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Abstract

We consider time discretization for score-based diffusion models to generate sam-
ples from a learned reverse-time dynamic on a finite grid. Uniform and hand-crafted
grids can be suboptimal given a budget on the number of time steps. We introduce
Adaptive Reparameterized Time (ART), which controls the clock speed of a repa-
rameterized time variable to redistribute computation along the sampling trajectory
while preserving the terminal time, with the objective of minimizing the aggregate
Euler discretization error. We derive a randomized companion ART-RL that re-
casts ART as a continuous-time reinforcement learning problem with Gaussian
policies, and prove a two-directional bridge between the two: the deterministic
ART optimum lifts to an optimal Gaussian policy, and conversely any optimal
Gaussian policy must recover the ART control through its mean. This bridge turns
continuous-time actor—critic learning into a principled, rather than heuristic, route
to the deterministic timestep optimum. Within the official EDM pipeline, ART-
RL improves FID on CIFAR-10 across a wide range of budgets; after one-time
offline training, the distilled deterministic schedule transfers without retraining to
AFHQv2, FFHQ, and ImageNet at no extra inference cost.

1 Introduction

Diffusion models [6, 31} |32]] are a family of generative models that create samples from unknown
target distributions, and underpin recent advances in text-to-image creation [26| 27]], text-to-video
generation [25} 129, |5], and diffusion large language models [[19} 24].

A diffusion model consists of two steps: learn the target score function by training on given samples
(pretraining), and generate new samples from the learned model (inference). The focus of this paper is
on diffusion sampling/inference, where a key numerical choice is the timestep grid used to discretize
the learned model. Standard samplers often use uniform or hand-crafted timesteps [30} 132, [18|, [2]],
while recent work also studies optimized fixed schedules [28]]. Here our purpose is to provide a
control-theoretic framework, which allows strategic and systematic time discretization in diffusion
sampling in order to minimize the aggregate error when applying the Euler scheme. The main
contribution of this paper is as follows:

» Formulation and methodology: We propose an optimal control framework — Adaptive
Reparameterized Time (ART), to schedule timesteps for diffusion sampling. The idea is to
treat the speed of the diffusion sampler as control to reparameterize time and adaptively
redistribute computation along the sampling trajectory. To solve the ART problem, we
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propose a continuous-time reinforcement learning (CTRL) approach — ART-RL, premised
upon the recent development in Wang et al. [36]], Jia and Zhou [15}16].

» Theory: We establish a two-directional bridge between ART and ART-RL: sufficiency shows
that the deterministic ART optimum lifts to an optimal Gaussian policy whose mean is
exactly the ART control, and necessity shows that any optimal Gaussian policy must recover
the ART control through its mean. This justifies parameterizing the actor as a Gaussian
mean and deploying it deterministically with rigorous guarantees, and yields actor—critic
updates for learning adaptive time schedules.

» Experiments: Our ART-RL schedule consistently outperforms Uniform, the DPM-Solver
log-SNR grid [23]], and EDM schedules [[18]] in a matched CIFAR-10 EDM evaluation. It
improves FID across a broad range of sampling time budgets, with large gains at low and
moderate budgets and a consistent advantage at the largest budget.

* Generalization and amortization: ART-RL separates offline schedule learning from
inference-time sampling. After training, the stochastic policy is distilled into a deter-
ministic time-only grid that can be reused as a drop-in schedule across timestep counts and
transferred across various datasets without retraining.

To the best of our knowledge, this is the first control/RL formulation of diffusion timestep scheduling
through adaptive time reparameterization, and the first to provide a two-directional bridge between
a deterministic timestep optimum and an actor—critic learning procedure. The proposed method is
data-driven and exhibits robust performance with reusable, amortized transfer.

