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Generative Model: Overview
ÅGenerative Models:
ÅModels that describe the generating process of all observations.

ÅTechnically, they specify ὴὼ (unsupervised)or ὴὼȟώ (supervised)in 
principle, either explicitly or implicitly.

Ḑὴὼὼ
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Generative Model: Overview
ÅGenerative Models:
ÅModels that describe the generating process of all observations.

ÅTechnically, they specify ὴὼ (unsupervised)or ὴὼȟώ (supervised)in 
principle, either explicitly or implicitly.

Ḑὴὼȟώὼ ȟώ
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Generative Model: Overview
ÅNon-Generative Models:

Discriminative models
(e.g., feedforward neural networks):
only ὴώȿὼ is available.

ὼ

άлέάмέάнέάоέάпέάрέάсέάтέάуέάфέ

ὴώὼ

Ὢ

Recurrent neural 
networks:

only ὴ ȿ is 

available.
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Generative Model: Overview
ÅNon-Generative Models:

(Img: [DFD+18])

ὼ

ᾀ

Autoencoders:
ὴὼ unavailable.

Ὢ

Ὣ

ὼ
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Generative Model: Overview
ÅWhat can generative models do:

1. Generate new data.

Conditional Generation 
ὴὼώ [LWZZ18]

Generation ὴὼ [KW14] Missing Value Imputation (Completion)
ὴὼ ὼ [OKK16]
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Generative Model: Overview
ÅWhat can generative models do:

1. Generate new data.

άthe cat sat on the matέḐὴὼ: Language Model.

Ὤ

ὼ

ὴὼ ǘƘŜύ

ὼ

Ὤ

ὼ

ǘƘŜ

ὴŎŀǘμὼύ

ὼ

Ὤ

ὼ

Ŏŀǘ

ὴǎŀǘμὼȣύ

ὼ

Ὤ

ὼ

ὼ

Ὤ

ὼ

Ὤ

ὼ

ƻƴ ǘƘŜ Ƴŀǘ

ὴǘƘŜμὼȣύὴƳŀǘμὼȣύὴғκǎҔμὼȣύ

ὼὼ

Ὤ

ὼ

ǎŀǘ

ὴƻƴμὼȣύ
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Generative Model: Overview
ÅWhat can generative models do:

2. Density estimation ὴὼ.

[Ritchie Ng]

Anomaly Detection:
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https://www.ritchieng.com/machine-learning-anomaly-detection/


Generative Model: Overview
ÅWhat can generative models do:

3. Draw semanticor concise representation of data ὼ(via latent variable ᾀ).

ὼ(documents) ᾀ(topics) [PT13]

ᾀ(semantic regions) [DFD+18]ὼ(image)
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Generative Model: Overview
ÅWhat can generative models do:

3. Draw semanticor concise representation of data ὼ(via latent variable ᾀ).

ᾀ(semantic regions) [KD18]ὼ(image)

2019/10/10 -MSRA ʁ ʂ 11



Generative Model: Overview
ÅWhat can generative models do:

3. Draw semantic or conciserepresentation of data ὼ(via latent variable ᾀ).

[PT13]

ᾀɴ ᴙ [DFD+18]ὼɴ ᴙ

Topic proportion 

ᾀɴ ᴙΠ
ὼɴ ᴙΠ

Dimensionality 
Reduction:
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Generative Model: Overview
ÅWhat can generative models do:

4. Supervised Learning: ÁÒÇÍÁØ
ᶻ
ὴώᶻὼᶻȟὼ ȟώ .

[Naive Bayes]

ὼ: doc 1

ᾀ: topics

ώ: science & tech

ὼ: doc 2 ώ: politics

......

......

Supervised LDA [MB08]2019/10/10 -MSRA ʁ ʂ 13



Generative Model: Overview
ÅWhat can generative models do:

4. Supervised Learning: ÁÒÇÍÁØ
ᶻ
ὴώᶻὼᶻȟὼ ȟώ ȟὼ .

Semi-Supervised Learning:

Unlabeled data ὼ can be 

utilized to learn a better ὴὼȟώ.
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https://en.wikipedia.org/wiki/Semi-supervised_learning#/media/File:Example_of_unlabeled_data_in_semisupervised_learning.png


Generative Model: Benefits
ά²Ƙŀǘ L Ŏŀƴƴƻǘ ŎǊŜŀǘŜΣ L Řƻ ƴƻǘǳƴŘŜǊǎǘŀƴŘΦέ τRichard Feynman

ÅNatural for generation.

ÅFor representation learning: responsible and faithful knowledge of the data.

ÅFor supervised learning: can leverage unlabeled data.

ÅFor supervised learning: more data-efficient.
For logistic regression (discriminative) and naive Bayes (generative) [NJ01],

Ὠ: data dimension.
ὔ: data size.
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Generative Model: Taxonomy
ÅPlain Generative Models: Directly model ὴὼ; no latent variable.

ÅLatent Variable Models:

ὴ ὼ ὼ

ὼ
(or ὼȟώ)

ᾀ

ὴᾀ

ὴ ὼ

ὼ Ὢ ᾀ

ὼ
(or ὼȟώ)

ᾀ

ὴᾀ

ὴ ὼ

ὴ ὼȟᾀ

ὴ ὼȿᾀ

ᾀ

ὼ

ὼ Ὢ ᾀ

ὴᾀ

ὴ ὼ

ᾀ

ὼ

ὼḐὴ ὼȿᾀ

ὴᾀ

ὴ ὼ

ÅDeterministic Generative Models:
Dependency between ὼand ᾀis 
deterministic: ὼ Ὢ ᾀ.

ÅBayesian Generative Models:
Dependency between ὼand ᾀis 
probabilistic: ὼȟᾀḐὴ ὼȟᾀ.
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Generative Model: Taxonomy
ÅLatent Variable Models
ÅBayesian Generative Models

ᾀ

ὼ

ὼḐὴ ὼȿᾀ

ὴᾀ

ὴ ὼ

ÅBayesian Network (BayesNet):
ὴὼȟᾀspecified by ὴᾀand ὴὼᾀ.

ÅSynonyms: Causal Networks, 
DirectedGraphical Model

ÅMarkov Random Field (MRF):
ὴὼȟᾀspecified by an Energy function 

Ὁ ὼȟᾀ: ὴ ὼȟᾀᶿÅØÐὉ ὼȟᾀ Ȣ

ÅSynonyms: Energy-Based Model, 
UndirectedGraphical Model

ᾀ

ὼ

ὴ ὼȟᾀᶿÅØÐὉ ὼȟᾀ
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Generative Model: Taxonomy
ÅSummary

ᾀ

ὼ

ὼ Ὢ ᾀ

ὴᾀ

ὴ ὼ

ᾀ

ὼ

ὼḐὴ ὼȿᾀ

ὴᾀ

ὴ ὼ

ᾀ

ὼ

ὴ ὼȟᾀᶿÅØÐὉ ὼȟᾀ

ὴ ὼ ὼ

Generative Models (GMs)

Plain GMs

Autoregressive 
Models

Latent Variable Models

Deterministic GMs

Generative 
Adversarial Nets,

Flow-Based Models

Bayesian GMs

BayesNets

Topic Models,
Variational Auto-

Encoders

MRFs

Boltzmann machines,
Deep Energy-Based 

Models

whether use 
latent variable ᾀ deterministic or 

probabilistic ᾀ-ὼ
dependency

directed or 
undirected
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Plain Generative Models
ÅDirectly model ὴὼ; no latent variable involved.

ÅEasy to learn (no normalization constant issue) and use (generation).

ÅLearning: Maximum Likelihood Estimation (MLE).

—ᶻ ÁÒÇÍÁØ ÌÏÇὴ ὼ ÁÒÇÍÉÎ+,Ƕὴȟὴ

ÁÒÇÍÁØВ ÌÏÇὴ ὼ .

ÅFirst example: Gaussian Mixture Model

ὴ ὼ В ‌ﬞ ὼȿ‘ȟɫ ,

— ‌ȟ‘ȟɫ.
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Kullback-Leiblerdivergence
+,Ƕὴȟὴ ḧ ÌÏÇǶὴȾὴ



Plain Generative Models
ÅAutoregressive Model:

Model ὴὼ by each conditional ὴὼὼ (Ὥindices components).
ÅFull dependency can be restored.

ÅConditionals are easier to model.

ÅEasy learning (MLE).

ÅEasy generation:
ὼḐὴὼ ὼḐὴὼ ȟὼḐὴὼὼ ȟȣȟὼ Ḑὴὼ ὼȟȣȟὼ Ȣ

But non-parallelizable.

