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1. CONTRIBUTIONS
1. Principled framework based on the Policy

Gradient theorem and Neural Importance
Sampling yield memory efficient diffusion
samplers

2. Framework to leverage diffusion samplers in
Self-Normalized Importance Sampling and
Neural MCMC

3. State-of-the-art results on Combinatorial Op-
timization problems and in unbiased sam-
pling on Ising models at criticality

2. PROBLEM DESCRIPTION
Learn to generate samples X ∈ {0, 1}N according
to the target distribution at a given inverse tem-
perature β:

pB(X,β) =
exp (−βH(X))

Z
where Z =

∑
X

exp (−βH(X))

only the energy function H(X) is available and
there are no samples form pB(X,β)!

Alpha Divergences:

Dα(pB(X)||qθ(X)) = −
∫
pB(X)αqθ(X)1−αdX

α (1− α)

α ≥ 1 mass-covering, α → 1 : DKL(pB || qθ) (fKL)
α ≤ 0 mode seeking, α → 0 : DKL(qθ || pB) (rKL)

Optimization with Diffusion Models:
Data Processing Inequality for α-Divergences.

Dα (qθ(X0) || p(X0)) ≤ Dα (qθ(X0:T ) || p(X0:T ))

This is a tractable upper-bound that serves as the
loss.

3. METHODS

rKL-based objective in previous discrete diffusion samplers:

DKL (qθ(X0:T ) || p(X0:T )) =−
T∑

t=1

EXT :t∼qθ(XT :t) [S(qθ(Xt−1|Xt))]

−
T∑

t=1

EXT :t−1∼qθ(XT :t−1) [log p(Xt|Xt−1)]

+ β EXT :0∼qθ(XT :0) [HQ(X0)] + C

Problem:
Memory scales O(T ) during training
→ method does not scale to many diffusion steps

Scalable rKL-based Objective:
rKL can alternatively be minimized using Reinforcement Learning methods:

L(θ) = DKL(qθ(X0:T ) || p(X0:T ))

Policy Gradient Theorem
⇓

∇θL(θ) = − E
Xt∼dθ(X ,t),Xt−1∼qθ

[
Qθ(Xt−1, Xt)∇θ log qθ(Xt−1|Xt)

]
,

R(Xt, Xt−1) :=

{
T [log

p(Xt|Xt−1)

qθ(Xt−1|Xt)
] if t > 1

T [log
p(Xt|Xt−1)

qθ(Xt−1|Xt)
]−H(Xt−1) else

How to remove the bias between qθ and pB?
Use Neural Importance Sampling (NIS) for unbiased estimation of observables ⟨O(X)⟩
Exact Likelihood Model:

⟨O(X0)⟩pB(X0)
≈

M∑
i=1

[w(Xi
0)O(Xi

0)]

where w(Xi
0) =

ŵ(Xi
0)∑M

j=1 ŵ(X
j
0)

and Xi
0 ∼ qθ(X

i
0) with ŵ(Xi

0) =
p̂(Xi

0)

qθ(X
i
0)

.

Approximate Likelihood Model:

⟨O(X0)⟩pB(X0)
≈

M∑
i=1

[w(Xi
0:T )O(Xi

0)]

where w(Xi
0:T ) =

ŵ(Xi
0:T )∑M

j=1 ŵ(X
j
0:T

)
and Xi

0:T ∼ qθ(X
i
0:T ) with ŵ(Xi

0:T ) =
p̂(Xi

0:T )

qθ(X
i
0:T

)
.

Scalable fKL-based Objective:

L(θ) = DKL(p(X0:T ) || qθ(X0:T ))

NIS and MC over diffusion time
⇓

∇θL(θ) = −T

M∑
i=1

Et∼U{1,...,T}
[
w(Xi

0:T )∇θ log qθ(X
i
t−1|Xi

t)
]
,

where w(Xi
0:T ) =

ŵ(Xi
0:T )∑M

j=1 ŵ(Xj
0:T )

with ŵ(Xi
0:T ) =

p̂(Xi
0:T )

qθ(Xi
0:T )

, Xi
0:T ∼ qθ(X0:T ),

and U{1, ..., T} is the uniform distribution over the set {1, ..., T}.

Experiments:
1. Experiments on popular benchmarks in Unsupervised

Combinatorial Optimization
2. Experiments in unbiased sampling on the Ising Model

and on Spin Lattices

Results:
1. SDDS outperforms previous diffusion based samplers

on UCO benchmarks and in unbiased sampling
2. fKL-based objective works better than rKL-based objec-

tive in unbiased sampling, rKL works better in UCO


