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Abstract

Weighted sampling—sampling from a probability density
function (PDF) proportional to the product of a base PDF
and a weight function—is a fundamental technique with
wide-ranging applications in variance reduction, biased
sampling, data augmentation, and more. Leveraging the
increasing availability of pretrained score-based genera-
tive models (SGMs), we propose a training-free weighted
sampling framework that approximates the backward dif-
fusion process of the target distribution by augmenting the
pretrained base score function with an auxiliary guidance
term, in a principled and computationally efficient manner.
Our approach builds on two key components: a lightweight
approximation of the guidance that avoids costly higher-
order derivatives of both the score and weight functions,
and an uncertainty-aware scheduler that dynamically ad-
justs the guidance strength based on a temporal analysis
of approximation error. Together, these components enable
accurate and stable sampling without relying on particle-
based resampling or Hessian evaluations commonly re-
quired by existing methods. We validate the effectiveness
of our method from synthetic to large-scale settings such as
Stable Diffusion XL, where our framework achieves 1.2→ to
4.7→ speedups while consistently matching or outperform-
ing state-of-the-art baselines in task performance. These
results position our method as a scalable and inference-
efficient solution for task-adaptive, time-sensitive sampling
in generative applications.

1. Introduction
Score-based Generative Models (SGMs) have demonstrated
the ability to sample from high-dimensional distribu-
tions [1–3], with applications spanning image [4, 5], au-
dio [6, 7], and industrial environment modeling [8, 9]. In
many practical settings, weighted sampling of the learned
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distribution of SGMs—achieved by reweighting the density
function using a weight function—is essential for a vari-
ety of objectives, including variance reduction in estima-
tion, data augmentation, selective feature analysis, reward-
based sampling, and addressing bias and fairness consider-
ations [10–13].

Formally, the weighted sampling problem is defined as
follows: consider a Probability Density Function (PDF) p
over the domain Rd of the random vector Xp, and weight
function w : Rd ↑↓ R+ where R+ denotes the set of posi-
tive real values. The concept of weighted sampling entails
drawing samples from a modified PDF q, whose PDF is pro-
portional to the product of the weight function w and the
original PDF p as q(x) = w(x)p(x)∫

w(x)p(x) dx
.

While supporting a wide range of task-specific functions
w(x) is desirable, retraining a large-scale generative model
for each target distribution q, or fine-tuning it accordingly,
is computationally infeasible in practice. To mitigate this
challenge, recent efforts have explored leveraging the pre-
trained score function of an existing SGM to approximate
the generation process under q(x)—a technique broadly re-
ferred to as guidance [14–16]. This approach circumvents
the need for costly task-specific retraining, making it attrac-
tive for real-world deployment.

However, existing guidance-based methods often ex-
hibit limited fidelity in approximating the score function of
the reweighted distribution q, resulting in degraded sample
quality or unstable generation dynamics [17, 18]. To over-
come these limitations, state-of-the-art approaches have
introduced advanced inference-time mechanisms such as
time-travel resampling which involves repeatedly resam-
pling intermediate latent states, typically aligned with se-
mantically meaningful generative phases [14], or particle-
based resampling schemes [18, 19], which maintain a di-
verse set of candidate samples and adaptively reweight and
resample them during inference. While these techniques
can substantially improve sampling fidelity, they introduce
additional computational overhead due to increased mem-
ory usage and repeated score evaluations, limiting their ap-
plicability in computation- and latency-sensitive applica-
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tions.
In this work, we address two core challenges in SGM-

based weighted sampling: (i) accurately approximating the
score function of the target distribution q, and (ii) achieving
efficient, real-time generation with minimal computational
overhead. To this end, our method offers both principled
theoretical foundations and empirically validated improve-
ments over existing techniques. Our contributions are sum-
marized as follows.

Algorithmic Design and Theoretical Development. We
propose a two-stage design for training-free weighted sam-
pling using pretrained SGMs. In the first stage, we derive a
lightweight approximation of the guidance term that steers
the diffusion trajectory of the base SGM toward that of the
target sampling density. This approximation avoids second-
order derivatives of both the weight function and the base
score function, thereby eliminating the need for costly Hes-
sian computations. This is particularly valuable for large
pretrained diffusion models, where differentiation is expen-
sive. In the second stage, we analyze the time-dependent
approximation error and introduce a principled scheduler
that dynamically adjusts the guidance strength to reduce
correction errors. Together, these components yield effi-
cient and effective sampling.

