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Sampling

Unnormalized density function:

ptarget(x) = %x); Z = fﬁ(x)dx

Obtain sample x ~ Piarget-

- Bayesian inference: piarger « likelihood X prior

- Boltzmann distribution (molecules, etc): Prarger X exp(—LU)

- Rare event: prarget(x) X 15(x)p(x)
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Sampling - classical approach

Markov chain Monte Carlo (MCMC)

For example, unadjusted Langevin dynamics:

dX, = Vlog (X,)dt + V2dw,

== dependent samples; auto-correlation reduces efficiency sample size
== ergodicity; only guarantee convergence with infinite steps
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Neural samplers

Train a neural network to amortize the sampling process

< independent samples!
< can mix in finite time

Neural samplers are in fact generative models:

pprior ptarget

generative model
NF, Diffusion, etc.
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Diffusion Neural samplers

Train a diffusion (like) model

dXt — f@ (Xt, t)dt + O-\/det,
transporting samples from ppyrior 10 Prarget:

Xo ~ Pprior » and want Xy ~ Ptarget



Diffusion Neural samplers

1. Time-reversal sampler



Diffusion Neural samplers

1. Time-reversal sampler

dX; = fo(X,, t)dt + ovV2dW,, Xo ~ Pprior

Want: X7 ~ Ptarget



Diffusion Neural samplers

1. Time-reversal sampler

dX; = fo(X,, t)dt + ovV2dW,, Xo ~ Pprior

Set a target process: dY; = g(Y;, t)dt + ax/det, Yo ~ DPrargets



Diffusion Neural samplers

1. Time-reversal sampler

dX; = fo(X,, t)dt + ovV2dW,, Xo ~ Pprior

Set atarget process: dY; = g(V;, t)dt + ovV2dW,, Y, ~ Ptargets
\/_/

a simple function, e.g., 0



Diffusion Neural samplers

1. Time-reversal sampler

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

Set a target process: dY, = g(Y;, t)dt + ov2dW,, Y, ~ Ptargets

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

a simple function, e.g., 0



Diffusion Neural samplers

1. Time-reversal sampler

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

align

Xt ~ YT—t

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

Set a target process: dY, = g(Y;, t)dt + ov2dW,, Y, ~ Ptargets

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

a simple function, e.g., 0



Diffusion Neural samplers

1. Time-reversal sampler

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

align
X ~ YT t
X Ptarget

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

Set a target process: : dYt g(Y,, t)dt + oV2dW,, Y, ~ Ptargets

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

a simple function, e.g., 0
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Diffusion Neural samplers

1. Time-reversal sampler

Want a sample process (prior to target),
To be the time-reversal,

of a simple process (target to prior)



Diffusion Neural samplers

1. Time-reversal sampler

This includes

(1) DDS (denoising diffusion sampler)

(2) PIS (path integral sampler)

(3) DIS (diffusion time-reversal sampler)
(4) GFlowNet (generative flow network)

(

(6) RDMC (reversal diffusion monte carlo)
(

)
)
)
5) IDEM (iterated denoising energy matching)
)
)

7) PINN (physics-informed neural networks) sampler
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Diffusion Neural samplers

2. Escorted transport sampler

dXt — fg (Xt' t)dt + O'\/Eth, Xo ~ pprior ’
define a sequence of interpolants m;: Ty = Ppriors Tr = Prarget

If marginal of X; ~ m; X7 ~ Dtarget
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Diffusion Neural samplers

2. Escorted transport sampler

Want a sample process (prior to target),
whose marginal densities aligns with

pre-defined interpolants between prior and target



Diffusion Neural samplers

2. Escorted transport sampler

This includes
(1) CMCD (Controlled Monte Carlo Diffusions)
2) NETS (non-equilibrium transport sampler)

(2)
(3) PINN (physics-informed neural networks) sampler
(4) LFIS (Liouville Flow Importance Sampler)
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3. Annealed variance reduction sampler

dX, = f(X;, t)dt + ovV2dW,, Xo ~ Pprior

dXt —_ g(Xt’ t)dt + O'\/Etht, XT ~ ptarget’
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Diffusion Neural samplers