Relevant literature: Diffusion models as generative tools were first proposed by Ho et al. [6]
(DDPM) and Song et al. [30] (DDIM) in the discrete setting. The pioneering work of Song et al.
[32] introduces a continuous-time formulation of diffusion models, providing a unified treatment
that encompasses earlier discrete-time models. Various sampling methods have been proposed for
diffusion inference, including predictor-corrector sampler [32], exponential integrator [38]], higher-
order solvers [39}137], and optimized fixed timestep schedules [28]. See also Lee et al. [20], Chen
et al. 2L 3], Li et al. [22]], Benton et al. [1]], Li and Yan [21]], Huang et al. [7] for convergence analysis
of diffusion models (with either uniform or hand-crafted timesteps).

Continuous-time reinforcement learning (CTRL) was first formulated by Wang et al. [36], where
exploration is modeled via stochastic relaxed control to capture the trial-and-error nature of rein-
forcement learning. Subsequent work developed a model-free theoretical foundation via martingale
methods [15H17,135], established performance guarantees [8l 12} [13]], and studied policy optimization
[40]. The CTRL framework has also been applied to training and fine-tuning diffusion models in
generative Al [4, (10, 141 142].

Organization: Section [2| reviews diffusion models and introduces the ART control formulation.
Section [3]describes how CTRL is used to solve ART, leading to the ART-RL approach. Section[d]
presents the ART-RL algorithm, followed by empirical results in Section[5] Section [6]concludes. An
extended ART-ART-RL analysis, including all proofs, and additional numerical results appear in the
extended version [[14]).

2 Diffusion Models and ART

2.1 Continuous-Time Score-Based Diffusion Models

We briefly review continuous-time score-based diffusion models; see Tang and Zhao [34] for a recent
survey. Given samples from an unknown target distribution, a forward process corrupts data over
time 7 € [0, 7] toward a tractable reference distribution, and sampling proceeds by integrating a
learned reverse-time process.

Diffusion sampling. A forward process obeys the 1t6 SDE
dz(r) = —f(7)z(7) dT + g(7) dw(7), M

where 7 € [0,T7], Z(0) ~ py is the target data distribution, w is a standard Wiener process in R, and
f and g are coefficient functions. Let p, be the law of Z(7) and S(7, z) = V log p, () be the score.



For sampling, we use the probability flow ODE associated with (T)), which shares the same marginals
as the reverse-time SDE; see e.g. Tang and Zhao [34, Theorem 5.1]. Denote the backward state by

Z(r) := Z(T — 7) with initialization #(0) ~ pr. Replacing S with a trained score model S yields

(ﬁg):ﬂT—ﬂﬂﬂ+émT—TfﬂT—ﬂjﬁm @

where 7 € [0, 7.

Euler discretization. We integrate @) ona grid 0 = 70 < 73 < -+ < 7 = T with step sizes
h; = Tix1 — T, and write Z; = &(7;). The explicit Euler update is

A uniform grid 7; = ¢T/K is simple but allocates evaluations uniformly even when the reverse
dynamics vary along the trajectory. A simple intuition is that early stages, where samples resemble
noise, may tolerate coarser steps, while later stages will benefit from finer resolutions. Such consider-
ations motivate adaptive, data-driven schedules that redistribute steps under a given, fixed total time
budget 7.

2.2 ART: Time Reparameterization via Control

Motivated by the drawback of uniform timesteps in backward sampling discussed above, we introduce
a reparameterized sampling clock and formalize adaptive timestep selection in the reverse process
as a control problem. The key idea is to replace the uniform progression of original time by an
adaptive, controlled progression that can accelerate in some segments and decelerate in others, thereby
redistributing computational effort along the trajectory.