ὼ ὼ ὼ ὼ ὼỄỄ

ὴὼȟὼȟȣȟὼ ὴὼ ὴὼȿὼ ὴὼȿὼȟὼ ὴὼȿὼỄ
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Autoregressive Models
ÅFully Visible Sigmoid Belief Network [Fre98]

ὴὼὼ "ÅÒÎὼ„В ὡ ὼ

ÅNeural Autoregressive Distribution Estimator [LM11]
ὴὼὼ "ÅÒÎὼ„ὠȟȡ„ὡȡȟὼ ὥ ὦ

ÅA typical language model:

Sigmoid function 

„ὶ

Ὤ

ὼ

ὴὼ ǘƘŜύ

ὼ

Ὤ

ὼ

ǘƘŜ

ὴŎŀǘμὼύ

ὼ

Ὤ

ὼ

Ŏŀǘ

ὴǎŀǘμὼȣύ

ὼ

Ὤ

ὼ

ὼ

Ὤ

ὼ

Ὤ

ὼ

ƻƴ ǘƘŜ Ƴŀǘ

ὴǘƘŜμὼȣύὴƳŀǘμὼȣύὴғκǎҔμὼȣύ

ὼὼ

Ὤ

ὼ

ǎŀǘ

ὴƻƴμὼȣύ

ὴάthe cat sat on the matέ ὴὼ
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Autoregressive Models
ÅWaveNet [ODZ+16]
ÅConstruct ὴὼὼ via Causal Convolution

ὼ ὼ

Ὤ

NN

ὴὼȿὼ

ὼ

ὼ

ὴὼ

ὼ

NN

ὴὼ ȿὼ

ὼ

NN

ὴὼȿὼ

ὼ

ὼὼὼὼ
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Autoregressive Models
ÅPixelCNN & PixelRNN[OKK16]
ÅAutoregressive structure of an image:

ÅPixelCNN: model conditional distributions 
via (masked) convolution:

Ὤ ὑ ὼz ȟ
ὴὼὼ ..ὬȢ

ÅBounded receptive field.

ÅLikelihood evaluation: parallel

ὼ

NN

ὴὼȿὼ

ὼ

Ὤ
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Autoregressive Models
ÅPixelCNN & PixelRNN[OKK16]
ÅPixelRNN: model conditional distributions via 

recurrent connection:

Ὤȟὧ ,34-ὑ Ὤz Ⱦ ȡȾ ȟὧ ȟὼ ȟ

ὴὼὼ ..ὬȢ
ÅUnbounded receptive field.

ÅLikelihood evaluation (in-row): parallel
Likelihood evaluation (inter-row): sequential

ὼ

ὧ

ὼ

ὧ

NN

ὴὼȿὼ

ὼ

Ὤ
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Autoregressive Models

Image Generation

Image Completion

ÅPixelCNN & PixelRNN[OKK16]
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Latent Variable Models
ÅLatent Variable:
ÅAbstract knowledge of data; enables various tasks.

Knowledge 
Discovery

Manipulated 
Generation

Dimensionality 
Reduction
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ᾀ

ᾀ

Latent Variable Models
ÅLatent Variable:
ÅCompact representation of dependency.

De CƛƴŜǘǘƛΩǎTheorem (1955): if ὼȟὼȟȣ are infinitely exchangeable, then ɱ
r.v.ᾀand ὴẗᾀ s.t. ὲᶅ,

ὴὼȟȣȟὼ ὴὼᾀ ὴᾀÄᾀȢ

Infinite exchangeability: 

For all ὲand permutation „, ὴὼȟȣȟὼ ὴὼ ȟȣȟὼ .
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Generative Adversarial Nets
ÅDeterministic Ὢȡᾀm ὼ, modeled by a neural network.

+ Flexible modeling ability.

+ Good generation performance.

- Hard to infer ᾀof a data point ὼ.

- Unavailable density function ὴ ὼ.

- Mode-collapse.

ÅLearning:  ÍÉÎÄÉÓÃÒǶὴὼȟὴ ὼ .

Ådiscr. =+,Ƕὴȟὴ MLE:  ÍÁØ ÌÏÇὴ , but ὴ ὼ is unavailable!

Ådiscr. = Jensen-Shannon divergence [GPM+14].

Ådiscr. = Wasserstein distance [ACB17].

ᾀ

ὼ

ὼ Ὢ ᾀ
(Neural Nets)

ὴᾀ

ὴ ὼ
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* Generative Adversarial Nets
ÅLearning:  ÍÉÎÄÉÓÃÒǶὴὼȟὴ ὼ .

ÅGAN [GPM+14]: discr. = Jensen-Shannon divergence.

*3Ƕὴȟὴ ḧ
ρ

ς
+, Ƕὴȟ

ὴ Ƕὴ

ς
+,ὴȟ

ὴ Ƕὴ

ς
ρ

ς
ÍÁØ
ẗ

ÌÏÇ„Ὕὼ ÌÏÇρ „Ὕὼ ÌÏÇςȢ

Å„Ὕὼ is the discriminator; Ὕimplemented as a neural network.

ÅExpectations can be estimated by samples.

ᾀ

ὼ

ὼ Ὢ ᾀ
(Neural Nets)

ὴᾀ

ὴ ὼ
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* Generative Adversarial Nets
ÅLearning:  ÍÉÎÄÉÓÃÒǶὴὼȟὴ ὼ .

ÅWGAN [ACB17]: discr. = Wasserstein distance:

Ὠ Ƕὴȟὴ ÉÎÆ
ᶰ ȟ

ȟ ὧὼȟώ

ÓÕÐ
ᶰ

‰ ‰Ȣ(if c is a distance in a Polish space)

ÅChoose ‰as a neural network with parameter clipping.

ÅBenefit: Ὠ has more alleviative reaction to distribution difference than *3.

Ὤ
ὴ

ὴ

Ὤ Ὤ

Ὠ ὴȟὴ *3ὴȟὴ

ᾀ

ὼ

ὼ Ὢ ᾀ
(Neural Nets)

ὴᾀ

ὴ ὼ
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Flow-Based Generative Models
ÅDeterministic and invertibleὪȡᾀm ὼ.

+ Availabledensity function!

ὴ ὼ ὴᾀ Ὢ ὼ όǊǳƭŜƻŦŎƘŀƴƎŜƻŦǾŀǊƛŀōƭŜǎύΦ

+ Easy inference: ᾀ Ὢ ὼ.

- Redundant representation: dim. ᾀ= dim. ὼ.

- Restricted Ὢ: deliberative design; either Ὢor Ὢ computes costly.

ÅLearning:  ÍÉÎ+,Ƕὴὼȟὴ ὼ MLE:  ÍÁØ ÌÏÇὴ ὼ .

ÅNICE [DKB15], RealNVP[DSB17], MAF [PPM17], GLOW [KD18].

ᾀ

ὼ

ὼ Ὢ ᾀ
(invertible)

ὴᾀ

ὴ ὼ

Jacobian 
Determinant
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* Flow-Based Generative Models
ÅRealNVP[DSB17]
ÅBuilding block: coupling: ώ Ὣὼ,

where ίand ὸȡᴙ ᴼᴙ are general functions for scale and translation.

ÅJacobian Determinant: ÅØÐВ ίὼȡ .

ÅPartitioning ὼusing a binary mask ὦ:
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* Flow-Based Generative Models
ÅRealNVP[DSB17]

ÅBuilding block: squeezing: from ί ί ὧto τὧ:

ÅCombining with a multi-scale architecture:

where each ὪŦƻƭƭƻǿǎ ŀ άŎƻǳǇƭƛƴƎ-squeezing-ŎƻǳǇƭƛƴƎέ ŀǊŎƘƛǘŜŎǘǳǊŜΦ
2019/10/10 -MSRA ʁ ʂ 37



* Flow-Based Generative Models
ÅRealNVP[DSB17]
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-MSRA ʁ ʂ

Flow-Based Generative Models
ÅGLOW [KD18]

One step of Ὢ

Component 
Details

Combination 
of the steps to 
form Ὢ
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Flow-Based Generative Models
ÅGLOW [KD18]

Generation 
Results

(Interpolation)

Generation
Results

(Manipulation;
each semantic 

direction =
Ӷᾀ Ӷᾀ )
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BayesianGenerativeModels: Overview
Bayesian Networks

ÅModel structure (Bayesian Modeling):
ÅPriorὴᾀ: initial belief of ᾀ.

ÅLikelihoodὴὼᾀ: dependence of ὼon ᾀ.

ÅLearning (Model Selection): MLE.

—ᶻ ÁÒÇÍÁØ ÌÏÇὴ ὼ ,

Evidenceὴὼ ὴ᷿ᾀȟὼÄᾀ.

ÅFeature/representation learning (Bayesian Inference):

Posterior ὴᾀὼ
ȟ ȿ

᷿ ȟ
ό.ŀȅŜǎΩ ǊǳƭŜύ

represents the updated information that observation ὼconveys to ᾀ.

ÅGeneration/prediction: ᾀ Ḑὴᾀȿὼȟὼ Ḑὴὼᾀ .

Prior ὴᾀ

Likelihood 
ὴὼȿᾀ Evidence ὴὼ

Bayesian 
Modeling

Latent 
Variable 
ᾀ

(Bayesian 
Inference)

Posterior 
ὴᾀȿὼ

(Model Selection)

Data 
Variable 
ὼ
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Bayesian Generative Models: Overview
ÅDependency between ὼand ᾀis probabilistic: ὼȟᾀḐὴ ὼȟᾀ.