Empirical Evaluation and Performance Superiority.
We conduct comprehensive empirical studies across a range
of challenging settings, including sampling in multimodal
base distributions, weighting with neural network-based ob-
jectives, and high-dimensional generation tasks. The results
demonstrate that our method consistently achieves superior
task performance while reducing computational costs. No-
tably, we observe up to a 4.7→ speedup along with superior
performance across diverse metrics and tasks compared to
existing state-of-the-art methods.

2. Background on SGMs
Score-based generative modeling aims to learn the score
function ↔x log q(x) of a target data distribution using a
parameterized model, typically a neural network. A key in-
novation in SGM is to learn the score function of noise-
perturbed data rather than the original distribution directly.
This enables generative modeling via a backward Stochas-
tic Differential Equation (SDE) and improves training and
inference stability [3]. Consider the following continuous-
time diffusion process.

dXq
t = f(Xq

t , t) dt+ ω(t) dWt, (1)

where Xq
0 ↗ q is the data variable at diffusion time t = 0,

and qt(x) denotes the marginal density of Xq
t induced by

the forward SDE (i.e., Xq
t is obtained by evolving Xq

0 for
time t under equation 1).

When the score function ↔x log qt(x) is known, this
framework enables sampling of Xq

0 that follows PDF q0 = q

via a corresponding backward SDE [20] which is given by

dXq
t = b1(X

q
t , t) dt+ ω(t) dW̃t, where (2)

b1(x, t) = f(x, t)↘ ω(t)2↔x log qt(x) (3)

with Xq
t ↗ qt and dW̃t denoting the Brownian motion as-

sociated with the reverse-time process.
For instance, given an initial sample Xq

T ↗ qT (x),
and running the backward SDE (2) yields a sample Xq

0

from the distribution q0. Typically, for sufficiently large
values of T , a realization xT can be initialized as Gaus-
sian noise. Following convention [1, 21–23], we consider
the following drift and diffusion coefficients: f(x, t) =
↘ 1

2ε(t)x and ω(t) =
√
ε(t) where ε(t) is a predefined

scalar-valued continuous function such that 0 ≃ ε(t) ≃ 1.
Here, in defining ω(t) and f(x, t), we apply a slight abuse
of notation: the scalar-vector multiplication in this context
represents the elementwise multiplication of the vector by
the scalar.

In modern practice, many pretrained SGMs are pub-
licly available and provide accurate realizations of the score
function of the base density, ↔x log pt(x). Here pt(x) is the
marginal distribution of Xp

t which is modeled by the same
SDE dynamics as in (1) but with a different initial condition
as

dXp
t = ↘1

2
ε(t)Xp

t dt+
√

ε(t) dWt, Xp
0 ↗ p0. (4)

Throughout this work, we assume access to such a pre-
trained base SGM, ↔x log pt(x), and focus on efficiently
approximating the score function of the weighted sampling
density qt, without any additional training or fine-tuning of
the given model.

3. Efficient Weighted Sampling via SGM
The objective of this work is to construct an efficient and
practical approximation of the score function ↔x log qt(x)
where q0(x) ⇐ w(x)p0(x), by leveraging only known
quantities based on the following decomposition:

↔x log qt(x) = ↔x log pt(x) + g(x, t) (5)
⇒ ↔x log pt(x) + g̃(x, t) (6)

where g(x, t) denotes the ground-truth guidance term, i.e.,
the direction required to adjust the base score ↔x log pt(x)
to match the score of the weighted sampling density qt.
Our goal is to approximate g(x, t) with a computationally
lightweight, tractable surrogate g̃(x, t), thereby obtaining
an efficient estimate of the target score function.
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Existing methods [14, 16, 19] can be adapted to ap-
proximate the guidance term. However, they often rely on
computationally intensive procedures such as differentia-
tion of pretrained score models and/or repeated resampling
steps. These approaches, while effective, introduce sig-
nificant runtime overhead—especially when deployed with
large-scale SGMs.

Design Overview. To address the limitations of prior ap-
proaches, our method consists of two key components:
(i) Lightweight Approximation. We derive a first-order ap-
proximation of the guidance term g, avoiding second-order
derivatives of both the base density pt and the weight func-
tion w. This makes our method well-suited for large-scale
pretrained SGMs, where Hessian-based methods are com-
putationally expensive. (ii) Uncertainty-Adaptive Guidance
Scheduling. We analyze the temporal evolution of the ap-
proximation uncertainty, quantifying the confidence in the
approximation at each diffusion timestep. Based on this
analysis, we propose a dynamic scheduler that modulates
the strength of the approximated guidance term during sam-
pling. By downweighting uncertain guidance and empha-
sizing reliable estimates, the scheduler improves the overall
quality of the sampled distribution and enhances robustness.

