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ABSTRACT

Inference-time steering enables pretrained diffusion/flow models to be adapted to
new tasks without retraining. A widely used approach is the ratio-of-densities
method, which defines a time-indexed target path by reweighting probability-
density trajectories from multiple models with positive, or in some cases, neg-
ative exponents. This construction, however, harbors a critical and previously
unformalized failure mode: Marginal Path Collapse, where intermediate densities
become non-normalizable even though endpoints remain valid. Collapse arises
systematically when composing heterogeneous models trained on different noise
schedules or datasets, including a common setting in molecular design where de-
novo, conformer, and pocket-conditioned models must be combined for tasks such
as flexible-pose scaffold decoration. We provide a novel and complete solution
for the problem. First, we derive a simple path existence criterion that predicts ex-
actly when collapse occurs from noise schedules and exponents alone. Second, we
introduce Adaptive path Correction with Exponents (ACE), which extends Feyn-
man–Kac steering to time-varying exponents and guarantees a valid probability
path. On a synthetic 2D benchmark and on flexible-pose scaffold decoration,
ACE eliminates collapse and enables high-guidance compositional generation,
improving distributional and docking metrics over constant-exponent baselines
and even specialized task-specific scaffold decoration models. Our work turns
ratio-of-densities steering with heterogeneous experts from an unstable heuristic
into a reliable tool for controllable generation.

1 INTRODUCTION

Generative models based on stochastic interpolants, such as diffusion models (Ho et al., 2020; Song
et al., 2021) and flow matching (Lipman et al., 2023), have become state-of-the-art systems for cre-
ation and scientific discovery Rombach et al. (2022); Schiff et al. (2025); Xie et al. (2024). These
models learn to transform noise at t = 0 into complex data at t = 1 by following a learned proba-
bility path defined by ordinary or stochastic differential equations. A key to their practical success
is inference-time control: the ability to steer pretrained models toward new goals without retraining.
Concretely, we are interested in problems where one wishes to impose several constraints by reusing
separate models for each constraint rather than retraining a single monolithic model. This increas-
ingly involves composing multiple pretrained experts, making robust steering a central bottleneck
for progress (Skreta et al., 2025b; Mark et al., 2025).

A widely used steering mechanism is the ratio-of-densities p(x)γ1/q(x)γ2 , which reweights the
probability landscape to favor modes of p while suppressing those of q. This construction arises
naturally in Bayesian model composition and admits many existing guidance techniques as special
cases. For example, classifier-free guidance (Ho & Salimans, 2021) can be written as targeting Reviewer

gBQy,
naNy

a distribution proportional to p(x | y)γ/p(x)γ−1. In Appendix D.1, we show that reward-tilted
sampling, product-of-experts conditioning, and contrastive decoding also fit a common ratio-of-
densities template whose intermediate densities must remain normalizable along the flow.

In settings where experts share the same noise schedule (e.g., CFG with jointly trained condi-
tional/unconditional pairs), this approach is typically stable. However, many scientific applications
involve composing heterogeneous models (i.e., trained on diverse datasets, modalities, and noise
schedules) where modularity is highly advantageous for flexibility and cost-efficiency. For exam-
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(a) Marginal Path Collapse 
(Constant Exponents)

(b) Adaptive path Correction with
Exponents (ACE)

ACE guarantees
C(t) > 0

(c) Evolution of Criterion C(t)

Figure 1: Marginal Path Collapse and Our Solution (ACE). (a) The heuristic steering path using
constant exponents starts correctly but then diverges into nonsense towards the end. (b) Using the
same pretrained models, ACE uses adaptive exponent schedules (Bump= 30 visualized) to guaran-
tee the path existence criterion C(t) > 0 for all t, enabling smooth transport to the target. (c) Graph
of C(t) for the constant schedule dips below zero, while ACE guarantees positivity for all time.

ple, in molecular design, scaffold decoration (Guan et al., 2009) starts from a known “scaffold”
fragment that binds a protein and asks the model to generate side chains and poses that improve
properties while preserving binding. This task naturally combines unconditional de-novo (DN) mod-
els (Hoogeboom et al., 2022a; Ketata et al., 2024), conformer (CONF) models for 3D geometry (Xu
et al., 2022; Hassan et al., 2024), and pocket-conditioned structure-based drug-design (SBDD) mod-
els (Schneuing et al., 2024; Huang et al., 2024b) all trained on different datasets and noise schedules.