ᾀ

ὼ

ὼḐὴ ὼȿᾀ

ὴᾀ

ὴ ὼ

ÅBayesian Network (BayesNet):
ὴὼȟᾀspecified by ὴᾀand ὴὼᾀ.

ÅSynonyms: Causal Networks,
DirectedGraphical Model.

ÅDirectional/Causal belief encoded:
ὼis generated/caused by ᾀ, not the 
other way.

ÅMarkov Random Field (MRF):
ὴὼȟᾀspecified by an Energy function 

Ὁ ὼȟᾀ: ὴ ὼȟᾀᶿÅØÐὉ ὼȟᾀ Ȣ
ÅSynonyms: Energy-Based Model, 

UndirectedGraphical Model.
ÅModeling the symmetric correlation.
ÅHarder learning and generation.

ᾀ

ὼ

ὴ ὼȟᾀᶿÅØÐὉ ὼȟᾀ
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* BayesianGenerativeModels: Overview
Not all Bayesian models are generative:

Prior ὴᾀ

Likelihood
ὴὼȟώȿᾀ

Latent 
Variable 
ᾀ

Data & 
Response 
ὼȟώ

Generative Bayesian Models

Evidence 
ὴὼȟώ

Posterior 
ὴᾀȿὼȟώ

Prior ὴᾀ

Likelihood 
ὴώȿᾀȟὼ

Latent 
Variable 
ᾀ

Response 
ώ

Data ὼ
Evidence 
ὴώȿὼ

Posterior 
ὴᾀȿὼȟώ

Non-Generative Bayesian Models

Generative Non-generative

Supervised Naive Bayes,supervised LDA Bayesian Logistic Regression,
Bayesian Neural Networks

Unsupervised BayesNets(LDA, VAE),
MRFs (BM, RBM, DBM)

(invalid task)
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BayesianGenerativeModels: Benefits
ÅRobust to small data and adversarial attack.

ÅStable training process

ÅPrincipled and natural inference ὴᾀὼǾƛŀ .ŀȅŜǎΩ ǊǳƭŜ

One-shot generation [LST15]
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* BayesianGenerativeModels: Benefits
ÅRobust to small data and adversarial attack.

Meta-learning [KYD+18] One-shot generation [LST15]
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* BayesianGenerativeModels: Benefits
ÅRobust to small data and adversarial attack.

Adversarial robustness [LG17]
(non-generative case)
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* BayesianGenerativeModels: Benefits
ÅStable training process

ÅPrincipled and natural inference ὴᾀὼǾƛŀ .ŀȅŜǎΩ ǊǳƭŜ

Prior ὴᾀ

Likelihood 
ὴὼȿᾀ Evidence ὴὼ

Bayesian 
Modeling

Latent 
Variable 
ᾀ

(Bayesian 
Inference)

Posterior 
ὴᾀȿὼ

(Model Selection)

Data 
Variable 
ὼ
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ᾀ

ὼ

BayesianGenerativeModels: Benefits
ÅNatural to incorporate prior knowledge

[KSDV18]

Bald

Mustache
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Bayesian Inference
Estimate the posterior ὴᾀὼ.

ὼ
(or ὼȟώ)

ᾀ

ὴᾀ

ὴὼ

ὴὼȟᾀ

ὴὼȿᾀz

Bayesian Modeling

ᾀz

Bayesian Inference

ὼ
(or ὼȟώ)

ᾀ

ὴᾀ

ὴὼ

ὴὼȟᾀ
ὴᾀȿὼz

ὼz
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Bayesian Inference
Estimate the posterior ὴᾀὼ.

ÅExtract knowledge/representation from data.

Prior ὴᾀ

Likelihood 
ὴὼȿᾀ

Bayesian 
Modeling

Data 
Variable 
ὼ

Latent 
Variable 
ᾀ

Topics

Documents

Bayesian 
Inference

Posterior

ὴᾀȿὼ
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* Bayesian Inference
Estimate the posterior ὴᾀὼ.

ÅExtract knowledge/representation from data.

Naive Bayes: ᾀ ώ.

ὴώ πὼ
ὴὼώ πὴώ π

ὴὼώ πὴώ π ὴὼώ ρὴώ ρ

Ὢὼ ÁÒÇÍÁØὴώὼ achieves the lowest error ᷿ὴώ ρ Ὢὼ ȿὼὴὼÄὼ.
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* Bayesian Inference
Estimate the posterior ὴᾀὼ.

ÅFacilitate model learning: ÍÁØВ ÌÏÇὴ ὼ .

Åὴ ὼ ὴ᷿ ὼᾀὴ ᾀÄᾀis hard to evaluate:

ÅClosed-form integration is generally unavailable.

ÅNumerical integration
ÅCurse of dimensionality

ÅHard to optimize.

ÅÌÏÇὴ ὼ ÌÏÇ ὴ ὼᾀ ÌÏÇВ ὴ ὼᾀ ȟᾀ Ḑὴᾀ.

ÅHard for ὴᾀ to cover regions where ὴ ὼᾀ is large.

ÅÌÏÇВ ὴ ὼᾀ is biased:

ÌÏÇВ ὴ ὼᾀ ÌÏÇ В ὴ ὼᾀ ÌÏÇὴ ὼ.
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Bayesian Inference
Estimate the posterior ὴᾀὼ.

ÅFacilitate model learning: ÍÁØВ ÌÏÇὴ ὼ .

An effective and practical learning approach:

ÅIntroduce a variational distribution ήᾀ:
ÌÏÇὴ ὼ fl ήᾀ +,ήᾀȟὴ ᾀὼ ȟ

fl ήᾀ ḧ ÌÏÇὴ ᾀȟὼ ÌÏÇήᾀȢ

Åfl ήᾀ ÌÏÇὴ ὼČ Evidence Lower BOund(ELBO)!

Åfl ήᾀ is easier to estimate.

Å(Variational) Expectation-Maximization Algorithm:

(a) E-step: Let fl ήᾀ ÌÏÇὴ ὼȟᶅ— ÍÉÎ
ɴא
+,ήᾀȟὴ ᾀὼ ;

(b) M-step: ÍÁØfl ήᾀ .

ὴ ὼ ὴ᷿ ὼᾀὴ ᾀÄᾀ
Hard to evaluate!
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* Bayesian Inference
Estimate the posterior ὴᾀὼ.

ÅFor prediction:

ὴώᶻὼᶻȟὼȟώ

ὴ᷿ώᶻᾀȟὼᶻὴᾀὼᶻȟὼȟώÄᾀȟ

ὴ᷿ώᶻᾀȟὼᶻὴᾀὼȟώÄᾀȢ

ὤ

ὢȟὣ

ὢ

ὤ

ὣ

(Generative)

(Non-Generative)
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* Bayesian Inference
Estimate the posterior ὴᾀὼ.

ÅIt is a hard problem
ÅClosed form of ὴᾀὼᶿὴᾀὴὼᾀ is generally intractable.

ÅWe care about expectationsw.r.t ὴᾀὼ (prediction, computing ELBO).
ÅSo that even if we know the closed form (e.g., by numerical integration), 

downstream tasks are still hard.

ÅSo that the Maximum a Posteriori(MAP) estimate

ÁÒÇÍÁØÌÏÇὴᾀὼ ÁÒÇÍÁØÌÏÇὴᾀ ÌÏÇὴὼ ȿᾀ

does not help much for Bayesian tasks.

Modeling Method Mathematical Problem

Parametric Method Optimization

Bayesian Method Bayesian Inference
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Bayesian Inference
ÅVariational inference (VI)

Use a tractablevariational distribution ήᾀ to approximate ὴᾀὼ:
ÍÉÎ
ɴא
+,ήᾀȟὴᾀὼ Ȣ

Tractability: known density function, or samples are easy to draw.

ÅParametric VI: use a parameter ‰to represent ή ᾀ.

ÅParticle-based VI: use a set of particles ᾀ to represent ήᾀ.

ÅMonte Carlo (MC)
ÅDraw samples from ὴᾀὼ.

ÅTypically by simulating a Markov chain (i.e., MCMC) to release requirements on 
ὴᾀὼ.
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Bayesian Inference: Variational Inference
ÍÉÎ
ɴא
+,ήᾀȟὴᾀὼ Ȣ

ÅParametricvariationalinference: usea parameter‰to representή ᾀ.

But+,ή ᾀȟὴ ᾀὼ ishardto computeΧ

Recall ÌÏÇὴ ὼ fl ήᾀ +,ήᾀȟὴ ᾀὼ ,

so ÍÉÎ+,ή ᾀȟὴᾀὼ ÍÁØfl ή ᾀ Ȣ

The ELBO fl ή ᾀ ÌÏÇὴ ᾀȟὼ ÌÏÇή ᾀ is easier to compute.