Together, these components form the basis of our
proposed method, Lightweight Approximation with
uncertainty-adaptive Guidance Scheduling (LAGS), en-
abling fast and accurate sampling without the need for
retraining or fine-tuning.

3.1. The First-order Approximation of Weighted
Sampling Score Function

Connection to Noise-Perturbed Base and Weighted
Sampling Densities. We begin by examining the form of
the weighted sampling distribution for the noise-perturbed
samples, qt(x), under the SDE defined in (1). Consider
the transition probability density function G : Rd → Rd →
[0, T ] ↑↓ R+, also referred to as the Green’s function or
fundamental solution of the SDE [24–26]. This function
represents the probability density of the process transition-
ing from the given initial state Xq

0=y to the state x at time
t. Specifically, G(x,y, t) denotes the conditional probabil-
ity density of transitioning from y to x over time t. Using
this Green’s function, we can express qt(x) as

qt(x)=

∫
G(x,y, t)q0(y)dy=

1

Z0

∫
G(x,y, t)w(y)p0(y)dy

(7)

where q0 = q, p0 = p, and Z0 is the normalization constant,
Z0 =

∫
w(x)p(x) dx.

To further investigate the relationship between qt and
pt, it should be noted that the corresponding Green’s func-
tion for SDE in (4) is also G in (7), thereby the distribu-

tion of Xp at time t, denoted by pt, is given as pt(x) =∫
G(x,y, t)p0(y) dy. We then have

qt(x) =
pt(x)

Z0

∫
w(y)G(x,y, t)

p0(y)

pt(x)
dy

=
pt(x)

Z0
EXp

0→pX
p
0 |Xp

t
(·|x)[w(X

p
0)] (8)

where pXp
0 |X

p
t
(·|x) is the conditional PDF of the initial state

Xp
0 for a given state Xp

t = x at t under the corresponding
SDE of Xp

t . Based on this, we can observe that qt can be
represented in terms of pt and w as shown in (8), which im-
plies that the score function of the weighted sampling den-
sity can be represented as

↔xlog qt(x) = ↔xlog pt(x) + g(x, t) where
g(x, t) := ↔xlogEXp

0→pX
p
0 |Xp

t
(·|x)[w(X

p
0)]. (9)

Taylor Approximation. While Eq. (9) provides an ex-
act decomposition, the term g(x, t) is generally intractable.
To address this, we apply a first-order Taylor expan-
sion of w(Xp

0) about its conditional mean, x̄↑
0|x,t :=

E[Xp
0|X

p
t = x], which gives us w(Xp

0) ⇒ w(x̄↑
0|x,t) +

↔w(x̄↑
0|x,t)↓(X

p
0 ↘ x̄↑

0|x,t) and

g(x, t) := ↔x logEXp
0→pX

p
0 |Xp

t
(·|x)[w(X

p
0)]

⇒ ↔x logw(x̄
↑
0|x,t). (10)

The conditional mean of the initial state for a given x at t
can be obtained through the Tweedie’s approach ([16, 27,
28]) as x̄↑

0|x,t = 1⇑
ω̄(t)

(x+(1↘ ϑ̄(t))↔x log pt(x)) where

ϑ̄(t) = exp(↘
∫ t
0 ε(s) ds). Importantly, the representation

in (10) can be interpreted from a probabilistic perspective
by considering an event E and a random variable Z that
satisfy p(Z ⇓ E | x) ⇐ w(x). Under this formulation, the
approximation in (10) is equivalent to applying the posterior
sampling and the denoising Tweedie mean technique [16].
See Appendix B.4 for details.

Finite-Difference Approximation for Hessian-Vector
Multiplication. Given that we now have a tractable form
for ↔x logw(x̄↑

0|x,t), we can apply the chain rule to repre-
sent ↔x logw(x̄↑

0|x,t) as follows.