To this end, let ¢ : [0, 7] — R be a continuous time mapping from the new clock ¢ to the original
diffusion time 7 (i.e., 7 = ¢(¢)), with 1) (0) = 0 and ¢)(T") = T On this new clock we write the state
as z(t) == Z(¥(t)), namely the backward state evaluated at diffusion time 1 (t), with x(0) ~ pr.
We define the control as 6(t) := 1 (t), which quantifies the instantaneous rate of change in diffusion

time with respect to ¢ and satisfies fOT 0(t)dt = (T) — (0) = T To keep the formulation general,
we do not impose monotonicity of 1, so # may take either sign. The monotone time-change case
(equivalently, 6(t) > 0 almost everywhere) is included as a special case of this formulation. In
particular, if we discretize the new clock uniformly as 0 = g < t; < --- < tg = T, then the
induced original-time grid is 7; := % (¢;) with nonuniform step sizes 7;4+1 — 7;. Intuitively, z(-)
tracks the generative trajectory under the reparameterized time, while 6(-) determines how quickly
the trajectory advances in original time per unit step on the new clock (larger 6(t) corresponds to
faster progression at t). We refer to this time reparameterized sampling framework as Adaptive
Reparameterized Time (ART).

By the chain rule, ART induces the controlled dynamics

{fb(t) = 0()F(2(t),¥(t)), =(0) ~ pr, (4a)
W(t) =0(t), $(0)=0, %(T) =T, (4b)
where the backward probability—flow vector evaluated at original time 7" — v is

F(z,9) = f(T — )z + 39(T — ¢)*5(T — ¢, ). ©)

The constraint fOT 0(t) dt = T is the time budget allocated by the control.

To assess how Euler behaves on the ¢-clock, we relate its local approximation error over a step to the
curvature of the right-hand side in (@a). We proceed analogously to the Euler discretization in ().
On an interval ¢ € [t;,t;41) with stepsize h; := t;1 — t;, the Euler update uses one control value
per step; we denote this step value by 6;.

Define the one-step Euler error proxy on the t-clock by E; := x(t;+1)—{x(t;)+h:0; F(x(t;), ¢ (t:)) }-
2 P
A Taylor expansion yields F; = %H?Q(:p(ti), ¥(t;)) + O(h3), where

Q(z, ) = As,x)B(s, ) — g(5)g'(5)S(s,2) = f'(s)x = 59(5)* 9,5 (s, ), ©)



with s := T — o, A(s,z) := f(s)Iq + 39(5)*V4S(s,z), and B(s,z) := f(s)z + $9(s)>5(s,z).
Thus, to leading order, the magnitude of the Euler local error on step ¢ is proportional to
021Q(x(t;),v(t;))|, where | - | denotes the Euclidean norm throughout. In implementation, V,.5(s, z)
is not formed; automatic differentiation provides the needed Jacobian—vector product.

This motivates using |Q(z, )| 6(t)? as an error-density surrogate for allocating the time-warping rate.
With a fixed time budget, we choose § = 6(-) to minimize the overall residual surrogate subject to the

constraint fOT 0(t) dt = T, enforced via a Lagrange multiplier v € R. Equivalently, we maximize
the negative Lagrangian cost

7(5,9.0) =E[ [ (~1Qa(t). p(e)I#*(0) = 10(0)) dt 49T | 2(6) =y, w(5) = ¢]. D

Denote the optimal value function to be

V(s,y,¢) = ma(X)J (s,9,0). (®)

In summary, ART recasts timestep allocation as continuous-time control of the time-warping rate
6 under @) and (7). The next section develops an RL-based procedure (ART-RL) to learn € in a
data-driven way.

3 Randomized Control and RL Formulation

The ART problem has no closed-form solution and its HJB is intractable on the high-dimensional
state space 2 € R?, We therefore introduce a Gaussian randomization of the control as a technical
device that embeds ART into the continuous-time RL framework, enabling actor—critic learning. We
call this approach Adaptive Reparameterized Time via Reinforcement Learning (ART-RL).

3.1 ART-RL: Auxiliary Problem with Gaussian Policies

We model control randomization with a stochastic policy over the time-warping rate 6. Inspired by
entropy-regularized control [43|[11], we consider the Gaussian family indexed by A > 0:

)\)( | taxaw) :N(M(t’x’w)7 |Q(~T/\1/J)|> ’ ©)

where /1 is a measurable deterministic policy and @ is defined in (6)). Let TIY) be the class of such
policies with finite second moments. Since () is proportional to the Euler local-error proxy, the
variance is smaller in stiff regions and larger elsewhere; A controls the overall noise level without
changing the mean. For analysis we assume |Q(z, ¥)| > 0 almost surely on compact intervals; in
practice we use |Q| V ¢ for small £ > 0.