ÅFor model-specifically designed ή ᾀ, %,"/—ȟ‰ has closed form
(e.g., [SJJ96] for SBN, [BNJ03] for LDA).
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* Bayesian Inference: Variational Inference
ÍÉÎ
ɴא
+,ήᾀȟὴᾀὼ Ȣ

ÅParametricvariationalinference: usea parameter‰to representή ᾀ.

ÅInformationtheoryperspectiveof the ELBO: Bits-BackCoding[HV93].
ÅAveragecodinglengthfor communicatingὼafter communicatingits codeᾀ:

ȿ ÌÏÇὴὼᾀȢ

ÅAveragecodinglengthfor communicatingᾀunderthe bits-backcoding:

ᾀὼ ÌÏÇὴᾀ ᾀὼ ÌÏÇήᾀὼ Ȣ

Thesecondterm: the receiverknownsthe encoderήᾀὼ that the senderuses.

ÅAveragecodinglengthfor communicatingὼwith the helpofᾀ:

ȿ ÌÏÇὴὼᾀ ÌÏÇὴᾀ ÌÏÇήᾀὼ Ȣ

Thiscoincideswith the negativeELBO!

MaximizeELBO= Minimizeaveragedcodinglengthunderthe bits-backscheme.
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Bayesian Inference: Variational Inference
ÍÉÎ
ɴא
+,ήᾀȟὴᾀὼ Ȣ

ÅParametricvariationalinference: usea parameter‰to representή ᾀ.

Main Challenge:

Åאshouldbeaslarge/general/flexibleaspossible,

Åwhile enablespracticaloptimizationof the ELBO.

ὴᾀὼ

א

ήz ÁÒÇÍÉÎ
ɴא
+,ήᾀȟὴᾀὼ
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Bayesian Inference: Variational Inference
ÅParametricvariationalinference: usea parameter‰to representή ᾀ.

ÍÁØfl ή ᾀ ÌÏÇὴ ᾀȟὼ ÌÏÇή ᾀ Ȣ

ÅExplicit variational inference: specify the form of the density function ή ᾀ.

ÅModel-specific ή ᾀ: [SJJ96] for SBN, [BNJ03] for LDA.

Å[GHB12, HBWP13, RGB14]: model-agnostic ή ᾀ (e.g., mixture of Gaussians).

Å[RM15, KSJ+16]:  define ή ᾀby a flow-based generative model.

ÅImplicit variational inference: define ή ᾀby a GAN-like generative model.

ÅMore flexible but more difficult to optimize.

ÅDensity ratioestimation: [MNG17, SSZ18a].

fl ή ᾀ ÌÏÇὴ ὼȿᾀ ÌÏÇ .

ÅGradient Estimation ɳÌÏÇή ᾀ: [VLBM08, LT18, SSZ18b].

2019/10/10 -MSRA ʁ ʂ 62



* Bayesian Inference: Variational Inference
ÅParametricvariationalinference: usea parameter‰to representή ᾀ.

ÍÁØfl ή ᾀ ÌÏÇὴ ᾀȟὼ ÌÏÇή ᾀ Ȣ

ÅExplicit variational inference: specify the form of the density function ή ᾀ.

To be applicable to any model (model-agnostic ή ᾀ):

Å[GHB12]: mixture of Gaussian ή ᾀ В ﬞ ᾀ‘ȟ„Ὅ.

"ÌÕÅВ ﬞ ȟ Ὢᾀ

В ﬞ ȟ 4ÁÙÌÏÒὪȟ‘ В Ὢ‘ ÔÒɳ Ὢ‘ ,

2ÅÄ В ÌÏÇВ ﬞ ‘ ‘ȟ„ „ Ὅ ÌÏÇὔ.

Å[RGB14]: mean-field ή ᾀ Б ή ᾀ Ȣ

Åɳ fl ή ᶯÌÏÇὴ ᾀȟὼ .

Åɳ fl ή ᶯ ÌÏÇή ᾀ ÌÏÇὴ ᾀȟὼ ÌÏÇή ᾀ
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* Bayesian Inference: Variational Inference
ÅParametricvariationalinference: usea parameter‰to representή ᾀ.

ÍÁØfl ή ᾀ ÌÏÇὴ ᾀȟὼ ÌÏÇή ᾀ Ȣ

ÅExplicit variational inference: specify the form of the density function ή ᾀ.

To be more flexible and model-agnostic:

Å[RM15, KSJ+16]:  define ή ᾀby a generative model:
ᾀḐή ᾀ ᾀ Ὣ ‭ȟ‭Ḑή‭ȟ

where Ὣ is invertible (flow model).

Density function ή ᾀ is known!

ή ᾀ ή‭ Ὣ ᾀ .   (rule of change of variables)

fl ή ÌÏÇὴ ᾀȟὼ ÌÏÇή ᾀ Ȣ
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* Bayesian Inference: Variational Inference
ÅParametricvariationalinference: usea parameter‰to representή ᾀ.

ÍÁØfl ή ᾀ ÌÏÇὴ ᾀȟὼ ÌÏÇή ᾀ Ȣ

ÅImplicit variational inference: define ή ᾀby a generative model:
ᾀḐή ᾀ ᾀ Ὣ ‭ȟ‭Ḑή‭ȟ

where Ὣ is a general function.

ÅMore flexible than explicit VIs.

ÅSamples are easy to draw, but density function ή ᾀ is unavailable.

Åfl ή ᾀ ÌÏÇὴ ὼȿᾀȿ ÌÏÇ ȿ Ȣ

Key Problem:

Å Density Ratio Estimation ὶᾀḧ .

ÅGradient Estimation ɳÌÏÇήᾀ.
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* Bayesian Inference: Variational Inference
ÅParametricvariationalinference: usea parameter‰to representή ᾀ.

ÍÁØfl ή ᾀ ÌÏÇὴ ᾀȟὼ ÌÏÇή ᾀ Ȣ

ÅImplicit variational inference
Density Ratio Estimation:

Å[MNG17]: ÌÏÇὶ ÁÒÇÍÁØ ÌÏÇ„Ὕὤ ÌÏÇρ „Ὕὤ .

Also used in [MSJ+15, Hus17, TRB17].

Å[SSZ18a]:

ὶ ÁÒÇÍÉÎ
Ƕɴ꞊

ρ

ς
Ƕὶ ὶ

‗

ς
Ƕὶ꞊

ρ

‗ὔ
ὑ

ρ

‗ὔὔ
ὑ

ρ

ὔ
ὑ ‗Ὅ ὑȟ

where ὑ ᾀ ὑ ᾀ ȟᾀ, ὑ ὑ ᾀ ȟᾀ , ᾀ Ḑή ᾀ, ᾀ Ḑὴᾀ.

Gradient Estimation:

Å[VLBM08, LT18, SSZ18b].
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Bayesian Inference: Variational Inference
ÍÉÎ
ɴא
+,ήᾀȟὴᾀὼ Ȣ

ÅParticle-basedvariationalinference: useparticles ᾀ to representήᾀ.

Tominimize+,ήᾀȟὴᾀὼ , simulateits gradientflow on the Wassersteinspace.

ÅWassersteinspace:

anabstractspaceof distributions.

ÅWassersteintangentvector

vectorfield.

ᾀ
שׁ

ὠ ᾀ

ή

שׁ
ᾀ ‐ὠ ᾀ

ή
ή

ή ὠ ע שׁ

ή έ‐
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Bayesian Inference: Variational Inference
ÍÉÎ
ɴא
+,ήᾀȟὴᾀὼ Ȣ

ÅParticle-basedvariationalinference: useparticles ᾀ to representήᾀ.

ὠḧÇÒÁÄ+,ήȟὴ ÌɳÏÇήȾὴȢ
ᾀ ᴺᾀ ‐ὠᾀ Ȣ

ὠᾀ

ÅSVGD [LW16]: Вὑ ᶯ ÌÏÇὴᾀ ὼ Вᶯ ὑ .

ÅBlob [CZW+18]: ɳ ÌÏÇὴᾀ ὼ
В ᶯ

В
В
ᶯ

В
.

ÅGFSD [LZC+19]: ᶯ ÌÏÇὴᾀ ὼ
В ᶯ

В
.

ÅGFSF [LZC+19]: ᶯ ÌÏÇὴᾀ ὼ Вȟ ὑ ᶯ ὑ .

В ᾀ ᾀ ὑ

for Gaussian Kernel: 
Repulsive force!
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* Bayesian Inference: Variational Inference
ÍÉÎ
ɴא
+,ήᾀȟὴᾀὼ Ȣ

ÅParticle-basedvariationalinference: useparticles ᾀ to representήᾀ.

Non-parametricή: moreparticles,moreflexible.
ÅSteinVariationalGradientDescent(SVGD)[LW16]:

Updatethe particlesby a dynamics ὠᾀ sothat KLdecreases.

ÅDistributionevolution: consequenceof the dynamics.

‬ή ÄÉÖήὠ ẗɳήὠ (continuityEq.)
ᾀ

שׁ
ὠ ᾀ

ή

שׁ
ᾀ ‐ὠ ᾀ

ή
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* Bayesian Inference: Variational Inference
ÍÉÎ
ɴא
+,ήᾀȟὴᾀὼ Ȣ

ÅParticle-basedvariationalinference: useparticles ᾀ to representήᾀ.

