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Structure



Bayesian Hierarchical Models

� Model is a joint over data x, global latent variables θ, and local
latent variables z

p(x, z, θ) = p(θ)
N∏

n=1

p(xn | zn, θ)p(zn | θ)

� Find structure via posterior inference

p(z, θ | x) =
p(x, z, θ)

p(x)

� Interpretable probabilistic structure



Example: Latent Dirichlet Allocation

� Define K shared latent topics βk ∈ Dir(η)

� For each document d

1. Draw proportions θd ∼ Dir(α)

2. For each word n in the document:

I Draw assignment znd ∼ Cat(θd)

I Draw word wnd ∼ βznd



Example: Latent Dirichlet Allocation

� Enjoys conjugacy

� Can be fit using coordinate ascent variational inference

� Potential problem in high dimensions (very large vocabularies)



“Example”: Deep Latent Gaussian Model

� Replace prior over θ with a neural network

� Model is a joint over data x and local latent variables z

p(x, z | θ) =
N∏

n=1

p(xn | zn, θ)p(zn | θ)

� Often p(zn | θ) = p(zn) = N (0, I)

� The conditional p(xn | zn, θ) is a neural network with parameters θ
that takes z as input

� We lost the probabilistic structure over shared global variables θ



Variational Inference

q(z |φ)

p(z | x, θ)

φ?

φinit

KL(q(z |φ?)||p(z | x, θ))

Minimizing the KL divergence

KL(q(z |φ)||p(z | x, θ)) = log p(x | θ)− ELBO

is equivalent to maximizing the ELBO,

ELBO = Eq(z |φ) [log p(x, z | θ)− log q(z |φ)]



Amortized Variational Inference

q(z | x, φ)

p(z | x, θ)

φ?

φinit

KL(q(z | x, φ?)||p(z | x, θ))

Parameterize q with a neural network that takes data x as input and
maximize ELBO as before:

ELBO = Eq(z | x,φ) [log p(x, z | θ)− log q(z | x, φ)]



Hierarchical Bayes + Neural Networks

+

� to learn models with interpretable probabilistic structure

� to deal well with the high dimensionality of the data

� for efficient inference



I will next describe three instances of a family of models for high
dimensional data that (1) have an interpretable probabilistic structure

and (2) are fit efficiently using amortized variational inference. The key
underlying idea is to work in the meaning space.



Embedded Topic Model

� Define a deterministic per-word embedding ρ ∈ RV×E

� Define a deterministic shared global embedding matrix α ∈ RK×E

� For each document d

1. Draw proportions θd ∼ LN (0, I)

2. For each word n in the document:

I Draw assignment znd ∼ Cat(θd)

I Draw word wnd ∼ Cat(softmax(ρ>αznd ))

� Deal with high dimensions by working on the embedding space

� Same interpretable probabilistic structure as LDA

� Fit model using amortized variational inference



Embedded Topic Model

� Comparing ETM to LDA on the 20Newsgroup corpus.

� LDA’s performance degrades as the dimensionality increases

� ETM deals well with high dimensionality
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Embedded Topic Model

� Comparing ETM to several document models on the New York
Times corpus as the vocabulary (V) increases.

� A good document model is on the top right; interpretable with high
predictive power.
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Embedded Topic Model

� ETM topic embeddings found in the New York Times corpus.



Embedded Topic Model

� ETM word embeddings found in the New York Times corpus
compared to Skipgram word embeddings.



Dynamic Embedded Topic Model

� Define a deterministic per-word embedding ρ ∈ RV×E

� Define a latent per-time-step shared global embedding matrix

αt ∼ N (αt−1, γ
2I) where αt ∈ RK×E

� For each document d

1. Draw θd ∼ LN (ηtd , σ
2I) where ηt ∼ N (ηt−1, δ

2I) ∀t

2. For each word n in the document:

I Draw assignment znd ∼ Cat(θd)

I Draw word wnd ∼ Cat(softmax(ρ>αznd ,td ))

� Same interpretable probabilistic structure as Dynamic LDA

� Fit model using structured amortized variational inference w/ LSTM



Dynamic Embedded Topic Model

� Trajectory of a topic about climate change found by the model on
the United Nations Debates corpus.
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Dynamic Embedded Topic Model

� Evolution of word probability across time for eight different topics
learned by the model.



Latent Implicit Model Allocator

� Define a deterministic per-observation embedding ρ ∈ RV×E

� Define a shared set of K neural networks; each with parameters γk

� For each observation d

1. Draw proportions θd ∼ LN (0, I)

2. For each element n in d:

I Draw assignment znd ∼ Cat(θd)

I Draw noise εnd ∼ N (0, I)

I Compute landmark αnd ∼ NN(εnd ; γznd )

I Draw element xnd ∼ ExpFam(g(ρ>αnd))

� Fit model using amortized variational inference



Latent Implicit Model Allocator

� LIMA vs VAE and other structured deep generative models

� All models have same complexity (#parameters)

� Generalization performance as measured by log-likelihood on three
benchmark image datasets