Reviewer
gBQy,
naNyMoreover, a growing body of work on task-specific and adaptive noise scheduling (Vignac et al.,

2023; Lee et al., 2024; Choi et al., 2025; Seo et al., 2025) and our own survey of DN/CONF/SBDD
models (Appendix E.3, Tables E.2–E.4) show that different tasks and modalities require different
allocations of noise across the trajectory, reinforcing that heterogeneous scheduler combinations are
not only common but often necessary in practice.

The Hidden Flaw: Uncovering Marginal Path Collapse. Despite its apparent simplicity, ratio-
of-densities steering can fail in heterogeneous settings. We identify a critical and frequent failure
mode, Marginal Path Collapse, which occurs when the intermediate densities along the stochastic
interpolant become non-normalizable and cease to exist, even though the endpoint distributions at
t = 0 and t = 1 are perfectly valid (Figure. 1). Collapse arises from a mathematical imbalance
between the steering exponents and the shrinking variance of the interpolant as t → 1. When ex-
perts have different noise schedules or dimensionalities, their contributions contract at incompatible
rates, causing the resulting ratio to grow rather than decay at infinity, violating normalizability. We
show that this scenario is systematic when composing heterogeneous models trained with common
schedules such as linear, cosine, or sigmoids, and, combined with the task-specific scheduler trends
above, this implies that many realistic scientific workflows will routinely enter such invalid regions.

SDE/ODE samplers and Feynman–Kac correctors assume that the guided path defines a normal- Reviewer
gBQy,
naNy

izable density at every timestep. When an intermediate density becomes non-normalizable, then
its score ceases to exist. The sampler still evolves particles under a well-posed SDE/ODE, but the
resulting flow transports a different density path rather than the intended one. Consequently, the
terminal distribution at t = 1 no longer matches the target distribution.

A Framework for Guaranteed Path Stability. In this work, we provide a comprehensive solution
to Marginal Path Collapse, transforming ratio-of-densities steering into a reliable and principled
framework. Our contributions follow a clear “Diagnosis-and-Solution” pipeline:

1. Diagnosis: Path Existence Criterion. We derive a rigorous and easy-to-compute criterion
that predicts exactly when collapse occurs from the noise schedules and exponents alone.
This criterion explains why constant-exponent heuristics appear stable in shared-schedule
settings yet fail under heterogeneous compositions.

2. Solution: Adaptive Path Correction with Exponents (ACE). Building on this diagnosis,
we extend the Feynman–Kac PDE to support time-varying exponents. This allows ACE to
dynamically adjust steering weights throughout generation to ensure the path existence cri-
terion is satisfied at all times. ACE provably guarantees a valid probability path whenever
the endpoints are valid.

Validation. On a synthetic 2D checkerboard benchmark, ACE eliminates collapse and reduces dis-
tributional error by over 5×. On flexible-pose scaffold decoration (Chen et al., 2025; Xie et al., 2024;
Ghorbani et al., 2024), a practical molecular design task requiring heterogeneous DN/CONF/SBDD

2
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Table 1: Comparison of inference-time control methodologies. Unlike heuristics (e.g., CFG) or
FKC (Skreta et al., 2025a), our framework provides a principled criterion with adaptive correction
(ACE), guaranteeing valid paths even under heterogeneous or time-varying settings.
Methodology Primary Goal Handles Heterogeneity? Handles Time-Varying /

Negative Exponents? Guarantees Path Existence?