3. Annealed variance reduction sampler

dX, = f(X,, t)dt + aV2dW,, Xy ~ Dprior » Q)

dX, = g(Xe, )dt + oV2dWY, X1 ~ Prarger, > P(X)

dQ(x)

Importance weight: —=

dP(X)




Diffusion Neural samplers

3. Annealed variance reduction sampler

dX, = f(X;, t)dt + ovV2dW,, Xo ~ Pprior

dX; = go(X;, t)dt + O-\/EthtJXT ~ Ptarget>

Importance weight: ——

Q(X)

Py(X)
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3. Annealed variance reduction sampler

< dX; = f (X, t)dt + U\/Eth;XO ~ Pprior >
Align

dX; = go(X;, t)dt + O-\/EthtJXT ~ Ptarget>

Importance weight: ——

Q(X)

Py(X)



Diffusion Neural samplers

3. Annealed variance reduction sampler

< dX; = f (X, t)dt + U\/Eth;XO ~ Pprior >
Align

dX; = go(X;, t)dt + O-\/EthtJXT ~ Ptarget>

-------------------------------------------------------------------------------------
* *

smallvariance & |mportance weight: ==

. .
-------------------------------------------------------------------------------------

Q(X)

Py(X)
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Diffusion Neural samplers

3. Annealed variance reduction sampler

Predefine a sample process (prior to target),
define or train a backward process (target to prior),

perform importance sampling



Diffusion Neural samplers

3. Annealed variance reduction sampler

This includes

(1) AlIS (Annealed Importance Sampling)
(2) MCD (Monte Carlo Diffusion)

(3) LDVI (Langevin Diffusion Variational Inference)
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a. path-measure alighment

For any desired process (_I)(X) or (_2)9 (X) ) '
align

we can write down its desired time-reversal <I_’(X) or PTg(X),



Diffusion Neural samplers

a. path-measure alighment

dQ(X)

Dyy| Q||P] = Eg [log—= B
— dQ(X)
DLy[Ql|P] = Varz |log dP(X)]

_ y
e dQ(X
Drg[Q||P] = Ez <log dggxi k)

Other choices exist, including sub-TB, DB, etc...
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Diffusion Neural samplers

b. marginal alighment

For any desired process (_i(X) or (_ig (X) ) g
augn

we can write down its desired marginal g;(X;),



Diffusion Neural samplers

b. marginal alighment

Score matching with Score estimator

PINN

Action matching



Diffusion Neural samplers

Time-reversal
sampler

Escorted transport
sampler

Annealed Variance
Reduction Sampler

Path measure DDS, DIS, PIS, GFN CMCD, SLCD MCD
alignment
Marginal alighment iIDEM, RDMC, PINN- | NETS, PINN-

sampler sampler, LFIS
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Let’s look at the loss again, for example:

dQ(X)

D P| = E~ ]
KLl Q|| ] 08 dP(X)
— dQ(X)

D P Vars |1
wv[QI[P] = Varz OgdP(X)

_ 3 -
— = dQ(X
Drs[Q|[P] = Ez <108 8( )—k>




Diffusion Neural samplers - Desiderata

Let’s look at the loss again, for example:
S dQ(X)

D P| =L lo —
k.[Q||P] gdP(X)

dQ(X)
dP(X)

Diyv[Q|[P] = Vafz)

log

_ 3 -
— = dQ(X
Drg[Q||P] = @(108 8( ) k)
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S dQ(X)

D P| =L lo —
k.[Q||P] gdP(X)

dQ(X)
dP(X)
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Diffusion Neural samplers - Desiderata

Let’s look at the loss again, for example:
S dQ(X)

D P| =L lo —
k.[Q||P] gdP(X)

dQ(X)
dP(X)

Diy[QI|P] = Vafz)|log

[ — 2
s e dQ(X)
Drg[Q][P]| = log———k
rs[QI[P] @< dP(X)
== need to simulate the trajectory — expensive!
Any ways for “simulation-free” training?
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Simulation-free training of Diffusion Neural samplers

avoid simulating the trajectory (entirely) during training.