↔x logw(x̄
↑
0|x,t)

=
(I+ (1↘ ϑ̄(t))Hlog pt(x))

↓
√
ϑ̄(t)

↔x̄→
0|x,t

logw(x̄↑
0|x,t)

(11)

where Hlog pt(x) is the Hessian matrix of log pt(x), which
can be computationally demanding in practice, particularly
when the pre-trained score function is implemented as a
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high-capacity model. Since Hlog pt(x) = ↔2
x log pt(x) is

symmetric, the transpose can be dropped. To enhance the
practicality of our approach, we propose approximating the
Hessian matrix-vector multiplication in (11) by directional
derivative approximation using finite differences with a suf-
ficiently small ϖ > 0 as

↔x log pt(x) + ϖHlog pt(x)↔x̄→
0|x,t

logw(x̄↑
0|x,t)

⇒ ↔x log pt(x+ ϖ↔x̄→
0|x,t

logw(x̄↑
0|x,t)). (12)

Substituting (12) into the score decomposition (10)
yields the following first-order approximation of the guid-
ance term g(x, t) ⇒ g̃

(1)(x, t):

g̃
(1)(x, t) :=

↔x̄→
0|x,t

logw(x̄↑
0|x,t)√

ϑ̄(t)
+

↔x log pt(x+ ϖ↔x̄→
0|x,t

logw(x̄↑
0|x,t))↘↔x log pt(x)

ϖ(1↘ ϑ̄(t))↔1
√

ϑ̄(t)
.

(13)

Note that the score approximation in (13) does not in-
volve any second-order derivatives of the base density p or
the weight function w. This property is particularly valuable
when performing weighted sampling with large-scale diffu-
sion models, where computing second-order derivatives of
the score model is often prohibitive.

3.2. Approximation Accuracy
We now analyze the accuracy of the approximation g̃

(1),
which later will drive the design of a new approximation
g̃, presented in Sec. 3.3, that incorporates an uncertainty-
aware, time-dependent scheduling policy. In particular, we
establish Theorem 1 providing an upper bound on the Eu-
clidean norm discrepancy between the approximation and
the true guidance, with a detailed proof provided in Ap-
pendix B.

Assumption 1. (Bounded w and its derivatives) For all
x ⇓ Rd, we have w(x) ⇔ m for some m > 0 and
↖↔x logw(x)↖ ≃ ϱ. Moreover, w is twice differentiable
and its Hessian is uniformly bounded as ↖Hw(z)↖ ≃ ϱ2 for
all z ⇓ Rd, where Hw(x) is the Hessian matrix of w(x).

Assumption 1 ensures that w is bounded away from zero
and its norm of log-gradient and Hessian are uniformly
bounded.

Assumption 2. (Bounded log PDF derivatives) Suppose
that supp(p0) is contained in a bounded set, i.e., ↖y↖ ≃ B

for all y ⇓ supp(p0). For all x ⇓ Rd, y ⇓ supp(p0),
and t ⇓ [0, T ], we have ↖↔x log pXp

0 |X
p
t
(y|x)↖ ≃ ςt,

↖Hlog pt(x)↖ ≃ φt, and ↖Hlog pt(x) ↘ Hlog pt(y)↖ ≃
Lt↖x↘ y↖.

The bounded norm of the score function and Hessian of
the log-likelihood are standard assumptions in the analysis
of SGMs [29–32]. The compact support condition is mild
in practice, as data distributions such as images are inher-
ently bounded (e.g., pixel values in [0, 1]d). Under the vari-
ance preserving (VP) SDE, the conditional score is bounded
whenever y lies in a compact set. We additionally assume
Lipschitz continuity of the Hessian.

Theorem 1. (Approximation gap) Suppose Assump-
tions 1–2 hold. Then, for all x ⇓ Rd and t ⇓ [0, T ], and
for any ϖ > 0, the deviation between the true guidance
term g(x, t) and the approximation g̃

(1)(x, t), denoted by
!(1)(x, t), is upper-bounded as follows.

!(1)(x, t)=g(x, t)↘g̃
(1)(x, t) and ↖!(1)(x, t)↖≃u(x, t),

where u(x, t) :=
(1↘ ϑ̄(t))Ltϱ

2
ϖ

2
√
ϑ̄(t)

+
(ςtϱ2
2m

+

(
1 + (1↘ ϑ̄(t))φt

)
ϱϱ2

2m
√
ϑ̄(t)

)
E
[
↖Xp

0 ↘ x̄↑
0|x,t↖2|X

p
t =x

]
.

(14)

Remark 1 (Bounded approximation gap by variance). The
norm discrepancy between the true guidance term g(x, t)
and its approximation g̃

(1)(x, t) is bounded in terms of ϑ̄(t)
and E

[
↖Xp

0 ↘ x̄↑
0|x,t↖2|X

p
t = x

]
, which is the trace of the

covariance matrix of Xp
0 whose PDF is conditioned on the

observation x at t. As t ↓ 0, this conditional variance
converges to zero, resulting in the second term of u(x, t)
vanishing, making the gap negligible. Additionally, the first
term also vanishes as ϑ̄(t) ↓ 1, provided Lt, ςt, φt remain
bounded as t ↓ 0—a mild condition satisfied by common
noise schedules.