Given a policy 7V € TIWV, let (x”m( t), w“m( ))te[o 7] denote the corresponding state process
which, according to Wang et al. [36]], satisfy

(N)

0 = [0FE 0.0
Vo= [ @) s,
R

(X (N)
™

() (6) dd, (0)=z0~pr,  (10a)

G Yy=0, v"(T) =T, (10b)

The corresponding total-time constraint is fOT Jr 977,5)‘) (6)dOdt = T. The objective function for the
auxiliary problem is

(@9
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where the Lagrange multiplier v € R enforces the total-time constraint and A > 0 is the variance
parameter from (9). The optimal value function is

VO (s,9,0) = max J™ (s,,9). (11)
7N eI

3.2 Relationship between ART and ART-RL

We now establish the relationship between the ART control problem () and the ART-RL auxiliary
problem (TI). By dynamic programming, the optimal value function V for (8) satisfies

Vit sup{ (VT Pla ) + Vi =)0 ~ Qo 03l | = (12
0
with terminal condition V (T, z,¢) = +T.

Moreover, by Wang et al. [36], the optimal value function V) of (TO) satisfies the exploratory HIB:
A
VO 4 supd (VT F(@,0) + VY = 7)p - Qv @?%) =0 (13)
o (VTR 4V == 1@l (1 4 g0 ) )
with terminal condition VN (T, x, ) = (v 4+ A\)T.
The following three results characterize the connection: a value-shift theorem aligning the deter-

ministic and auxiliary HJB equations, followed by sufficiency and necessity theorems that together
establish a two-directional bridge. All proofs can be found in the extended version [14].

Theorem 3.1 (Value function shift). If V is a classical solution of (12)), then
V(L 2,0) = V(L2 v) + M
is a classical solution of (13).

Theorem 3.2 (Sufficiency: deterministic ART optimum lifts to an optimal Gaussian policy). Under
the conditions of Theorem 3.1 define

) - VS F(z, )+ Vy =
w(t, @, 1) = 2|Q(z, ¢ .

Then the Gaussian policy

(A=, = * B —
% ( |t,w7¢>—N(“ G2 9), |Q<x,w>>

is optimal for the auxiliary problem (I1)) subject to the dynamics (10). Furthermore, u* is an optimal
policy for the original problem (8) subject to the dynamics ().

Theorem 3.3 (Necessity: optimal auxiliary policy recovers the ART control). Suppose Theorem[3.1]
holds, |Q(x,v)| > 0, and the policy-gap residual R (t,z, ) = |Q(x, ¢)|(;ﬂm (t,z, ) —
w*(t,2,))? is continuous in (t,x,1)). Let 7)* € TIN) be any Gaussian policy that is optimal for
the auxiliary problem (1)) at every initial pair (s,y, ¢). Then its mean field satisfies

(t,l’,d)) = u*(t,x,ﬁ)) Jfor every (t,xﬂ/}),

where p* is the optimal ART control of Theorem In particular, u’rm’* is also an optimal control
for the original ART problem (B).

2O

Theorems establish a rwo-directional equivalence between ART and ART-RL. Hence the
actor in Section 4| can be parameterized as a Gaussian mean and deployed deterministically, with the
guarantee that any optimal auxiliary policy recovers the ART control through its mean. This bridge
is what makes continuous-time actor—critic learning a principled, rather than heuristic, route to the
deterministic timestep problem.

4 ART-RL Actor-Critic Algorithm

Theorems [3.TH3.3| reduce ART to solving the auxiliary ART-RL problem and guarantee that any
optimal auxiliary policy mean recovers the deterministic ART optimum.