using a time-dependent normalizing flow
Define Fy (+, t) as an invertible function

The first way of sampling Xt = Fg (Z, t), L ~ Pbase

The second way of sampling X, = Fy(Z,0),Z ~ Ppase
dX; = 0:F5(F5 ' (X, 0),t)dt
N\ J

Y
Standard form of ODE
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Define Fy (+, t) as an invertible function

The first way of sampling Xt = Fg (Z, t), L ~ Pbase

The second way of sampling Xy = Fy (Z,0),Z ~ Phase
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Simulation-free training of Diffusion Neural samplers

avoid simulating the trajectory (entirely) during training.

. using a time-dependent normalizing flow
Define Fy (+, t) as an invertible function

The first way of sampling Xt = Fg (Z, t), L ~ Pbase

The second way of sampling Xy, = F5(Z,0),Z ~ Dpase
dXt = ath (F._l (.Xt: t){ t)dt Easily obtained by NF

------------------------

dX, = 8,Fy(Fy1(X,, t), t)dt +i02Vlogqe (X, )t + opV2dW,

llllllllllllllllllllllllllllllll



Simulation-free training of Diffusion Neural samplers

avoid simulating the trajectory (entirely) during training.

. using a time-dependent normalizing flow

Define Fy (+, t) as an invertible function
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Thefirstway of sampling X, = Fy(Z,t), Z ~ Ppase directly sample from time t
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The secondway of sampling X, = Fy(Z,0),Z ~ Ppase
dX; = 0:F5(F5 ' (X, 0),t)dt
dX, = 8,Fy(Fg 1 (X, t), t)dt + 02Vlogqe (X, t)dt + o,V 2dW,



Simulation-free training of Diffusion Neural samplers

avoid simulating the trajectory (entirely) during training.

using a time-dependent normalizing flow

Define Fy (+, t) as an invertible function

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

Thefirstway of sampling X, = Fy(Z,t), Z ~ Ppase directly sample from time t

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

The secondway of sampling X, = Fy(Z,0),Z ~ Ppase  Calculate the same loss

----------------------------------------------------------------------------------------------------------------------------

-----------------------------------------------------------------------------------------------------------------------------
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Simulation-free training of Diffusion Neural samplers

dX; = 0:Fg(Fy ' (Xy t), t)dt + 02Vlogqy (Xe, t)dt + oV 2dW,, X ~ Pprior

time-reversal

dX, = 0:Fg(Fy ' (X, t), t)dt — 02Vlogqe (Xs, t)dt + o,V 2dW,, X1 ~ qo (-, T)
Align (

dX, = g(Xp)dt + oN2dW,, X7 ~ Ptarget
H{_/

a simple function, e.g., 0

. same direction - Girsanov Theorem applicable

L simulation-free evaluation — can always obtain sample by 1-step X; = Fy(Z,t),Z ~ Dpase
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Simulation-free training of Diffusion Neural samplers

= Great! How does it perform?

& unfortunately...
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Simulation-free training of Diffusion Neural samplers

Why?
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Simulation-free training of Diffusion Neural samplers

Why?

Objective? = same as DDS
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Simulation-free training of Diffusion Neural samplers

Why?

Objective? (= same as DDS

Capacity? (= targetis so simple
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Simulation-free training of Diffusion Neural samplers

Why?

Objective? (= same as DDS
Capacity? (= targetis so simple

Network parameterization? £ might be the reason

t=0.0 t=10.8 t=1.0 t="0.0 t=0.8 b= 1.0
2.5 2.5 - 2.5 - 2.5 - 0.5 A 0.5 A o
wib
A BT Y 'i% k
0.0 - %" 0.0 - o 0.0 - & 0.0 » 0.0 { Lt 0.0 o @ arget
« K model
—2.5 1 —-2.5 1 —-2.5 1 —-2.5 1 =0.54 -0.5
-2.5 0.0 2.5 -2.5 0.0 2.5 -2.5 0.0 2.5 -2.5 0.0 2.5 = 0 -1 0

initialization after training



Langevin Preconditioning
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Langevin Preconditioning
a. DDS/PIS

warm-up Initialization

llllllllllllllllllllllllllllllllll

fo (., t) NNy o () t) -+ NN, o (t) O'V log ptarget( )