3.3. Uncertainty-Adaptive Scheduling

Theorem 1 and Remark 1 show that the approximation error
decreases as t ↓ 0, i.e., toward the end of the reverse-time
sampling trajectory, which explains why early reverse steps
are more unstable. This behavior aligns with prior obser-
vations in various existing methods for image generation,
where early-stage instability has led to resampling heuris-
tics or manually tuned guidance strengths [14, 19]. How-
ever, such approaches may incur significant computational
cost, particularly in high-dimensional settings.

To address this issue systematically, we propose a time-
dependent function ↼ : [0, T ] ↓ [0, 1] that modulates
the contribution of the guidance term g̃

(1) in the approx-
imated score function as ↔x log qt(x) ⇒ ↔x log pt(x) +
↼(t)g̃(1)(x, t). That is, we consider the form of g̃(x, t) =
↼(t)g̃(1)(x, t). The magnitude of ↼(t) is selected to mini-
mize the mean squared error between the true score function
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and the approximation

r(t; ↼) = E[↖↔Xq
t
log qt(X

q
t )

↘↔Xq
t
log pt(X

q
t )↘ ↼(t)g̃(1)(Xq

t , t)↖2], (15)

where the expectation is taken over Xq
t ↗ qt, the

state at time t under the weighted sampling diffu-
sion process. By Theorem 1, the approximation error
!(1)(x, t) is controlled by the conditional variance term
E
[
↖Xp

0 ↘ E[Xp
0 | Xp

t ]↖2 | Xp
t = x

]
, which admits a deter-

ministic upper bound expressible as a finite sum of (1↔ω̄(t))i

ω̄(t)j

terms under the VP SDE (see Appendix B.2). We then have
the following Proposition 1 with a detailed proof provided
in Appendix B.2.

Assumption 3. (Simplifying orthogonality condi-
tion) The approximation error !(1)(x, t) satisfies
E[!(1)(Xq

t , t)] = 0 and is uncorrelated with g, i.e.,
E[g(Xq

t , t)
↓!(1)(Xq

t , t)] = 0. This is adopted for analyti-
cal tractability; see Remark 2 for an alternative without this
assumption.

Proposition 1 (Uncertainty-Adaptive Scheduling). Sup-
pose that Assumptions 1–3 hold. Then, there exists a deter-
ministic upper envelope r↑(t; ↼) such that r(t; ↼) ≃ r

↑(t; ↼),
where r

↑(t; ↼) = (c1 +
∑

(i,j)↗I c(i,j) · (1↔ω̄(t))i

ω̄(t)j )↼(t)2 ↘
2c1↼(t) + c1 with constants c1 > 0, c(i,j) ⇔ 0 and a finite
index set I ↙ R>0 → R↘0. When c1 > 0, the minimizer
↼
≃(t) of r↑(t; ↼) is given as

↼
≃(t)=argmin

ε
r
↑(t; ↼)=



1+
∑

(i,j)↗I

c(i,j)

c1
· (1↘ ϑ̄(t))i

ϑ̄(t)j




↔1

.

(16)

Remark 2 (Increasing Confidence and Practical Scheduler
Design). To minimize r

↑(t; ↼), which is the upper bound
of the score function gap (15), the corresponding optimal
scheduling function ↼

≃(t) is given by (16). Note that as
t ↓ 0, ϑ̄(t) ↓ 1 thereby ↼

≃(t) converges to 1. This be-
havior is expected since the uncertainty u(x, t) in Theo-
rem 1 vanishes as t ↓ 0, reflecting that the guidance ap-
proximation error becomes negligible towards the end of
the diffusion process and thus justifying full reliance on
the approximation. Although computing ↼(t) exactly re-
quires access to unknown problem-specific quantities (see
Appendix B.2), each term of the form (1↔ω̄(t))i

ω̄(t)j vanishes
at t ↓ 0 and increases monotonically with t. This moti-
vates a practical single-parameter approximation ↼

≃(t) ⇒(
1 + c(1↘ ϑ̄(t))2/ϑ̄(t)2

)↔1
, where c > 0 is a tunable con-

stant. This approximation implies that ↼≃(t) is monotone
decreasing in the forward diffusion time t (and hence in-
creasing along the reverse-time sampling direction), for any
positive variance schedule ε(t), offering a simple and effec-
tive control mechanism.