ÅSteinVariationalGradientDescent(SVGD)[LW16]:

Updatethe particlesbya dynamics ὠᾀ sothat KLdecreases.

ÅDecreaseKL:

ὠᶻḧÁÒÇÍÁØ
Ä

Äὸ
+,ήȟὴ ὠẗɳÌÏÇὴ ẗɳὠ

ꜝ

Ȣ

Fortractability,
ὠ ḧÍÁØẗÁÒÇÍÁØ

ᶰ꞊ ȟ
ὠẗɳÌÏÇὴ ẗɳὠ

ὑᾀȟẗɳ ÌÏÇὴᾀ ᶯ ὑᾀȟẗȢ

Updaterule:ᾀ ‐Вὑ ​ ÌÏÇὴᾀ В​ ὑ .

В ᾀ ᾀ ὑ

for Gaussian Kernel: 
Repulsive force!
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* Bayesian Inference: Variational Inference

ÅParticle-basedvariationalinference: useparticles ᾀ to representήᾀ.

ÅUnified view as Wasserstein gradient flow (WGF) [LZC+19]:
particle-based VIs approximate WGF with a compulsorysmoothing assumption, 
in either of the two equivalentforms of smoothing the density (Blob, GFSD) or 
smoothing functions(SVGD, GFSF).
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* Bayesian Inference: Variational Inference

ÅParticle-basedvariationalinference: useparticles ᾀ to representήᾀ.

ÅAccelerationon the Wasserstein

space[LZC+19]:
Å ApplyRiemannianbŜǎǘŜǊƻǾΩǎ

methodstoע שׁ .
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* Bayesian Inference: Variational Inference
ÅParticle-basedvariationalinference: useparticles ᾀ to representήᾀ.

ÅKernelbandwidthselection:
ÅMedian[LW16]: medianof pairwisedistancesof the particles.

Å HE[LZC+19]: the two approx. to ή ᾀ, i.e.,ήᾀȠᾀ ‐ɝήᾀȠᾀ (Heat

Eq.) andή ᾀȠᾀ ‐ɳ ÌÏÇήᾀ Ƞᾀ (particleevolution),shouldmatch.
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Bayesian Inference: Variational Inference

ÅParticle-basedvariationalinference: useparticles ᾀ to representήᾀ.

ÅUnifiedviewasWassersteingradientflow: [LZC+19].

ÅAsymptoticanalysis: SVGD[Liu17] (ὔᴼЊȟ‐O π).

ÅNon-asymptoticanalysis
Åw.r.t‐: e.g., [RT96] (asWGF).

Åw.r.tὔ: [CMG+18, FCSS18, ZZC18].

ÅAcceleratingParVIs: [LZC+19, LZZ19].

ÅAddparticlesdynamically: [CMG+18, FCSS18].

ÅSolvethe Wassersteingradientbyoptimal transport: [CZ17, CZW+18].

ÅManifoldsupportspace: [LZ18].
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Bayesian Inference: MCMC
ÅMonte Carlo
ÅDirectly draw (i.i.d.) samples from ὴᾀὼ.

ÅAlmost always impossible to directly do so.

ÅMarkov Chain Monte Carlo (MCMC):
Simulate a Markov chain whose stationary distribution is ὴᾀὼ.

ÅEasier to implement: only requires unnormalized ὴᾀὼ (e.g., ὴᾀȟὼ).

ÅAsymptotically accurate.

ÅDrawback/Challenge: sample auto-correlation.

Less effective than i.i.d. samples.

[GC11]
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Bayesian Inference: MCMC
A fantastic MCMC animation site: https://chi-feng.github.io/mcmc-demo/
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Bayesian Inference: MCMC
Classical MCMC

ÅMetropolis-Hastings framework [MRR+53, Has70]:

Draw ᾀᶻḐήᾀᶻȿᾀ and take ᾀ as ᾀᶻwith probability

ÍÉÎρȟ
ήᾀ ᾀᶻὴᾀᶻὼ

ήᾀᶻᾀ ὴᾀ ὼ
ȟ

else take ᾀ as ᾀ .

Proposal distribution ήᾀᶻᾀ: e.g., taken as ﬞ ᾀᶻᾀȟ„ .
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Bayesian Inference: MCMC
Classical MCMC

ÅGibbs sampling [GG87]:

Iteratively sample from conditional distributions, which are easier to draw:

ᾀ Ḑὴᾀ ᾀ ȟᾀ ȟȣȟᾀ ȟὼȟ

ᾀ Ḑὴᾀᾀ ȟ ᾀ ȟȣȟᾀ ȟὼȟ

ᾀ Ḑὴᾀᾀ ȟᾀ ȟ ȣȟᾀ ȟὼȟ

ȣȟ

ᾀ Ḑὴᾀᾀ ȟȣȟᾀ ȟ ᾀ ȟȣȟᾀ ȟὼȢ

2019/10/10 -MSRA ʁ ʂ 78



Bayesian Inference: MCMC
Dynamics-based MCMC

ÅSimulates a jump-free continuous-time Markov process (dynamics):

Äᾀ ὦᾀÄὸ ςὈᾀÄὄ ᾀȟ

ɝᾀ ὦᾀ‐ ﬞ πȟςὈᾀ‐ έ‐ȟ

with appropriate ὦᾀand Ὀᾀ so that ὴᾀὼ is kept stationary/invariant.

ÅInformative transition using gradient ɳÌÏÇὴᾀὼ.

ÅSome are compatible with stochastic gradient (SG): more efficient.

ᶯÌÏÇὴᾀὼ ᶯÌÏÇὴᾀ

ᶰ꜠

ᶯÌÏÇὴὼ ᾀȟ

ᶯÌÏÇὴᾀὼ ᶯÌÏÇὴᾀ
꜠

ה
ɴה

ᶯÌÏÇὴὼ ᾀȟהṒ Ȣ꜠

Brownian motion

Pos. semi-def. matrix
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Bayesian Inference: MCMC
Dynamics-based MCMC

ÅLangevin Dynamics [RS02] (compatible with SG [WT11, CDC15, TTV16]):
ᾀ ᾀ ‐ɳÌÏÇὴᾀ ὼ ﬞ πȟς‐Ȣ

ÅHamiltonian Monte Carlo [DKPR87, Nea11, Bet17]

(incompatiblewith SG [CFG14, Bet15]; leap-frog integrator [CDC15]):

ὶ Ḑﬞ πȟɫȟ

ὶ Ⱦ ὶ ‐Ⱦς ÌɳÏÇὴᾀ ὼȟ

ᾀ ᾀ ‐ɫ ὶ Ⱦ ȟ

ὶ ὶ Ⱦ ‐Ⱦς ÌɳÏÇὴᾀ ὼȢ

ÅStochastic Gradient Hamiltonian Monte Carlo [CFG14] (compatible with SG):
ᾀ ᾀ ‐ɫ ὶ ȟ

ὶ ὶ ‐ɳÌÏÇὴᾀ ὼ ‐ὅɫ ὶ ﬞ πȟςὅ‐Ȣ

ÅΧ
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* Bayesian Inference: MCMC
Dynamics-based MCMC

ÅLangevin dynamics [Lan08]:
Äᾀ ÌɳÏÇὴÄὸ ςÄὄ ᾀȢ

Algorithm (also called Metropolis Adapted Langevin Algorithm) [RS02]:
ᾀ ᾀ ‐​ÌÏÇὴᾀ ὼ ﬞ πȟς‐ȟ

followed by an MH step.
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* Bayesian Inference: MCMC
Dynamics-based MCMC

ÅHamiltonian Dynamics: 
Äᾀ ɫ ὶÄὸȟ
Äὶ ÌɳÏÇὴÄὸȢ

ÅAlgorithm: Hamiltonian Monte Carlo [DKPR87, Nea11, Bet17]

Draw ὶ Ḑﬞ πȟɫ and simulate ὑsteps:
ὶ Ⱦ ὶ ‐ȾςᶯÌÏÇὴᾀ ὼȟ

ᾀ ᾀ ‐ɫ ὶ Ⱦ ȟ

ὶ ὶ Ⱦ ‐ȾςᶯÌÏÇὴᾀ ὼȟ

and do an MH step, for one sample of ᾀ.

ÅStörmer-Verlet(leap-frog) integrator:
ÅMakes MH ratio close to 1.
Å Higher-order simulation error [CDC15].

ÅMore distant exploration than LD (less auto-correlation).
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* Bayesian Inference: MCMC
Dynamics-based MCMC: using stochastic gradient (SG).

ÅLangevin dynamics is compatible with SG [WT11, CDC15, TTV16].

ÅHamiltonian Monte Carlo is incompatiblewith SG [CFG14, Bet15]:

the stationary distribution is changed.

