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Sampling is the process of drawing from a probability 
distribution.

What is Physics-Inspired Sampling?

The first MCMC algorithm was the Metropolis algorithm. It was 
invented at Los Alamos Laboratory in 1953.

In the Metropolis algorithm, to determine the next state 
transition, there are two steps:

1. Sample a candidate state from a proposal kernel  q.
2. Accept the proposal with probability α, which depends on 

whether the candidate state has higher or lower probability 
than the current state.

The Metropolis-Hastings algorithm, invented in 1970, improves 
on the original Metropolis algorithm by allowing the proposal 
kernel  to be asymmetric.

Metropolis-Hastings

Langevin Dynamics

Diffusion models are generative models that learn to sample 
from a desired distribution by reversing a diffusion process. 

During training, the model gradually adds noise to images, and a 
neural network learns to reverse this noise. 

During inference, the model starts with random noise and 
progressively denoises it to generate samples from the 
distribution of natural images

Diffusion Models

Markov Chain Monte Carlo (MCMC) is a method to sample from 
a probability distribution by constructing a Markov chain that has 
the target distribution as its equilibrium distribution.

It's inspired by the principle of ergodicity: the time average of a 
single system trajectory equals the ensemble average across 
probability space

Markov Chain Monte Carlo
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Hamilton Monte Carlo

Simulated Annealing

By "physics-inspired sampling", we mean algorithms that:

● Were invented by a team of physicists
● Were invented for the purpose of solving a physical problem
● Were inspired by physics principles

Something that physics-inspired sampling algorithms have in 
common is:

● Based on statistical physics principles
● Take a dynamical perspective
● Utilize stochastic processes to explore probability distributions

Monte Carlo methods are computational techniques that rely on 
repeated random sampling to solve problems that are difficult to 
address analytically.

This is closely related to detailed balance, also known as microscopic 
irreversibility. With detailed balance, a trajectory and its time-reversed 
counterpart are equally probable.

The Boltzmann distribution describes the probability distribution 
of microstates in a system at thermal equilibrium. A given state has 
a probability proportional to the exponential of its negative energy 
divided by temperature

Simulated annealing is a sampling procedure where you start 
with Markov Chain Monte Carlo (MCMC) sampling from a 
distribution at a higher temperature, then gradually decrease 
the temperature, allowing the sampling to approach the target 
distribution at the lowest temperature.

In 1905, Albert Einstein provided a theoretical explanation for 
Brownian motion, the random movement of particles suspended in a liquid 
or gas.

A stochastic differential equation is a mathematical equation that 
combines deterministic dynamics (drift term) with random fluctuations 
modeled by Brownian motion.

Diffusion models are an example of a score-based generative 
model. A score-based generative model is a generative model 
that aims to the learn the score function: the gradient of the 
log probability density. 

For diffusion models, they aim to learn the score functions of 
the intermediary distributions, representing 
increasingly-blurred images..

Hamiltonian Monte Carlo is a modified version of Monte Carlo sampling 
where, rather than directly updating position based on the gradient of the 
potentia, the gradient of the potential updates the momentum and then the 
momentum updates the position. This can be implemented through the 
leapfrog integrator.

The algorithm is:

1.  Randomly sample a new momentum vector.
2. Run deterministic Hamiltonian dynamics for L steps.
3. Perform a Metropolis acceptance/rejection step
4. Repeat from step 1.
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