Without Assumption 3, minimizing a tractable upper
bound of equation (15) yields a hard gating scheduler
↼
≃(t) ⇓ {0, 1} (a step function in t; see Appendix B.2).

For empirical evaluation of different choices of c and the
approximation form ↼

≃, see our ablation study in Appendix
C.2.

Relation to Existing Methods. Our scheduler parallels
heuristic strategies such as guidance learning rate con-
trol [14] and tempering [19], but derives directly from un-
certainty analysis with a single tunable parameter, general-
izing well across tasks and SGMs.

Finally, combining g̃
(1)(x, t) in (13) and the parameter-

ized ↼(t) in Remark 2, we suggest using the following ap-
proximated score function for weighted sampling backward
diffusion process with only two predefined hyperparameters
ϖ and c as follows.

↔x log qt(x) ⇒ ↔x log pt(x) + g̃(x, t) where

g̃(x, t) =
ϑ̄(t)2

ϑ̄(t)2 + c(1↘ ϑ̄(t))2
g̃
(1)(x, t). (17)

Remark 3 (Training-Free Weighted Sampling). The pro-
posed approximation form in (17) demonstrates that, for
a given score function ↔x log pt(x) and weight function
w(x), weighted sampling can be approximated without ad-
ditional training. This presents a substantial advantage
over existing diffusion model fine-tuning methods or cross-
entropy methods for weighted sampling, which require
learning the density of q through training for each specific
w.

Remark 4 (High Scalability and Computational Effi-
ciency). The additional computational cost introduced by
our approach, compared to the base score-based sampling,
is minimal. Calculating x̄↑

0|x,t involves only a linear trans-
formation of x and the precomputed score function. Aside
from this negligible cost, the potential overhead is the com-
putation of ↔x̄→

0|x,t
logw(x̄↑

0|x,t) in (13). This is efficiently
achieved with a single gradient backpropagation step on w

with respect to the realization x̄↑
0|x,t and one inference step

of the score function, i.e., evaluating ↔x log pt(x + ϖ!)
in addition to ↔x log pt(x). Overall, this additional cost is
significantly less demanding than methods requiring high-
order derivatives of densities or resampling.

4. Experiments
We conducted comprehensive experiments to evaluate
LAGS across a range of tasks. Specifically, we aimed to:
(i) assess its ability to approximate complex target dis-
tributions, especially multimodal structures and exponen-
tial behavior weights; (ii) demonstrate its effectiveness on
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Figure 1. Left to Right: Base distribution, target distribution, and estimated sample densities. Wasserstein Distance and runtime (in
seconds) are reported for DPS, FreeDoM, DAS, and LAGS (ours). Our method achieves the lowest Wasserstein Distance (WD) and fastest
runtime.

high-dimensional weighted sampling tasks; (iii) quantify
the computational efficiency gains enabled by our method.

Across various settings, our method consistently
achieves the lowest Wasserstein Distance to the target dis-
tribution or yields the highest average weights. Especially
in high-dimensional scenarios, it delivers a roughly 4.7→
speedup over prior state-of-the-art methods while maintain-
ing or improving task performance.

Baselines. We compare our approach against the follow-
ing representative training-free SGM guidance methods.
DPS [16], originally designed for inverse problems, can
be adapted for weighted sampling by leveraging its denois-
ing mean estimator. FreeDoM [14], which stabilizes the
reverse-time SDE sampling via a time-travel strategy; DAS
[19], which uses sequential Monte Carlo with adaptive par-
ticle weighting, and has shown good performance on tasks
involving high-modality base distributions. We also tested a
single-particle version of DAS requiring less computational
power for comparison. Pretrained SGMs such as [33, 34]
are also utilized as baselines.

4.1. Training-Free Weighted Sampling over Multi-
modal Densities

Setup. We evaluate the proposed method on a 2D
weighted sampling task in which the base distribution is a
mixture of 25 Gaussians (Fig. 1 (i)), and the weight concen-
trates along a heart-shaped manifold, defining a structured
target distribution (Fig. 1 (ii)). Implementation details are
provided in Appendix C.1. The task is analytically well-
defined, enabling quantitative evaluation via the Wasser-
stein Distance (WD) between the generated samples and
the ground-truth target distribution. We report both WD and
wall-clock time required to generate 104 samples along with
the generated samples by each algorithm in Fig. 1 (iii)–(vi).

Results. As shown in Fig. 1, our method (LAGS) achieves
both the lowest WD and fastest runtime. It generates all
samples in 0.33 seconds without computing any second-
order derivatives or resampling. In contrast, baselines such
as FreeDoM and DAS incur higher computational cost due

to iterative refinement or generating particles for sequential
Monte Carlo methods.