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

~ Langevin gradient

b. CMCD/NETS . (}) = pprlor( )Ptarget( ) Langevin gradient

IIIIIIIIIIIIIIIIIIIIII

dX, = (fo(Xp,t) +0¢V log nt(Xt))dt +2 g, dW, Q,(X)

IIIIIIIIIIIIIIIIIIIIII

dXt — (f@ (Xt, t) - O-t V log T[t(Xt))dt + \/E O-tth (I)_H(X)



Langevin Preconditioning

What if we remove this Langevin?



How to remove Langevin?

a. DDS

fo(,t) = NNy (-, t) + NNz g (O~ Vo P marse)

b. CMCD’s Optimality condition (Nelson’s relation)

pprior f9+a%Vlog T ptarget fg—a%Vlog Tt

D(Q, , P, )
Butitis not necessary! (
Pprior, f9 ptarget, fe—ZO'ZV log ¢
D(Q, P, t )



Empirical Results

a. Langevin precondition is necessary to prevent mode collapse

w. LG w/o LG
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a. Langevin precondition is necessary to prevent mode collapse

w/o LG g WJ'I{G LG

N/A
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Empirical Results

b. Does other ways of incorporating the target information help?

w/o LG, w. distil init W. 108 Drarget w/o LG, w. distil init




Empirical Results

b. Do other ways of incorporating the target information help?

w/o LG, w. distil init

40 40

Init.

KL



Empirical Results

DDS w/o Langevin for GMM-3:

KL LV B




Empirical Results

c. How about sample efficiency?

0.20

0.15 -

0.05 -

0.00 -

< 0.10 1

105

107 107
Target Evaluation times

— PT+DM
DDS-KL
DDS-TB
DDS-LV
CMCD-KL
CMCD-TB
CMCD-LV
DFGS-STB
iDEM
NETS*

Figure 2: Sample quality vs target evaluation times
for different approaches with different objectives on

GMM-40 target.

*NETS uses mode interpolation,

which is distinct from that employed in others.



Empirica[ Resu[ts 1. differentinterpolant

2. different prior size
d. PINN objective is different 3. “consistent” behavior

o 40

geom interpolate, prior N(0,2I) geom interpolate, prior N(0,30%I) mode interpolate, prior N (0, 2I) mode interpolate, prior N(0,30%I)



Parallel Tempering/Replica Exchange

. . . . : high temperature
& SOTA MCMC in MD simulation /\/\ 1/temp
' B target

R4
-
L

= Highly parallel /\/\
g
low temperature
Ptarget



Parallel Tempering/Replica Exchange

Different use from neural samplers...

high temperature
%= Correlated samples o Diarser,

R4
*
L

& Need more simulation for new sample7\/\

L]

L 2

L4

L2
[

low temperature

Ptarget



Parallel Tempering/Replica Exchange

Different use from neural samplers...

high temperature
%= Correlated samples o Pirget

R4
*
L

& Need more simulation for new samplef\/\

Generative models can easily address them!
Butis it worth it?

i
low temperature

Ptarget



Parallel Tempering/Replica Exchange
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Target Evaluation times
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DDS-LV
CMCD-KL
CMCD-TB
CMCD-LV
DFGS-STB
iDEM
NETS*

Figure 2: Sample quality vs target evaluation times
for different approaches with different objectives on

GMM-40 target.

*NETS uses mode interpolation,

which is distinct from that employed in others.
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Discussion & Takeaway

1. We should not hide Langevin gradient used

2. If we need Langevin gradient anyway, we need to talk about sample
efficiency (we should also be open to initialize using data)

3. Improving PT is a promising direction (solve challenges with neural
network ansatz)

4. Better prior, interpolant, explorative objectives still needed
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