical variational models as proposal for Monte Carlo 

methods to reduce burn-in time 

•Test on quantum systems for drug screening 

•Rao-Blackwellization helps → increase accuracy with tighter 
lower bounds [Tucker+ 2018] 

•Proximity variational inference can also increase accuracy 
[Altosaar+ 2018]
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Once upon a time there was matrix factorization.



Once upon a time there was matrix factorization. Every day, 
a new matrix factorization model appears.



Once upon a time there was matrix factorization. Every day, 
a new matrix factorization model appears. One day, recall 
was used for evaluation.

[Ebesu+ 2018; Yang+ 2018]
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Once upon a time there was matrix factorization. Every day, a 
new matrix factorization model appears. One day recall was 
used for evaluation. Because of that, zero worst-case error 
classifiers are optimal.

[Altosaar+ 2020]
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Once upon a time there was matrix factorization. Every day, a new 
matrix factorization model appears. One day recall was used for 
evaluation. Because of that, zero worst-case error classifiers are 
optimal. Because of that, they outperform matrix factorization.
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[Altosaar+ 2020]



Once upon a time there was matrix factorization. Every day, 
a new matrix factorization model appears. One day recall 
was used for evaluation. Because of that, zero worst-case 
error classifiers are optimal. Because of that, they 
outperform matrix factorization. Until finally Jaan thought 
twice before dismissing classifiers as recommenders. 
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RankFromSets

• f is a neural network, invariant to permutation of xm 

• This choice of model can maximize recall [Altosaar+ 2020]
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RankFromSets

Attribute 
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RankFromSets
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Universal approximation: RankFromSets can approximate any order-invariant model.
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Examples of models invariant to permutation of item attributes: 

• Matrix factorization 

• Permutation-marginalized recurrent neural networks 

Users
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]̂YQ ⇡
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[Zaheer+ 2017; Altosaar+ 2020]



RankFromSets Objective

• Parameters     : user embeddings, attribute 
embeddings, item embeddings, weights and biases 

•      balances negative examples for every user
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One year of data from 55,000 users of the Lose It! food tracking app 

• 15 million meals  

• Item attributes: 9,963 food words

Example meals: 

• Two scoops of Raisin Bran cereal, organic 

Moroccan green tea, almond milk, light honey, 

tap water, large banana, large strawberries 

•  Boston roast pork, mackerel, artichoke hearts, 

spinach, pimiento-stuffed Manzanilla olives, 

carrots, mushrooms, peppercorn ranch 

dressing
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Scalable Evaluation

For every held out item, sample negative labels from other users.

[Ebesu+ 2018; Yang+ 2018]
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• CTPF: Collaborative Topic Poisson Factorization [Gopalan+ 2014] 

• StarSpace  [Wu+ 2018] 

• LSTM  [Bansal+ 2016] 

• Word embedding [Bojanowski+ 2016]



Two scoops of Raisin Bran cereal, 
organic Moroccan green tea, 
almond milk, light honey, tap water, 
large banana, large strawberries

Query

Vita Bee bread, salted butter, fresh 
medium tomatoes, large fried 
whole egg, small banana

Nearest Neighbor



Iceberg lettuce, cantaloupe cubes, 
diced honeydew melon, cherry 
tomatoes, olives, dry-cooked 
unsalted hulled sunflower seed 
kernels, chopped hard-boiled egg, 
cucumbers, dried cranberries, fat-
free ranch dressing

Query

Green leaf lettuce, chopped sweet 
red bell peppers, crumbled feta 
cheese, large hard-boiled egg, 
chopped cucumber, oil-roasted 
salted sunflower seeds, sliced 
radishes, sliced strawberries, pitted 
Calamata olives, fat-free balsamic 
vinegar

Nearest Neighbor





One year of data, 64,978 users 

• 636,622 papers  

• Vocabulary of 14,000 in abstracts
# attributes

C
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nt
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Out-matrix
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RankFromSets
CTPF
Word embedding
StarSpace In-matrix



Interactive: 
https://app.box.com/v/RankFromSets 

https://app.box.com/v/RankFromSets






Bernoulli Factor Model
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Goal: infer cluster mean parameter
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Variational Inference
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Proximity Variational Inference
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Gradient Ascent: 
Euclidean Proximity Constraint
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Proximity Variational Inference
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•Magnitude k 

•Distance d 

•Proximity statistic f(λ)



Proximity Variational Inference

μ

σ

Examples of proximity statistics f(λ): 

•Mean/Variance 

•Entropy 

•KL divergence 

•Many more!
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Sigmoid Belief Network



Ising Model
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RankFromSets: 
Meal Recommendation
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RankFromSets: 
ArXiv Recommendation
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