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(Probabilistic) Machine Learning in 2000

(Probabilistic) Machine Learning in 2026

▪ Better model architectures

▪ Massive data

▪ Improved prompting techniques

▪ Dominance of Probabilistic Graphical Models

▪ Tractable inference

▪ Incorporation of domain knowledge/constraints

Probabilistic Methods in the Era of LLMs

26 years

▪ Exact probabilistic inference (or approximate with guarantees)

▪ Incorporation of domain knowledge

▪ Limited probabilistic inference capabilities

▪ Can only learn from data

▪ Extremely scalable

… but…

▪ Hard to scale

… but…
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Probabilistic Graphical Models Are Hard to Scale

Log-likelihood saturates as the parameter count goes up (Liu et al.)

Structure learning is provably hard

Parameter learning given a fixed structure is empirically hard
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A Pathway Towards Scaling Up Probabilistic Graphical Models

Neural Networks Probabilistic Graphical Models

Scalable Representation

▪ Transformer

▪ Mamba

▪ Etc.

Scalable Representation

▪ Bayesian Network

▪ Factor Graph
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Neural Networks Probabilistic Graphical Models
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Scalable Representation

▪ Bayesian Network

▪ Factor Graph

▪ Etc.

Not computationally scalable!
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A Pathway Towards Scaling Up Probabilistic Graphical Models

Neural Networks Probabilistic Graphical Models

Scalable Representation

▪ Transformer

▪ Mamba

▪ Etc.

Scalable Representation

▪ Probabilistic

Circuit (or

Sum-Product

Network)
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Tractable Deep Generative Models: Probabilistic Circuits

Encode complex distributions by starting with simple
distributions and recursively combining them to represent more

complex ones.
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Tractable Deep Generative Models: Probabilistic Circuits

Dataset
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Tractable Deep Generative Models: Probabilistic Circuits

Dataset ▪ Input nodes encode univariate 

primitive distributions.

▪ Product nodes build factorized 

distributions over their children.

▪ Sum nodes construct weighted 

mixtures over their child distributions. 
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Compute Likelihood
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Compute

▪ Compute the likelihood of every input node.

0.0 1.0 0.0 0.0 1.0 0.0

0.0 1.0

▪ Compute the likelihood of every sum/product node.

0.0 1.0 0.0

0.5 0.5

0.50.0

0.25

▪ Readout likelihood from the root node.
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Computing Marginal
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▪ Sum node

▪ Product node

▪ Input node
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A Pathway Towards Scaling Up Probabilistic Graphical Models

Neural Networks Probabilistic Graphical Models

Scalable Representation

▪ Transformer

▪ Mamba

▪ Etc.

Scalable Representation

▪ Probabilistic

Circuit

Efficient Systems Efficient Systems

PyJuice
- Scaled to billions of parameters.

- 100x speedup vs. Google baselines.

https://github.com/Tractables/pyjuice
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A Pathway Towards Scaling Up Probabilistic Graphical Models

Neural Networks Probabilistic Graphical Models

Scalable Representation

▪ Transformer

▪ Mamba

▪ Etc.

Scalable Representation

▪ Probabilistic

Circuit

Efficient Systems Efficient Systems

PyJuice
- Scaled to billions of parameters.

- 100x speedup vs. Google baselines.

Strong Optimizers

Adam, Muon, etc.

Strong Optimizers

This work.
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PCs are latent variable models

Optimizing PCs with Expectation Maximization
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PCs are latent variable models

Optimizing PCs with Expectation-Maximization

0.5 0.5

Example

Standard Expectation-Maximization

Instead of optimizing the log-likelihood

we maximize the following lower-bound

: the current parameters

: parameters to be optimized
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The Pros and Cons of Full-Batch Expectation-Maximization

Pros: Cons

▪ The best performance compared to

baselines

▪ No need for hyperparameter tuning

▪ Infrequent updates

▪ Hard to scale to large datasets

▪ Slow convergence
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The Existing Mini-Batch EM Algorithm

Full-batch EM:

Given a dataset , solve for that maximizes
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The Existing Mini-Batch EM Algorithm

Full-batch EM:

Given a dataset , solve for that maximizes

Mini-batch EM:

Given a mini-batch of data , solve for that maximizes

However, does not represent the entire dataset, so we should not “trust” entirely.

, where is a learning rate.

Instead, we update the parameters “incrementally”:
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Training progressStepStep

Trained on batch Trained on batch
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Training progressStepStep

Trained on batch Trained on batch
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The “Catastrophic Forgetting” Problem

Training progressStepStep

Trained on batch Trained on batch

The LL of should be

well-preserved!

After training

on batch #6 (in

epoch 100)

LL of the previous

batch went down
Δ

L
L

Δ
L

L

Our optimizer largely

maintains the LL of

previous batches
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Understanding the Catastrophic Forgetting Problem

Reinterpreting full-batch EM* 

*Based on some results from the paper “Homeomorphic-Invariance of EM: Non-Asymptotic Convergence in KL Divergence 

for Exponential Families via Mirror Descent”. Kudos to the authors Frederik Kunstner, Raunak Kumar, and Mark Schmidt.

First-order Taylor

expansion of the LL.

KL divergence: penalize

changing the parameters

too much.
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Understanding the Catastrophic Forgetting Problem

Reinterpreting full-batch EM* 

Catastrophic forgetting happens because neither mini-batch EM nor Adam penalizes the

parameters from “changing too much” properly.

Gradient-based methods:

Small L2 distance in the parameter space could lead to

large discrepancy in the distributions. Also vice versa.
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Understanding the Catastrophic Forgetting Problem

Reinterpreting full-batch EM* 

Catastrophic forgetting happens because neither mini-batch EM nor Adam penalizes the

parameters from “changing too much” properly.

Mini-batch EM:

Similar to gradient-based methods, it only regularizes on the parameter space.
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The Anemone Algorithm

Reinterpreting full-batch EM* 

Catastrophic forgetting happens because neither mini-batch EM nor Adam penalizes the

parameters from “changing too much” properly.

Anemone (our proposed method):
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The Anemone Algorithm

Anemone (our proposed method):

Can be computed by autodiff! Can also be efficiently computed!
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The Anemone Algorithm: An Intuition

Anemone can be viewed as EM with an adaptive learning rate strategy (per parameter).

The targetThe adaptive

learning rate.

Full-batch EM: Anemone:
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Anemone can be viewed as EM with an adaptive learning rate strategy (per parameter).

Given , the node is more

“important” for producing high LL.

Anemone will implicitly assign a much

higher adaptive learning rate to

parameters of .

The Anemone Algorithm: An Intuition

The targetThe adaptive

learning rate.

Full-batch EM: Anemone:
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▪ Better LL and faster convergence across benchmarks

The Anemone Algorithm: Results



46

▪ Better LL and faster convergence across benchmarks

▪ Robust across data types and model architectures.

The Anemone Algorithm: Results



Thank you!
Please consider stopping by our

poster #177 (today).
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