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Training Neural Samplers via Stochastic Optimal Control (SOC)

» Aim: Given an energy function £ : X — R (X can be continuous RY or discrete {1,..., N}d) and

inverse temperature 8 > 0, sampling from the target distribution

Proximal Diffusion Neural Sampler (PDNS)

Experiments

Instead of one-shot global fitting, PDNS performs proximal point updates on path measures:

1

PPk = arg min ( Eppr(X7) + KL(PY||P) + — KL(IP9||IP>9k1)> .

BSampling particle-based continuous energy functions

m(z) = %e—ﬁE@, P? Mk DW-4 (d = 8) LJ-13 (d = 39) LJ-55 (d — 165)
by learning a sampler parameterized by neural networks. » Proposition Method Wl  EC)Wad 2 ¥ EC)Wa 2 ¥ EC) Wa
' ' - PDDS (phillips et al., 2024) .92 (.58 41.66 56.01
» SOC approach: Let Pret pe g memoryless reference path measure such that: 1. The optimal solution of the above problem is " SCLD {EhE,,: al.. 2025) 1.30 0.40 9 03 97 08
ref ref ref B O M f T PIS (Zhang & Chen, 2022) (.68 (.65 1.93 18.02 4.79 228.70
Py r(Xo, X7) = Py~ (Xo)P7 (X1) = p(Xo)v(X7). PO o (Pk- 1) (P*>n;7i1 PR ( dP™ )”k‘* g UG cO RS I DDS (Vargas et al.. 2023) 0.92 0.90 1.99 24.61 4.60 173.09
Then one can deﬁne the fO||OWIﬂg Ophma| path measure: d]P)Hk‘—l d]P)(gk—l dIP)(g/{:—l LV-PIS (Richter & Berner, 2024) 1.04 1.89
9 ¢ I 1IDEM ( Akhound-Sadegh et al.. 2024) ﬂTﬂ [Jﬁﬁr 1.61 3{]?8 F{J 93.53
% . : 0| ref 2. Assume for all £ > 1, the subproblems are solved to optimality and let P"0 < P™. Denote P AS (Havens et al., 2025) 0.62 0.55 1.67 2.40 50 58.04
" := argming, Pl—y {_ EP9<X)T<XT> + KL(P”||P ﬂ | oL | " T S 2 ASBS (Liu et al., 2025) 0.38 0.19 1.59 1.28 400 27.69
1 as the corresponding path measure Pk, which satisfies P oc (P*~*)%* (P*)"% ™. We thus have PDNS 051 091 157 101 305 51 97
>|< _ * moref r(X7) L o O x 0 : : . ) :
— P (X)—ZIP’ (X)e , where r .= —BE —logv; Py = p, Py = 7. L
. k ref\ A k\1— A\ 1
Continuous SOC (SDE): P™ oc (P™)%%(P7)" 7, where A, = - : L C e
( ) - _ Zl_[l n; + 1 BSampling the molecular Boltzmann distribution of the alanine dipeptide
. 1 2
min Ky mo / _Hut (Xy)[|7dt —r(X7) |, This implies Pk converges to P* if A\;. — 0. Moreover, - , - —
0 0 A KL on each torsion’s marginal | o gon
—AkpAk . )
st. PV dX; = (by(Xy) + o (Xp))dt + Utth, Xo ~ p. PF(X) o [pfef(X>e(1—>\k)T(XT) - [pﬂ"ef<X)7T Y (X7), Method ¢ e M Yo 3 I
v PIS (Zhang & Chen, 2022) 0.05 0.38 5.61 4.49 4.60 ’ |
Discrete SOC (CTMC}: et Q217 — 41, vy g and parameterize Qf(a, i) — i the tenmina disrbution of P is P oc =M DoSMrmeta2omy 003 016 244 0m 0m .
Y(#)s9(2)in 1 i_pg o Where sp(a ) is a d x N matrix whose each row is a probability vector. _ ASBS (Liu et al.. 2025) 0.02 0.01 0.03 0.02 0.02 L
The noise schedule ~(t) > 0, [i y(t)dt = oo, PDNS Made Practical PDNS (Ours) 002 004 003 002 002 n .
f ] Denote P¥" ¢ {IP’HZ, P*1 as the optimal solution to the current subproblem at iteration k.
. re
it Ky po / ;{ QY 1083 Qref — Q7 + QI | (Xp.y)dt —r(Xp) |, Proximal WDCE (continuous): B Comparison of torsions between PDNS and reference of the alanine dipeptide