FreeDoM provides broad coverage but often produces
samples outside the support of the target distribution (where
q(x) ⇒ 0). DAS improves precision by concentrating on
high-density regions, but this comes at substantial compu-
tational expense. Our method achieves both high coverage
and high precision, accurately approximating the support of
q(x) with markedly improved efficiency. We provide addi-
tional examples in Appendix C.1.

4.2. Application to Training-Free Text-to-Image
Alignment with Human Preference Scores

We further evaluated our method on high-dimensional gen-
erative tasks, focusing on text-to-image synthesis guided by
human preference scores. In this setting, the base SGM
is a prompt-conditioned image generator, and the weight
function w(x) corresponds to a predefined human prefer-
ence score for a given text-image pair. The objective is
to maximize the expected preference score—i.e., average
weight—by prioritizing samples that are better aligned with
human preference. Such scenarios demand both high align-
ment accuracy and computational efficiency, as they di-
rectly impact user experience and system scalability in real-
world deployments.

Limitations of the experimental scope. We focus on
training-free guidance with a target weight function, dis-
tinct from approaches based on text embedding manipula-
tion [35], model fine-tuning [36], or Large Language Mod-
els [37]. For fairness, we restrict comparisons to training-
free guidance methods.

Setup, Metrics, and Fairness. We follow the evalua-
tion protocol where w(x) is defined via PickScore [38], a
learned alignment metric trained from human preferences.
All methods use the same pretrained SGMs—Stable Diffu-
sion (SD) [33] and Stable Diffusion XL (SDXL) [34]—with
a fixed number of backward diffusion steps (T ).

For SD, we adopt a prompt set from [19]. For SDXL,
we combine prompts from [39], [19], and additional manu-
ally curated samples to assess generalization. Evaluation in-
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Upper-Left: Faster & Better

Lower-Right: Slower & Worse

Figure 2. Results on SD: Comparative performance across PickScore, ImageReward, CLIP Score, and HPS (left to right), with runtime
normalized to LAGS. Our method achieves the best performance in PickScore and HPS with the lowest runtime among the guidance
methods. We adopt the benchmark set of prompts from [19].

Figure 3. Results on SDXL: Evaluation on the same metrics as in Fig. 2. LAGS consistently achieves the best performance in PickScore
(target metric) and HPS with the lowest runtime among the guidance methods, breaking the typical trade-off between high score and
computation complexity.

cludes expected weight E[w(Xq)], PickScore, and runtime.
We also report secondary metrics: CLIP Score [40], Im-
ageReward [41], and Human Preference Score (HPS) [42].

Figures 2 and 3 show the results on SD and SDXL, re-
spectively. Each subplot presents one metric (PickScore,
ImageReward, CLIP Score, HPS from left to right), with
runtime shown on the horizontal axis relative to our method
(normalized to 1→). For SDXL, our method completes sam-
pling in 85 seconds per image, while DAS requires approx-
imately 4.72→ more time.

Results. The proposed method, LAGS, consistently
achieves the highest PickScore and lowest runtime across
both SD and SDXL settings, as shown in the leftmost
columns of Figures 2 and 3. This represents a substantial
improvement over existing baselines, which typically ex-
hibit a trade-off between target performance and computa-
tional cost. In contrast, LAGS breaks this trend by achiev-
ing both higher weight, i.e., PickScore, and faster sampling.

Among baselines, DAS delivers strong performance but
incurs a higher computational cost. FreeDoM and DPS
improve upon the raw SD and SDXL outputs in terms of
PickScore, but remain notably less effective than LAGS in
both performance and efficiency.

To qualitatively illustrate the impact of PickScore on the
generated outputs, we present visual examples in Fig. 4.
The top row depicts samples with the lowest PickScores
for a given prompt, while the bottom row shows those with
the highest PickScores among outputs generated by each
method. Samples with low PickScores often display seman-
tic or stylistic failures, such as omission of positional cues

(e.g., “next to a window”), incorrect object counts (e.g., four
apples instead of three), or reduced representational fidelity
(the associated text prompts are shown in Fig. 4). Consistent
with the trends shown in Figures 2-3, the highest PickScores
for the selected prompts are attained by our method. Addi-
tional qualitative examples are provided in Appendix C.2.2.

