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If we have access to the score function Vlog y,, we can simulate the stochastic differential equation
(with suitable discretization) in poly(d) time. ([CCL+23, LLT23...])



Why are noisy paths interesting?



Why are noisy paths interesting?

Target: X, ~ p Add noise: X, = e 'X, + V1 — e %G, G ~ N(O,I)



Why are noisy paths interesting?

Target: Xy ~ u Add noise: X, = e "X, + V1 — e %G, G ~ N(O,I)

Can we exploit the path geometry without assuming access to the score function?



Why are noisy paths interesting?

Target: X, ~ p Add noise: X, = e 'X, + V1 — e %G, G ~ N(O,I)

Can we exploit the path geometry without assuming access to the score function?

_—— = e — S — —
: _ i —— __ _ - O
S — - __ ——— == = e = == _ —

, .. : ) _ \,\,
\<\¥ hedlstrllneL lo -_ R //,;

—




Why are noisy paths interesting?

Target: X, ~ p Add noise: X, = e 'X, + V1 — e %G, G ~ N(O,I)

Can we exploit the path geometry without assuming access to the score function?

j - = = e — — e — e . =
S — . _ — _—

Q The distributions y, are L-log-smooth.

———— e —— = = _— — _

‘\\Lﬁ poly(d)°? ([HLSZ26])

— — _— — e —— A — — _ = ———= — =
—_——— == — = - — =




Why are noisy paths interesting?

Target: X, ~ u

Add noise: X, = e 7' X, + V1-e2G, G~ NO.,I

Can we exploit the path geometry without assuming access to the score function?

|
N

— —

—

— e
— e

———— e —— =

— —

- - _

The distributions y, are L-log-smooth.

_— = = —_— .
P — ——

‘\\Lﬁ poly(d)°? ([HLSZ26])




Why are noisy paths interesting?

Target: X, ~ u

Add noise: X, = e 7' X, + V1-e2G, G~ NO.,I

Can we exploit the path geometry without assuming access to the score function?

|
N

== = —
S —_—

———— e —— =

—

—V?logu(x) > — LI,

— " ———

The distributions y, are L-log-smooth.

_— = = —_— .
P — ——

‘\\Lﬁ poly(d)°? ([HLSZ26])




Why are noisy paths interesting?

Target: X, ~ u

Add noise: X, = e 7' X, + V1-e2G, G~ NO.,I

Can we exploit the path geometry without assuming access to the score function?

|
N

== = —
S —_—

———— e —— =

—

- - _

—V?logu(x) > — LI,

The distributions y, are L-log-smooth.

_— = = —_— .
P — ——

‘\\Lﬁ poly(d)°? ([HLSZ26])




Why are noisy paths interesting?

Target: X, ~ p Add noise: X, = e 'X, + V1 — e %G, G ~ N(O,I)

Can we exploit the path geometry without assuming access to the score function?

= — = am—— — —_ — e — E—
= — _ -  — —

(\E The distributions y, are L-log-smooth.

— — _ — PE—

—V?logu(x) > — LI,




Why are noisy paths interesting?

Target: X, ~ p Add noise: X, = e 'X, + V1 — e %G, G ~ N(O,I)

Can we exploit the path geometry without assuming access to the score function?

//—— = —_— —— - = —— = ——
—— . e_—— @ ———— ——— S —

(\E The d1str1but10ns ,ut are L- log smooth

— = —

— — = ——
= A—___d_*) = 0 = e

4

‘:_»‘9,__._-—.___‘ e —_— = = e _— = — —

—V?logu(x) > — LI,

_log Moo —log |2 _log Ho



Why are noisy paths interesting?

Target: X, ~ p Add noise: X, = e 'X, + V1 — e %G, G ~ N(O,I)

Can we exploit the path geometry without assuming access to the score function?

//—— = —_— —— - = —— = ——
— _ —— e S —

(\E The d1str1but10ns ,ut are L- log smooth

— = —

-\\}\; poly(d)”"” ([HLSZ26])

R — = ——
= ;—?*) __ —— e — S

4

e*¥d) (THZ25])

A:_hsg_—-‘_——‘ e — e e _— — =

- Vzlog ux) > — LI,

—log p



Annealing paths



Annealing paths

A distribution path: py —> pg — pipag) — M| = U



Annealing paths



Annealing paths

At time s € [0,1], run Langevin dynamics targeting the current distribution .



Annealing paths

A distribution path: py — pg — Hiag) — K = M Example: pu(x) x e

At time s € [0,1], run Langevin dynamics targeting the current distribution .

—sH(x)



Annealing paths

A distribution path: py — pg — Hiag) — K = M Example: pu(x) x e

At time s € [0,1], run Langevin dynamics targeting the current distribution .

——--
-
-
-
“
' 4

—sH(x)



Annealing paths

A distribution path: py — pg — Hiag) — K = M Example: pu(x) x e

At time s € [0,1], run Langevin dynamics targeting the current distribution .

--
-
-
-
-”
' 4

.- I Tracking error
Hi

—sH(x)



Annealing paths

At time s € [0,1], run Langevin dynamics targeting the current distribution .
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What is the analogue in discrete state spaces?
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To explore distributions with potentially poor geometry.

2. What do we know about pathwise geometry?
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3. Future directions

Can we design low-action paths automatically (via flow matching / Schrodinger bridges)?

Can action characterize the difficulty of other sampling dynamics, such as tempering methods?
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