Y7 Xt
- - k*
_ : 0 N ¥ 1) dIP | f 9 ¢ Vi Y Vs Vs
st X = (Xtheor) is @ CTMC on X with generator Q°, Xo ~ pmasto KL =By o (O Betuitiom) |510f(X0) = otV log PR (Xr| X —
— — (jEN
SOC Solvers based on Cross-entro dpret US| -
Py Weights : ——(X) = exp —/ —Huek LX)||Pdt + uek LX) - dWg | g
» Cross-entropy (CE) objective: minimize the forward KL by importance sampling: APt ! - NN
KL(E*|[P!) = E dF” -log B e [0 ) 1o B, Proximal WDCE (discrete): e o m nr o o m nr w5 m n e o m non w0 m
PY qpd dPY pY AP ok - -
KL(PF||P?) = ; — (X E\ 7. —E, = log s9(T) ; +d BSampling from Ising and Potts models at critical and low temperatures
» Weighted Denoising Cross-Entropy (WDCE) objective: CE is theoretically sound but path- (B 1IE) X~Poh-1 d[p@k;—1< JEx Unit0.1) T d.;l\/[ ! >d’XT
storage heavy. WDCE replaces path log-likelihood with denoising score/bridge matching while - T ; —— Singmodel L — 247 = 1 Potsmodel L—16.J = L g — 4
preserving the same target objective (up to constants). Practical training stores terminal pairs qpref 1/N Inv. Temp, o —oa0T T —o06 B — 10986 5 —13
(X7, w) with w %(X ) and treat them as weighted samples from P*. Weights ; (X) = exp Z log — = Metrics Mag. |  Cort. | ESST Mag.| Cor. | ESST Mag | Cor | ESST Mag.| Cor | ESS7
dP7k-1 tX: £X 9k—1( t—)i@) x () PDNS (ours) 1.2e—2 56e—3 0903 90e—3 47¢e—3 0950 52¢-3 46e—3 0948 84e -4 6.1e—4 0978
o it LEAPS 9.9 -2 28e—1 0020 J30e—2 5Hb5e—-1 0001 J32e—-1 26e—1 0112 3b6e—1 3.5e—-1 ().021
MOde Collapse Baseline (MH) 2.2¢—2 1.9e—-3 / 1.6e—3 6.6e—4 / S0 —1 4ddle—1 / T.0e—1 6.de—1 /
. . . . . . . = |[terating local steps drives Pk — P*. Small n.. conservative updates, better mode coverage;
When P? is far from P*, a few high-weight trajectories dominate updates. The model then reinforces . k- ! ! . . : .
Jlready discovered baéins nd %ﬂiSSGSgOtherJS 2 Large n;: faster convergence, higher collapse risk. BAblation on proximal step size N and the choice of the scheduler
. ) . o = Predefined scheduler: decrease ;. (equiv. increase effective step size); Adaptive scheduler: oo 01w c10 wem v01 w05 e 1o
Example (Ising, 24 x 24, 8 = 0.6): WDCE quickly collapses to one mode and keeps reinforcing it. pick m,. by controlling estimated KL gap between adjacent targets, e.g., choosing 7. s.t. o £=0. e=0. e=1. y=0. y=0. y=1.
KT Or—1 [P)k* < 0.6
- 1.0 KL(]P) H ) >~ € 2000 0.5
e TTT Ry B
g —— Runl | A T D R - 7 S e n Rt E (@)
o v HEEE O e
O —(.5 - n 0.2
5| T T v 1T U
0 2000 4000 ‘*" v . : 0 0.

.--- :J

(c) Run 2

Step

(a) Magnetization (b) Run 1 (d) Ground Truth

Paper link on ArXiv: https://arxiv.org/abs/2510.03824

Accepted at the Fourteenth International Conference on Learning Representations (ICLR 2026), Rio de Janeiro, Brazil

0

2000 4000

6000 8000

Training Epochs

Contact: {wei.guo, jchoi843, yzhu738, mtao,

10000

0

2000 4000

6000 8000 10000

Training Epochs

yongchen}Qgatech.edu



https://arxiv.org/abs/2510.03824