4.1 Algorithm Design

Our algorithm builds on the continuous-time actor—critic framework of Jia and Zhou [16]], adapted to
ART-RL with randomized Gaussian control. We use two neural networks N N7 and N NV« for the
value function and policy mean, and parameterize

Ve _ e A () _ Vo A

Let 67 ~ 4% be a Gaussian control process with corresponding (observable)
+Ya +Ya

state process (a:g (t),?" " (t)). For brevity, in we write (z(t),9(t),0(t) =

(x o a( t), @Z)(’” (t ),07?19“ (t)). By Jia and Zhou [16]], V< and 7« satisfy the coupled moment

conditions

T 19(3 x A
| [ SO (a9 (0. 010) - (@0 0)IBO? + (0 a)| =0,
T 0log 7% (O(t) | t,z,1) [ . 2 _
o[ COILL DD (a7 o), 0(0) — QL) w(0) 00 +0(0) )] o

These are standard moment conditions in RL [33| [9]; the parameters J. and ¢}, are updated by
stochastic approximation.

4.2 TImplementable ART-RL Algorithm

At iteration n, a trajectory (z,,, ¥y, 0,,) is generated under the current policy 77~ on a uniform grid
0=ty < -+ <tg =T with At = T'/K, and parameters are updated with learning rate a,, > 0.
Writing Vkﬂ“’" := Ve (tg, 2 (tk), ¥n(tr)) and applying stochastic approximation with Riemann
discretization to the moment conditions (I3) gives, with D,, j, := Vkﬁfl" — Vﬂ” "= YO (tr) At —
|Q (2, (t1), ¥ (tr))|0n (tr )% At, the critic and actor updates

-1
ONNYen
ﬁrn 19('71 mn 7t7 nt’; nt Dn.a 16
1 ,+al;‘) 39 (ths T (th), U () Do (16a)
810g Ty, Ya, " (On(tr))
ﬁan ﬁan n Dn 3 16b
nt1 < Van +a kZ:O a0, k (16b)
where 7 7Tt (0) lan (0 | tk,xn( k), ¥n(tx)). The Lagrange multiplier is updated by v, 11
Yn + an( n( ) where 1, (T") = ¥, (t k). The full procedure is summarized in Algorithm

Algorithm 1 Time-discretized ART-RL Actor-Critic

forn =1to N do
Setk =0,t =t = 0, initialize (z,,(t9), Y¥n(to))
while t < T do
Sample control 8,,(t;,) from the Gaussian policy (14)
Update the states by the ART dynamics (@)
Increment time: ¢ =t + Atk k+1
end while
Collect trajectory {(tx, zn (tr), ¥n(tr),
Update critic and actor parameters via l[[ﬂi and @
Update the Lagrange multiplier v,,+1
end for

S Numerical Experiments

We evaluate ART-RL in a one-dimensional known-score setting and in image-generation experiments
using the official EDM pipeline [[18]. Across CIFAR-10, AFHQv2, FFHQ, and ImageNet, the score



—e— Uniform  —s— DPM EDM  —¢— ART-RL

(a) 1D known score (b) CIFAR-10 Euler (c) CIFAR-10 Heun
C

log-scale W2 error
s
log-scale FID
g
[y

log-scale FID

<

NFE

(d) CIFAR-10 transfer over NFE (e) AFHQv2 transfer (f) FFHQ transfer (g) ImageNet transfer
n

3

U
2

log-scale FID
5
log-scale FID
S
log-scale FID
)

10 20 30 40 10 20 30 10 20 30 10 20 30
NFE NFE NFE NFE

Figure 1: Quantitative overview: ART-RL Pareto-dominates Uniform, DPM-logSNR, and EDM on
CIFAR-10 across NFE budgets, and the same distilled grid retains the advantage on AFHQv2, FFHQ,
and ImageNet without retraining. DPM-logSNR is the DPM-Solver uniform log-SNR grid.

model, solver, and EDM implementation are kept fixed and only the timesteps are replaced. We
compare Uniform, the DPM-Solver log-SNR grid, EDM timesteps, and ART-RL, reporting W5 on the
1D problem and FID vs. NFE on images; on CIFAR-10 we additionally include AYS [28]]. Additional
experimental details and results are in the extended version [14].