ÅStochastic Gradient Hamiltonian Monte Carlo [CFG14]:
Äᾀ ɫ ὶÄὸȟ

Äὶ ÌɳÏÇὴÄὸ ὅɫ ὶÄὸ ςὅÄὄ ὶȢ

ÅAsymptotically, stationary distribution is ὴ.

ÅNon-asymptotically (with Euler integrator), gradient noise is of higher-order of 
Brownian-motion noise[CDC15].
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* Bayesian Inference: MCMC
Dynamics-based MCMC: using stochastic gradient.

ÅStochastic Gradient Nose-Hoover Thermostats [DFB+14] (scalar ὅ π):
Äᾀ ɫ ὶÄὸȟ

Äὶ ÌɳÏÇὴÄὸ ‚ὶÄὸ ςὅɫÄὄ ὶȟ

Ä‚
ρ

Ὀ
ὶɫ ὶ ρ ÄὸȢ

ÅThermostats‚ɴ ᴙ: adaptively balance the gradient noise and the Brownian-
motion noise.
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* Bayesian Inference: MCMC
Dynamics-based MCMC

ÅComplete recipe for the dynamics [MCF15]:
For any skew-symmetric matrix ὗand pos. semi-def. matrix Ὀ, the dynamics

Äᾀ ὦᾀÄὸ ςὈᾀÄὄ ᾀȟ

ὦ
ρ

ὴ
‬ ὴὈ ὗ ȟ

keeps ὴstationary/invariant.
ÅThe inverse also holds:

Any dynamics that keeps ὴstationary can be cast into this form.
Å If Ὀis pos. def., then ὴis the unique stationary distribution.

ÅIntegrators and their non-asymptotic analysis (with SG): [CDC15].

ÅMCMC dynamics as flows on the Wasserstein space: [LZZ19].
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Bayesian Inference: MCMC
Dynamics-based MCMC

ÅComplete framework for MCMC dynamics: [MCF15].

ÅInterpretation on the Wasserstein space: [JKO98, LZZ19].

ÅIntegrators and their non-asymptotic analysis (with SG): [CDC15].

ÅFor manifold support space:
ÅLD: [GC11]; HMC: [GC11, BSU12, BG13, LSSG15]; SGLD: [PT13];

SGHMC: [MCF15, LZS16]; SGNHT: [LZS16]

ÅDifferent kinetic energy (other than Gaussian):
ÅMonomial Gamma [ZWC+16, ZCG+17].

ÅFancy Dynamics:
ÅRelativistic: [LPH+16]
ÅMagnetic: [TRGT17]
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Bayesian Inference: Comparison

ParametricVI Particle-Based VI MCMC

AsymptoticAccuracy No Yes Yes

Approximation Flexibility Limited Unlimited Unlimited

Empirical Convergence Speed High High Low

Particle Efficiency (Do notapply) High Low

High-Dimensional Efficiency High Low High
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Outline
ÅGenerative Models: Overview

ÅPlain Generative Models
ÅAutoregressive Models

ÅLatent Variable Models
ÅDeterministic Generative Models
ÅGenerative Adversarial Nets

ÅFlow-Based Generative Models

ÅBayesian Generative Models
ÅBayesian Inference (variational inference, MCMC)

ÅBayesian Networks
ÅTopic Models(LDA, LightLDA, sLDA)

ÅDeep Bayesian Models (VAE)

ÅMarkov Random Fields (Boltzmann machines, deep energy-based models)
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Topic Models
Separate global(dataset abstraction) and local(datum representation) latent variables.

[SG07]
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Latent Dirichlet Allocation
Model Structure [BNJ03]:

ÅData variable: Words/Documents ύ ύ ȡ ȟ ȡȟύ ᶰρȣὡ .

ÅLatent variables:

ÅGlobal: topics ‍ ‍ ȡȟ‍ ᶰɝ .

ÅLocal: topic proportions — — ȟ— ᶰɝ ,

topic assignments ᾀ ᾀ ȟᾀ ᶰρȣὑ .

ÅPrior: ὴ‍ ὦ $ÉÒὦȟὴ— ὥ $ÉÒὥȟὴᾀ — -ÕÌÔ— .

ÅLikelihood: ὴύ ᾀ ȟ‍ -ÕÌÔ‍ .

Ὀὔὑ

‍ —ύ

ὥὦ

ᾀ
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Latent Dirichlet Allocation
Variational inference [BNJ03]:

ÅTake variational distribution (mean-field approximation):

ήȟȟ ‍ȟ—ȟᾀḧ $ÉÒ‍ ‗ $ÉÒ— ‎ -ÕÌÔᾀ ‰ Ȣ

ÅELBO‗ȟ‎ȟ‰Ƞὥȟὦ is available in closed form.

ÅE-step: update ‗ȟ‎ȟ‰by maximizing ELBO;

ÅM-step: update ὥȟὦby maximizing ELBO.
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Latent Dirichlet Allocation
MCMC: Gibbs sampling [GS04]

Model structure ὴ‍ȟ—ȟᾀȟύ ὃὄБ ȟ‍ Б ȟ—

ὴᾀȟύ ὃὄБ
Б

Б
Б

.

(ὔ : #times word ύis assigned to topic Ὧ; ὔ : #times topic Ὧappears in document Ὠ.)

ÅUnacceptable cost to directly compute ὴᾀύ ὴᾀȟύȾὴύ .

ÅUse Gibbs sampling to draw from ὴᾀύ !

ὴᾀ Ὧᾀ ȟύ ᶿ
ὔ ὦ

ὔ ὡὦ
ὔ ὥ Ȣ

ÅFor ‍and —, use MAP estimate:

‍ḧÁÒÇÍÁØÌÏÇὴ‍ύ
ὔ ὦ

ὔ ὡὦ
ȟ

— ḧÁÒÇÍÁØÌÏÇὴ—ύ
ὔ ὥ

ὔ ὑὥ
Ȣ

Estimated by 
samples of ᾀ
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* Latent Dirichlet Allocation
MCMC: Gibbs sampling [GS04]

ὴ‍ȟ—ȟᾀȟύ

$ÉÒ‍ ὦ $ÉÒ— ὥ -ÕÌÔᾀ — -ÕÌÔύ ‍

ὃὄ

ȟ

‍

ȟ

—

ȟ

— ‍

ὃὄ

ȟ

‍

ȟ

— ȟ

Åὃ
В

Б
ȟὄ

В

Б
, where ɜẗis the Gamma function.

Åὔ В В ύ ύȟᾀ Ὧ: number of times that word ύis assigned to topic Ὧ.

Åὔ В ᾀ Ὧ: number of times that topic Ὧappears in document Ὠ.
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* Latent Dirichlet Allocation
MCMC: Gibbs sampling [GS04]

ὴ‍ȟ—ȟᾀȟύ ὃὄ

ȟ

‍

ȟ

— ȟ

ὔ ύ ύȟᾀ Ὧȟὔ ᾀ ὯȢ

Å‍and —can be collapsed:
ὴᾀȟύ Ḁὴ‍ȟ—ȟᾀȟύ Ä‍Ä—

ὃὄ
Б ɜὔ ὦ

ɜὔ ὡὦ

Б ɜὔ ὥ

ɜὔ ὑὥ
Ȣ

ÅUnacceptable cost to directly compute ὴᾀύ ὴᾀȟύȾὴύ !
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* Latent Dirichlet Allocation
MCMC: Gibbs sampling [GS04]

ὴᾀȟύ ὃὄ
Б ɜὔ ὦ

ɜὔ ὡὦ

Б ɜὔ ὥ

ɜὔ ὑὥ
Ȣ

ÅUse Gibbs sampling: iteratively sample from

ὴᾀ ᾀ ȟᾀ ȟᾀ ȟȣȟᾀ ȟύ ȟ

ὴᾀ ᾀ ȟ ᾀ ȟᾀ ȟȣȟᾀ ȟύ ȟ

ὴᾀ ᾀ ȟᾀ ȟ ᾀ ȟȣȟᾀ ȟύ ȟ

ȣȟ

ὴᾀ ᾀ ȟȣȟᾀ ȟ ᾀ ȟȣȟύ ȡὴᾀ ᾀ ȟύȢ

ὴᾀ Ὧᾀ ȟύ ᶿ
ὔ ὦ

ὔ ὡὦ
ὔ ὥ Ȣ
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* Latent Dirichlet Allocation

