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AD of stochastic programs
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Score function estimator (discrete case)
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But high variance :( “Score”




Pathwise gradients / reparameterization trick
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Reparameterization trick for continuous randomness
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The “almost-sure” derivative

lim
e—0

X(p+e)— X(p)

E




The “almost-sure” derivative

mattjj commented on May 6, 2019 ¢ edited ~

The gradient of the expectation is really the left-hand def f(x):
side of the Leibniz rule (differentiation outside the if rand() < np.cos(x):

integral), but running a Monte Carlo estimate using this lreturn 2
: : : : : else:
program is estimating the right-hand side of the rule iAo

(integration on the outside).

What do you think? Do you buy that this is math's fault
and not computer science's fault?
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Pathwise derivatives

Sam Power @sp monte carlo - Jan 19

- Replying to @typedfemale
i periodically end up (positively) annoyed by just how much better Rep is
generically; one gets the sense that for general-purpose stuff, even

throwing all the tricks in the book at a (gradient estimation) problem, few
things make as big of a difference as taking pathwise grads.
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Generalizing to the discrete case!
Output X (p) ~ Ber(p)
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Generalizing to the discrete case!
Output X (p) ~ Ber(p)
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Stochastic derivatives (special case)
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~ “Alternative” “Primal” “Yedight?

(Arya et al. 2022, Fu et al. 1997 [SPA], Heidergott et al. 2008 [MVD])




Stochastic derivatives

X — X
5 is the “almost-sure” derivative = lim (p L3 6) (p )
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w is the “weight” / derivative of the probability of a jump. All conditional on primal!

i is the “alternative” (follows the distribution of possible jumps, conditional on a
jump happening).

Unbiasedness dL [X(p)]
+ Chain Rule dp

=Eld+w (Y — X(p))].

(Arya et al. 2022)



Automatic differentiation

: Pruning follows one alternative path
Primal
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Smoothing flattens

State space Uncoupled path onto primal

L— Steps X(p+e) (WQ)

- Correlated paths => low variance

- 0(1) unbiased forward-mode AD

(Arya et al. 2022)



StOChaStiC AD O gaurav-arya/StochasticAD.jl

FH gaurav-arya / StochasticAD.jl ' public

Research package for automatic differentiation of programs
containing discrete randomness.

3 MIT license
vy 146 stars % 9 forks

(Arya et al. 2022)



Variance reduction on random walk
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(Arya et al. 2022)



Differentiable Metropolis-Hastings
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Accept/reject probability

(Arya, Seyer, et al. 2023)



Differentiable Metropolis-Hastings: Gaussian proposal
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(Arya, Seyer, et al. 2023)



Differentiable Metropolis-Hastings: Ising Model

X

t=362 t=363 t=364

o

t=365 t=366 1=367
(Arya, Seyer, et al. 2023)




Differentiable Metropolis-Hastings
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Metropolis-Hastings Chain Length T
(Arya, Seyer, et al. 2023)



Differentiable Monte Carlo
Samplers with Piecewise
Deterministic Markov Processes

Master’s thesis in Engineering Mathematics and Computational Science

RUBEN SEYER

(Seyer, 2023)
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