Cross-Metric Generalization. To assess whether im-
provements in PickScore extend to other alignment met-
rics, we evaluate ImageReward [41], CLIP Score [40], and
HPS [42]. As shown in Fig. 2, LAGS achieves the highest
HPS on SD, while DAS performs better on ImageReward
and CLIP Score. On SDXL (Fig. 3), LAGS still outper-
forms all baselines on PickScore and HPS, where the mar-
gin against DAS on ImageReward and CLIP score is minor
(less than 0.1 and 0.06, respectively), despite being faster.
These results indicate that LAGS’s reward-aligned sam-
pling generalizes well to diverse human-preference proxies
with high efficiency.

We further report image quality metrics in Table 1 using
the widely adopted no-reference measure BRISQUE [43]
and MANIQA metrics [44]. While DAS achieves the best
overall image quality, our method attains comparable scores
with only a modest gap—within the variability across guid-
ance methods—despite its substantially lower runtime.

Hyperparameter Sensitivity. Our method introduces
only a small number of hyperparameters. In all experi-
ments, we fix the confidence parameter to c = 10 across
models and tasks, yet LAGS consistently outperforms base-
line methods. By construction, the scheduler in (16)
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Figure 4. Sampling results with the proposed lightweight guidance g̃(x, t) on a high-dimensional domain. Top row: Samples with the
lowest PickScore; Bottom row: those with the highest PickScore, selected from all generations. Prompts (left to right): “A cat sitting
inside a cardboard box next to a window”, “Three apples on a table”, “A majestic, photorealistic alien spaceship drifting before a vast
galaxy”, “A photo-realistic image of flying lion with blue butterfly wings”, “A red sports car in the style of Vincent van Gogh”. Notably,
for all prompts, the highest PickScore samples are achieved by our method. Additional qualitative results are provided in Appendix C.2.2.

Method Runtime [⇐ 85s] ⇒ BRISQUE ⇒ MANIQA ⇑

SDXL (default) 0.377 21.48 ± 12.45 0.733 ± 0.139
DPS 1.193 24.52 ± 13.03 0.720 ± 0.139
FreeDoM 1.930 34.49 ± 15.20 0.711 ± 0.144
DAS 4.722 19.55 ± 12.75 0.720 ± 0.145
DAS-1P 1.202 22.56 ± 11.97 0.728 ± 0.130
LAGS (ours) 1.000 26.40 ± 12.99 0.720 ± 0.134

Table 1. Runtime and no-reference image quality measures
(BRISQUE, MANIQA). Values are mean ± standard deviation.
Bold indicates best among guidance methods.

smoothly modulates the guidance strength between 0 and
1 (with ↼(0) = 1), and we observe that performance re-
mains stable over a wide range of c values (approximately
0.1 ≃ c ≃ 20). Appendix C.2.3 provides a detailed abla-
tion study on the effect of varying c and further confirms the
robustness of the proposed scheduler.

Computational Efficiency. A key advantage of LAGS
lies in its computational efficiency achieved by avoiding
second-order derivative computations and eliminating the
need for resampling techniques. Notably, the efficiency
gain becomes more pronounced as model size increases. On
SD, LAGS achieves a 6% speedup over DAS-1p and DPS.
With the larger SDXL model, the improvement grows to
16.7%, demonstrating the method’s scalability with model
complexity. Compared to resampling-based approaches, the
gap is even more substantial, for example, LAGS is 1.9→
and 4.7→ faster than FreeDoM and DAS, respectively, on
SDXL.

4.3. Additional Applications
Owing to its efficiency and scalability, the proposed method
extends naturally to a range of practical scenarios with di-
verse weight functions w(x). Below, we summarize addi-
tional applications: Sampling for Fairness. Using classi-
fier outputs as weights enables our method to target under-
represented or misclassified groups, serving as a training-
free tool for mitigating class bias. We demonstrate this
in Appendix C.3 and C.4 across multiple datasets; Sam-
pling Control Beyond Prompts. Beyond prompt condi-
tioning, LAGS supports rapid fine-grained control via cus-
tom w(x). In Appendix C.5, we showcase frequency- and
color-sensitive sampling by emphasizing spectral features
through w(x) without prompt control, highlighting LAGS’s
versatility for controllable generation.

5. Conclusion
We first propose a lightweight first-order approximation
that avoids second-order gradient computations of the gen-
erative model. To mitigate potential approximation gaps,
we introduce an uncertainty-adaptive scaling mechanism.
Together, these components enable LAGS to achieve both
strong empirical performance and excellent scalability with
a fraction of the computational cost of state-of-the-art base-
lines. As larger SGMs continue to be developed and
released, we anticipate that the proposed Hessian-free,
lightweight formulation will become increasingly relevant
for efficient and stable weighted sampling.
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