ὴᾀȟύ ὃὄ
Б ɜὔ ὦ

ɜὔ ὡὦ

Б ɜὔ ὥ

ɜὔ ὑὥ

$ÅÎÏÔÅύ ÁÓύȡ

ὃὄ
Б ɜὔ ὦ ẗɜὔ ᾀ Ὧ ὦ

ɜὔ ᾀ Ὧ ὡὦ
ẗ

Б ɜὔ ὥ

ɜὔ ὑὥ
ẗ
Б ɜὔ ᾀ Ὧ ὥ

ɜὔ ὑὥ

ὃὄ
Б ɜὔ ὦ ẗɜὔ ὦ ẗὔ ὦ

ɜὔ ὡὦẗὔ ὡὦ

ẗ
Б ɜὔ ὥ

ɜὔ ὑὥ
ẗ
Б ɜὔ ὥ ẗὔ ὥ

ɜὔ ὑὥ

ὃὄ
Б ɜὔ ὦ ẗɜὔ ὦ

ɜὔ ὡὦ
ẗ

ὔ ὦ

ὔ ὡὦ

ẗ
Б ɜὔ ὥ

ɜὔ ὑὥ
ẗ
Б ɜὔ ὥ

ɜὔ ὑὥ
ẗ ὔ ὥ Ȣ

ὴᾀ Ὧᾀ ȟύ ᶿ
ὔ ὦ

ὔ ὡὦ
ὔ ὥ Ȣ
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* Latent Dirichlet Allocation
MCMC: Gibbs sampling [GS04]

ÅFor ‍, use the MAP estimate:
‍ ÁÒÇÍÁØÌÏÇὴ‍ύ Ȣ

Estimate ὴ‍ύ ȿ ὴ‍ȟᾀȟύ with one sample of ᾀfrom ὴᾀύ :

‍
ὔ ὦ ρ

ὔ ὡὦ ὡ

ὔ ὦ

ὔ ὡὦ
Ȣ

ÅFor —, use the MAP estimate:

—
ὔ ὥ ρ

ὔ ὑὥ ὑ

ὔ ὥ

ὔ ὑὥ
Ȣ
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Latent Dirichlet Allocation
MCMC: LightLDA[YGH+15]

ὴᾀ Ὧᾀ ȟύ ᶿ ὔ ὥ
ὔ ὦ

ὔ ὡὦ
Ȣ

ÅDirect implementation: ὕὑ time.

ÅAmortized ὕρmultinomial sampling: alias table.

σ

ψ
ȟ
ρ

ρφ
ȟ
ρ

ψ
ȟ
χ

ρφ
!ÌÉÁÓ4ÁÂÌÅȡ τȟ

σ

ρφ
ȟρȟ

ρ

ρφ
ȟτȟ
ρ

ψ
ȟτȟ
ρ

τ
Ὤȟὺ

Åὕρ sampling: ὭḐ5ÎÉÆρȟȣȟὑȟὺḐ5ÎÉÆπȟρ, ᾀ ὭÉÆὺ ὺÅÌÓÅὬ.
Åὕὑ time to build the Alias Table Amortized ὕρ time for ὑsamples.
ÅWhat if the target changes (slightly): use Metropolis Hastings (MH) to correct.
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* Latent Dirichlet Allocation
MCMC: LightLDA[YGH+15]

ὴᾀ Ὧᾀ ȟύ ᶿ ὔ ὥ
ὔ ὦ

ὔ ὡὦ
ȟ

ÅProposal in MH:

ήᾀ Ὧᶿ ὓ ὥ
ὓ ὦ

ὓ ὡὦ
Ȣ

Update ὓ ὔ ȟὓ ὔ ȟὓ ὔ every ὑdraws.

ÅDoc-proposal:

ÅMH ratio = . ὕρ.

ÅSample from θ ὓ : take ᾀ where ὲḐ5ÎÉÆρȟȣȟὔ . Directly ὕρ.

ÅSample from θ ὥ (dense): use Alias Table. Amortized ὕρ.
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* Latent Dirichlet Allocation
MCMC: LightLDA[YGH+15]

ὴᾀ Ὧᾀ ȟύ ᶿ ὔ ὥ
ὔ ὦ

ὔ ὡὦ
ȟ

ÅProposal in MH:

ήᾀ Ὧᶿ ὓ ὥ
ὓ ὦ

ὓ ὡὦ
Ȣ

Update ὓ ὔ ȟὓ ὔ ȟὓ ὔ every ὑdraws.

ÅWord-proposal:

ÅMH ratio = . ὕρ.

Å . Sample from either term: use Alias Table. Amortized ὕρ.
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* Latent Dirichlet Allocation
MCMC: LightLDA[YGH+15]

ÅOverall procedure for Gibbs sampling (cycle proposal):

ÅAlternatively use word-proposal and doc-proposal: better coverage on the 
modes.

ÅFor each ᾀ , run the MH chain ὒ ὑtimes and take the last sample.
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* Latent Dirichlet Allocation
MCMC: LightLDA[YGH+15]

ÅSystem implementation
ÅSend the model to data:

ÅHybrid data structure:
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Latent Dirichlet Allocation
ÅDynamics-Based MCMC and Particle-Based VI: target ὴ‍ύ .

ᶯÌÏÇὴ‍ύ ᾀ‍ȟύ ᶯÌÏÇὴ‍ȟᾀȟύ Ȣ

ÅStochastic Gradient Riemannian Langevin Dynamics [PT13],
Stochastic Gradient Nose-Hoover Thermostats [DFB+14],
Stochastic Gradient Riemannian Hamiltonian Monte Carlo [MCF15].

ÅAccelerated particle-based VI [LZC+19, LZZ19].

Gibbs Sampling Closed-form known
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* Latent Dirichlet Allocation
MCMC: Stochastic Gradient Riemannian LangevinDynamics [PT13]

Äὼ Ὃ ​ÌÏÇὴÄὸ​ẗὋ Äὸﬞ πȟςὋ ÄὸȢ

ÅTo draw from ὴ‍ύ ,

​ÌÏÇὴ‍ύ
ρ

ὴ‍ύ
​ ὴ᷿‍ȟᾀύ Äᾀ ᷿

ρ

ὴ‍ύ
​ὴ‍ȟᾀύ Äᾀ

᷿
ὴ‍ȟᾀύ

ὴ‍ύ

​ὴ‍ȟᾀύ

ὴ‍ȟᾀύ
Äᾀ ᾀ‍ȟύ ​ÌÏÇὴ‍ȟᾀȟύ Ȣ

Åὴ‍ȟᾀȟύ is available in closed form.

Åὴᾀ‍ȟύ can be drawn using Gibbs sampling.

ÅEach ‍ is on a simplex: use reparameterizationto convert to the Euclidean 
ǎǇŀŎŜ όǘƘŀǘΩǎ ǿƘŜǊŜ Ὃcomes from), e.g., ‍

В
.

2019/10/10 -MSRA ʁ ʂ 104



* Latent Dirichlet Allocation
MCMC: Stochastic Gradient Riemannian Langevin Dynamics [PT13]

Äὼ Ὃ ​ÌÏÇὴÄὸ​ẗὋ Äὸﬞ πȟςὋ ÄὸȢ

ÅVarious parameterizations:
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Supervised Latent Dirichlet Allocation
Model structure [MB08]:

ÅVariational inference: similar to LDA.

ÅPrediction: for test document ύ ,

ώ ḧ ώύ ώ – ᾀύ Ӷᾀ

– ᾀύ Ӷᾀ .

First do inference (find ήᾀ ύ ), then estimate ώ.

Ὀὔὑ

‍ —ύ

ὥὦ

ᾀ

ώ

–ȟ„

ὼ: doc 1

ᾀ: topics

ώ: science & tech

ὼ: doc 2 ώ: politics

......

......
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* Supervised Latent Dirichlet Allocation
Model structure [MB08]:

ÅGenerating process:
ÅDraw topics: ‍ Ḑ$ÉÒὦȟὯ ρȟȣȟὑ;

ÅFor each document Ὠ,
ÅDraw topic proportion — Ḑ$ÉÒὥ;

ÅFor each word ὲin document Ὠ,
ÅDraw topic assignment ᾀ Ḑ-ÕÌÔ— ;

ÅDraw word ύ Ḑ-ÕÌÔᾀ .

ÅDraw the response ώ Ḑﬞ – Ӷᾀȟ„ ȟӶᾀḧ В ᾀ (one-hot).

ὴ‍ȟ—ȟᾀȟύȟÙ

$ÉÒ‍ ὦ $ÉÒ -ÕÌÔᾀ — -ÕÌÔύ ‍ ﬞ ώ – Ӷᾀȟ„ Ȣ

Ὀὔὑ

‍ —ύ

ὥὦ

ᾀ

ώ

–ȟ„
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* Supervised Latent Dirichlet Allocation
Variational inference [MB08]: similar to LDA.

ÅSame variational distribution

ήȟȟ ‍ȟ—ȟᾀḧ $ÉÒ‍ ‗ $ÉÒ— ‎ -ÕÌÔᾀ ‰ Ȣ

ELBO‗ȟ‎ȟ‰Ƞὥȟὦȟ–ȟ„ is available in closed form.

ÅE-step: update ‗ȟ‎ȟ‰by maximizing ELBO.

ÅM-step: update ὥȟὦȟ–ȟ„ by maximizing ELBO.

ÅPrediction: given a new document ύ ,
ώ ḧ ώύ ώ – ᾀύ Ӷᾀ – ᾀύ Ӷᾀ Ȣ

First do inference: find ήᾀ ύ i.e. ‰ , then estimate ώ.
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* Supervised Latent Dirichlet Allocation
Variational inference with posterior regularization [ZAX12]

ÅRegularized Bayes (RegBayes) [ZCX14]:
ÅRecall: ὴᾀὼ ȟώ

ÁÒÇÍÉÎflή +,ήᾀȟὴᾀ В ÌÏÇὴὼ ȟώ ȿᾀ .