5.1 One-Dimensional Example with Analytical Score

We first consider a one-dimensional example where the score function is analytical in closed form;
hence every performance difference comes from the timestep schedule rather than score-estimation
error. The forward process starts from py = N/(0, 1) and follows dz(t) = v/2t dw(t) over T' = 3, so
x(t) ~ N(0,1 +t%), pr = N(0,10), and S(¢,x) = —z/(1 + t?). Substituting this score into (3]
and (@) gives F(z, ) = —(T' = ¢)a/(1+ (T —)?) and Q(z,¥)) = z/(1 + (T — ¢)*)*.

This controlled setting separates learned from hand-designed schedules: EDM and DPM-logSNR are
strong but fixed analytic prescriptions, whereas ART-RL learns the time allocation from the objective.
In Figure |I|-(a), ART-RL lowers W across all tested K; for example, at K = 10, ART-RL obtains
.079 versus .177 (EDM) and .211 (DPM-logSNR), and at K = 100, .013 versus .023 and .027.

Distillation diagnostic. Training trajectories concentrate tightly around a smooth mean control, so
the stochastic policy can be distilled into a deterministic time-only grid, with two practical benefits.
First, distillation removes the per-step cost of actor and @) evaluations, so ART-RL sampling requires
no extra computation beyond standard schemes such as Uniform or EDM. Second, it eliminates
the residual ¢/(T") overshoot/undershoot that occurs when 6 is produced by a neural-network actor:
normalizing the deterministic increments to sum exactly to 7" guarantees the induced grid hits the
terminal time precisely, improving the numerical fidelity of the discretized probability flow ODE.

5.2 CIFAR-10 under the EDM Pipeline

We first run a solver-aligned Euler ablation to verify the objective—sampler alignment. ART-RL
improves FID over Uniform, DPM-logSNR, and EDM across all Euler budgets; for example, at
NFE = 30 it attains 3.46 versus 3.95 (DPM-logSNR), 4.21 (EDM), and 85.83 (Uniform).

We report the main image results with the default Heun solver. Heun is the sampler used in the official
EDM pipeline and a 2nd-order Runge—Kutta method (one order higher than Euler), which makes it
both the standard choice for modern low-NFE deterministic diffusion sampling and the configuration
in which EDM reports its strongest FID; running under Heun therefore tests ART-RL against the
strongest baseline setup. Although our training surrogate is Euler-based, we assess transfer of the
Euler-trained schedule under Heun empirically below. We test K € {2,5, 7,10, 18} with Euler only



for the final step update, matching the EDM implementation and giving NFE = 2K — 1. Table[]
shows that ART-RL attains the lowest FID across all baselines. The improvement is most pronounced
at small and moderate budgets, and remains present at the largest-budget setting where EDM reported
its strongest performance: at NFE = 35, ART-RL obtains 1.82, compared with 1.85 for EDM and
1.89 for DPM-logSNR.

Table 1: CIFAR-10 FID vs. NFE. DPM-logSNR and EDM use fixed analytic schedules, whereas
AYS is an optimized fixed reference schedule. At NFE = 3, all three use the same boundary noise
levels and therefore yield the same FID; ART-RL instead learns its schedule from data.

NFE 3 9 13 19 35
Uniform 280.29 213.13 191.69 168.87 118.02
AYS 465.83 15729  86.82  35.30 3.60
DPM-logSNR  465.83  52.29 8.67 2.76 1.89
EDM 465.83  35.54 6.79 2.54 1.85
ART-RL 152.86  32.13 5.44 245 1.82

Visual comparisons corroborate the table: at very small budgets ART-RL already produces recogniz-
able objects while EDM and DPM-logSNR remain close to noise.

