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Introduction to sampling

i —— adistribution over Q = RY, with density u(x) < e 7™

Target : given query access to f and Vf, generate a sample from u

with e error in total variation distance within as few queries as
possible.
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i —— adistribution over Q = RY, with density u(x) < e 7™

Target : given query access to f and Vf, generate a sample from u

with e error in total variation distance within as few queries as
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Introduce to non-log-concave sampling

i —— adistribution over Q = R?, with density u(x) x ¢

Assumptions:
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i — adistribution over Q = R¢ with density u(x) x e7W
Assumptions: (1) L-log-smooth: Vf is L-Lipschitz

(2) Bounded second moment: Ey_, [[IX||*| <M

Previous results:

o %D queriesisinevitable in general (Ge, Lee and Risteski (2018))
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Motivation: understanding the query complexity under
Assumptions (1) and (2).
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Sampling is simpler than optimization.




L ower bound: construct hard instances




L ower bound: construct hard instances

The hardness lies in distinguishing a group of similar distributions.



L ower bound: construct hard instances

The hardness lies in distinguishing a group of similar distributions.

Disturb the Gaussian with a “needle” of ¢ mass



L ower bound: construct hard instances

The hardness lies in distinguishing a group of similar distributions.

Disturb the Gaussian with a “needle” of e mass 2-dim Gaussian



L ower bound: construct hard instances

The hardness lies in distinguishing a group of similar distributions.

Disturb the Gaussian with a “needle” of e mass 2-dim Gaussian

Reduce the lower bound of sampling to a packing problem under two constraints:



L ower bound: construct hard instances

The hardness lies in distinguishing a group of similar distributions.

Disturb the Gaussian with a “needle” of e mass 2-dim Gaussian

Reduce the lower bound of sampling to a packing problem under two constraints:
(1) L-log-smooth: Vfis L-Lipschitz

(2) Bounded second moment: Ey_, |[IX||*] <M



L ower bound: construct hard instances




L ower bound: construct hard instances

To pack more candidate circles to perturb:




L ower bound: construct hard instances

To pack more candidate circles to perturb:

Put the “needle” farther away




L ower bound: construct hard instances

To pack more candidate circles to perturb:

X second moment > M

Put the “needle” farther away




L ower bound: construct hard instances

To pack more candidate circles to perturb:

X second moment > M

Put the “needle” farther away

Use a taller, narrower “needle”



L ower bound: construct hard instances

To pack more candidate circles to perturb:

X second moment > M

Put the “needle” farther away

X not L-log-smooth

Use a taller, narrower “needle”



L ower bound: construct hard instances

To pack more candidate circles to perturb: Main contribution: use better base distribution

X second moment > M

Put the “needle” farther away

X not L-log-smooth

Use a taller, narrower “needle”



L ower bound: construct hard instances

To pack more candidate circles to perturb: Main contribution: use better base distribution

X second moment > M

Put the “needle” farther away

X not L-log-smooth

Use a taller, narrower “needle”



L ower bound: construct hard instances

To pack more candidate circles to perturb: Main contribution: use better base distribution

X second moment > M

Put the “needle” farther away

X not L-log-smooth

Use a taller, narrower “needle”



L ower bound: construct hard instances

To pack more candidate circles to perturb: Main contribution: use better base distribution
| Xsecond moment > M | Gaussian with a lifted ring
e\

Put the “needle” farther away

X not L-log-smooth

Use a taller, narrower “needle”



L ower bound: construct hard instances

To pack more candidate circles to perturb: Main contribution: use better base distribution
| Xsecond moment > M | Gaussian with a lifted ring
e\

Put the “needle” farther away

X not L-log-smooth

-
/ ‘

Use a taller, narrower “needle”



L ower bound: construct hard instances

To pack more candidate circles to perturb: Main contribution: use better base distribution
| Xsecond moment > M | Gaussian with a lifted ring
e\

Put the “needle” farther away

X not L-log-smooth M narrower and log-smooth

)
e

Use a taller, narrower “needle”



L ower bound: construct hard instances

To pack more candidate circles to perturb: Main contribution: use better base distribution
| Xsecond moment > M | Gaussian with a lifted ring
e\

Put the “needle” farther away

X not L-log-smooth M narrower and log-smooth

oM

Q(d)
LM .o :
As aresult, we can construct (d_) such distributions.
€

Use a taller, narrower “needle”
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Thank you!