ÅRegularizeposterior towards better prediction:
ÍÉÎ+,ήᾀȟὴᾀ В ÌÏÇὴὼ ȟώ ȿᾀ ‗ЉήᾀȠὼ ȟώ .

ÅMaximum entropy discrimination LDA (MedLDA) [ZAX12]:

ÅЉήȠύ ȟώ В Љ ώ ώ ήȟύ

В Љ ώ –
ᾀ ύ

Ӷᾀ ,

where Љ ὶ ÍÁØπȟὶ ‐ is the hinge (max-margin) loss.

ÅFacilitates both prediction and topic representation.
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Outline
ÅGenerative Models: Overview

ÅPlain Generative Models
ÅAutoregressive Models

ÅLatent Variable Models
ÅDeterministic Generative Models
ÅGenerative Adversarial Nets

ÅFlow-Based Generative Models

ÅBayesian Generative Models
ÅBayesian Inference (variational inference, MCMC)

ÅBayesian Networks
ÅTopic Models (LDA, LightLDA, sLDA)

ÅDeep Bayesian Models (VAE)

ÅMarkov Random Fields (Boltzmann machines, deep energy-based models)
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Variational Auto-Encoder
More flexibleBayesian model using deep learning tools.

ÅModel structure (decoder) [KW14]:

ᾀḐὴᾀ ﬞ ᾀȿπȟὍ,

ὼ Ḑὴ ὼ ᾀ ﬞ ὼȿ‘ ᾀ ȟɫ ᾀ ,

where ‘ ᾀ and ɫ ᾀ are modeled by neural networks.

Ὀ

ᾀ

ὼ —

ὴᾀ

ὴ ὼȿᾀ
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Variational Auto-Encoder
ÅVariational inference (encoder) [KW14]:

ή ᾀὼḧБ ή ᾀ ὼ Б ﬞ ᾀ ’ ὼ ȟɜ ὼ ,

where ’ ὼ ȟɜ ὼ are also NNs.

ÅAmortized inference: approximate local posteriors ὴᾀ ὼ globally by ‰.

ÅObjective:

%,"/ὼ
ρ

Ὀ ᾀὼ ÌÏÇὴ ᾀ ὴ ὼ ᾀ ÌÏÇή ᾀ ὼ Ȣ

ÅGradient estimation with the reparameterization trick:

ᾀḐή ᾀ ὼ ᾀ Ὣ ὼȟ‭ḧ’ ὼ ‭ɜ ὼ ȟ‭Ḑή‭ ﬞ ‭ȿπȟὍȢ

ᶯȟ %,"/ὼ В ᶯȟ ÌÏÇὴ ᾀ ὴ ὼȿᾀ ÌÏÇή ᾀȿὼ ȿ ȟ .

(Smaller variance than REINFORCE-like estimator [Wil92]: ɳ Ὢ Ὢɳ ÌÏÇή .)

Ὀ

ᾀ

ὼ —

‰ ὴᾀ

ὴ ὼȿᾀή ᾀȿὼ
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Variational Auto-Encoder
ÅGeneration results [KW14]
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* Variational Auto-Encoder
ÅWith spatial attention structure [GDG+15]
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* Variational Auto-Encoder
ÅInferencewith importance-weightedELBO[BGS15]

ÅELBO:fl ή ᾀ ÌÏÇὴ ᾀȟὼ ÌÏÇή ᾀȢ

ÅA tighter lower bound:

fl ή ḧ ȟȣȟ ͯȢȢȢ ÌÏÇ
ρ

Ὧ

ὴ ᾀ ȟὼ

ή ᾀ
Ȣ

Ordering relation:

fl ή fl ή fl ή Ễ fl ή ÌÏÇὴ ὼȢ

If 
ȟ

ᾀὼ is bounded.
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Variational Auto-Encoder
ÅParametric Variational Inference: towards more flexible approximations.
ÅExplicit VI:

Normalizing flows [RM15, KSJ+16].

Using a tighter ELBO [BGS15].

ÅImplicit VI:

Adversarial Auto-Encoder [MSJ+15], Adversarial Variational Bayes [MNG17], 
Wasserstein Auto-Encoder [TBGS17], [SSZ18a], [LT18], [SSZ18b].

ÅMCMC [LTL17] and Particle-Based VI [FWL17, PGH+17]:
ÅTrain the encoder as a sample generator.

ÅAmortize the update on samples to ‰.
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Outline
ÅGenerative Models: Overview

ÅPlain Generative Models
ÅAutoregressive Models

ÅLatent Variable Models
ÅDeterministic Generative Models
ÅGenerative Adversarial Nets

ÅFlow-Based Generative Models

ÅBayesian Generative Models
ÅBayesian Inference (variational inference, MCMC)

ÅBayesian Networks
ÅTopic Models (LDA, LightLDA, sLDA)

ÅDeep Bayesian Models (VAE)

ÅMarkov Random Fields(Boltzmann machines, deep energy-based models)
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Markov Random Fields
Specify ὴ ὼȟᾀby an energy function Ὁ ὼȟᾀ:

ὴ ὼȟᾀ ÅØÐὉ ὼȟᾀ ȟὤ Å᷿ØÐὉ ὼȟᾀ ÄὼÄᾀȢ

ÅOnly correlation and no causality: ὴὼȟᾀ is either ὴᾀὴὼᾀor ὴὼὴᾀὼ.

+ Flexible and simple in modeling dependency.

- Harder to learn and generate than BayesNets.
ÅLearning: even ὴ ὼȟᾀ is unavailable.
ᶯ ÌÏÇὴ ὼ ȿ ᶯὉ ὼȟᾀ ȟ ᶯὉ ὼȟᾀȢ

ÅBayesian inference: generally same as BayesNets.

ÅGeneration: rely on MCMC or train a generator.

(augmented) data distribution
(Bayesian inference)

model distribution 
(generation)

=0 if Ὁ ÌÏÇὴ.
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Markov Random Fields
ÅLearning: ɳ ÌÏÇὴ ὼ ȿ ᶯὉ ὼȟᾀ ȟ ᶯὉ ὼȟᾀȢ

ÅBoltzmann Machine: Gibbs sampling for both inference and generation [HS83].
Bayesian Inference Generation

ὼ

ᾀ Ὁ ὼȟᾀ ὼὡᾀ ὼὒὼ ᾀὐᾀ.

ὴ ᾀὼȟᾀ "ÅÒÎ„В ὡ ὼ В ὐ ᾀ ,

ὴ ὼᾀȟὼ "ÅÒÎ„В ὡ ᾀ В ὒὼ .
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Markov Random Fields
ÅLearning: ɳ ÌÏÇὴ ὼ ȿ ᶯὉ ὼȟᾀ ȟ ᶯὉ ὼȟᾀȢ

ÅRestricted Boltzmann Machine [Smo86]:
Bayesian Inference Generation

Ὁ ὼȟᾀ ὼὡᾀ ὦ ὼ ὦ ᾀ.
Å Bayesian Inference is exact:

ὴ ᾀὼ "ÅÒÎ„ὼὡȡ ὦ .

ÅGeneration: Gibbs sampling.
Iterate:

ὴ ᾀὼ "ÅÒÎ„ὼὡȡ ὦ ,

ὴ ὼ ᾀ "ÅÒÎ„ὡ ȡᾀ ὦ .
ὼ

ᾀ
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Markov Random Fields
Deep Energy-Based Models:

No latent variable; Ὁ ὼ is modeled by a neural network.
ᶯ ÌÏÇὴ ὼ ᶯὉ ὼ ᶯὉ ὼ Ȣ

Å[KB16]:learna generator
ὼḐή ὼ ᾀḐήᾀȟὼ Ὣ ᾀȟ

to mimic the generation from ὴ ὼ:

ÁÒÇÍÉÎ+,ήȟὴ ÁÒÇÍÉÎ Ὁ Ὣ ᾀ ᴏή

Ȣ
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Markov Random Fields
Deep Energy-Based Models:

No latent variable; Ὁ ὼ is modeled by a neural network.
ᶯ ÌÏÇὴ ὼ ᶯὉ ὼ ᶯὉ ὼ Ȣ

Å[DM19]: estimate ẗby samples

drawn by the Langevin Dynamics.
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* Markov Random Fields
Deep Energy-Based Models:

No latent variable; Ὁ ὼ is modeled by a neural network.
ᶯ ÌÏÇὴ ὼ ᶯὉ ὼ ᶯὉ ὼ Ȣ

Å[DM19]: estimate ẗby samples drawn by the Langevin Dynamics

ὼ ὼ ‐ɳ Ὁ ὼ ﬞ πȟς‐Ȣ

ÅReplay buffer for initializing

the LD chain.

Åὒ-regularization on the

energy function.
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