Statistical significance. At NFE = 35, three matched 50,000-sample runs give ART-RL FIDs
1.82,1.79,1.82 versus EDM FIDs 1.85,1.83,1.85; ART-RL’s worst run beats EDM’s best. For
context, the ART-RL vs. EDM gaps on CIFAR-10 are 313, 3.4, and 1.35 at NFE = 3,9, 13,
respectively; these selected gaps are larger than the seed-to-seed 50k-sample FID standard deviation
reported by EDM (= 0.02-0.05).

5.3 Generalization of the ART-RL Time Schedule

The ART-RL schedule is learned once on CIFAR-10 (1-2 hours on a Colab T4, offline), distilled
to a fixed grid, and reused across timestep counts and datasets without retraining. After distillation,
inference uses only the precomputed grid, just as Uniform, DPM-logSNR, and EDM do. For the
transfer studies below we focus on the strongest baselines (DPM-logSNR and EDM); Uniform and
AYS are omitted since both are substantially weaker in the matched CIFAR-10 evaluation (Table[T).

5.3.1 Robustness Across Time Grids via Interpolation and Extrapolation

To test reuse across timestep counts, we take the ART-RL schedule learned on CIFAR-10 at K = 18
and construct new grids for K € {4,9,12, 15,20} by log-linear interpolation and extrapolation;
EDM and DPM-logSNR use their analytic timestep sequences.

Table 2: CIFAR-10 interpolation/extrapolation FID.

NFE 7 17 23 29 39
DPM-logSNR  185.63 3.52 219 194 1.88
EDM 85.80 3.11 2.06 188 1.85
ART-RL 33.73 257 200 1.84 1.82

Table [2] shows ART-RL preserves the Section [5.2] hierarchy across interpolated and extrapolated
counts.

5.3.2 Cross-Dataset Transfer: AFHQv2, FFHQ, and ImageNet

We plug the CIFAR-10 ART-RL schedule into the official EDM checkpoints for AFHQv2, FFHQ,
and ImageNet, testing a drop-in replacement without dataset-specific retraining.
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Figure 2: ImageNet samples across NFEs.

Table 3: Cross-dataset FID using the CIFAR-10 ART-RL schedule.

Dataset Method 3 9 13 19 35
DPM-logSNR 375.76 67.64 9.77 3.44 2.15
AFHQv2 EDM 375.76  27.88 7.56 299 2.11
ART-RL 24348 2048 6.12 2.85 2.07
DPM-logSNR 466.76 113.87 1594 5.25 2.66
FFHQ EDM 466.76 57.13 15.87 5.26 2.73
ART-RL 305.97 35.73 11.08 4.31 2.57
DPM-logSNR 437.42 60.48 12.31 4.46 2.66
ImageNet EDM 43742 3532 8.18 3.68 2.57
ART-RL 147.21 29.49 7.01 3.62 2.56

ART-RL improves over EDM and DPM-logSNR at low and moderate NFEs across all three datasets
(Figure 2] and further visual comparisons in Huang et al. [14]), confirming a reusable rather than
dataset-specific parameterization.

6 Conclusions

We introduced ART for timestep allocation in score-based diffusion models. Its main modeling step
is to replace direct grid selection by a continuous time change whose rate is a learnable control that
redistributes computation under a fixed time budget. ART-RL solves this control problem through an
auxiliary randomized formulation: sufficiency and necessity theorems show that the deterministic
ART optimum and the mean of any optimal Gaussian auxiliary policy coincide, making actor—critic
learning a principled route to a deterministic schedule. Empirically, within matched EDM samplers,
the distilled ART-RL grid improves FID over Uniform, DPM-logSNR, and EDM on CIFAR-10,
generalizes across step counts, and transfers without retraining to AFHQv2, FFHQ, and ImageNet as
a drop-in time grid with no inference overhead.

Future directions include extending ART to stochastic samplers, designing higher-order or solver-
aware error surrogates, and identifying settings where state-dependent schedules improve over
distilled time-only grids. More broadly, adaptive time reparameterization for diffusion sampling
remains nascent, and ART with ART-RL offers a control-theoretic starting point for systematic
schedule design in generative diffusion models.
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