Heuristic Guidance (e.g., CFG) Improve sample quality heuristically heuristically ✗

Feynman–Kac Correctors (FKC) Provide unbiased samples ✗ ✗ ✗

Our Work (Criterion + ACE) Guarantee a valid, stable path ✓ ✓ ✓

composition, standard steering fails at high guidance scales due to path collapse, whereas ACE
remains stable and discovers molecules with substantially improved docking scores. On composi- Reviewer

naNytional image generation, we show that even when the path-existence criterion holds, time-varying
exponents can sharpen intermediate distributions and improve sample quality in practice (+9.57%p
on COCO-MIG), suggesting ACE as a general steering paradigm rather than only a fix for collapse.

Our work provides a simple safeguard against a common failure mode and establishes the theoretical
foundations for safely composing heterogeneous generative models, as summarized in Table 1.

2 METHOD

2.1 PRELIMINARIES: HETEROGENEOUS PRODUCT/RATIO-OF-DENSITIES

Stochastic Interpolants and Probability Paths. We begin by formalizing the notion of a probabil-
ity path. A probability path (or expert) {qt}t∈[0,1] on Rd is a family of densities with respect to the
Lebesgue measure such that qt is normalizable to 1 for every t. In practice, paths are often gener-
ated by a stochastic interpolant of the form Xt = αtX0 + βtX1, t ∈ [0, 1], where X0 ∼ N (0, Id),
X1 ∼ q1 (target density), and αt, βt are nonnegative differentiable noise schedules satisfying bound-
ary conditions α0 = β1 = 1, α1 = β0 = 0. The law of Xt defines qt. Stochastic interpolants can
express both diffusion and flow matching by choosing proper αt, βt (Albergo et al., 2023).

Heterogeneous Dimensionalities. Given n heterogeneous experts {q(i)t }t∈[0,1], i = 1, . . . , n each
supported on Rdi and exponents γi : [0, 1]→ R, we embed them into a common ambient space Rd

with d = max1≤i≤n di, via coordinate projections and canonical embeddings. For each expert
i, let Ii ⊂ {1, . . . , d} denote the coordinates it acts on. The projection πi : Rd → Rdi selects
components in Ii, and the canonical embedding ιi : Rdi → Rd inserts them back (zeroing the
rest), satisfying πi ◦ ιi = IdRdi . The lifted densities are q̃

(i)
t := q

(i)
t ◦ πi, and the heterogeneous

product/ratio-of-densities is

ht(x) :=

n∏
i=1

(
q̃
(i)
t (x)

)γi(t)
, x ∈ Rd. (1)

We say that the family {ht}t∈[0,1] has the path existence property if ht ∈ L1(Rd), ∀t ∈ [0, 1].
When so, p∗t = ht/Zt is the corresponding normalized probability path with Zt =

∫
Rd ht(x) dx.

Heterogeneous Noise Schedules. Throughout the paper, we will assume that each expert path
{q(i)t }t∈[0,1] is generated by its own interpolant

X
(i)
t = α

(i)
t X

(i)
0 + β

(i)
t X

(i)
1 t ∈ [0, 1] (2)

where X
(i)
0 ∼ q

(i)
0 = N (0, Idi

), X(i)
1 ∼ q

(i)
1 . When α

(i)
t ̸= α

(j)
t for some i ̸= j, we refer to ht as

having heterogeneous noise schedules.

Path existence requirement. SDE/ODE samplers and Feynman–Kac correctors assume that p∗t = Reviewr
gBQy,
naNy

ht/Zt exists at every timestep, requiring the ht to be integrable. If ht becomes non-normalizable
(Marginal Path Collapse), then p∗t and its score cease to exist. The sampler still solves a well-posed
ODE/SDE, but the resulting flow transports a different density path {p′t} rather than the intended
{p∗t }. The terminal distribution p′1 produced by the sampler no longer matches the desired target p∗1
(see Remark in Appendix A.2).

2.2 MARGINAL PATH COLLAPSE

Even if both endpoints h0 and h1 are integrable, path-existence is not guaranteed. A simple Gaussian
example demonstrates the phenomenon (Figure 2).

3
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(a) Non-integrable Region in Gaussian Path (b) Effective Variance across time

Invalid Path

Figure 2: Non-integrable Region in the ratio-of-Gaussians example (Eq. 3). Although the ratio is
well-defined at the endpoints, the intermediate variance explodes, causing Marginal Path Collapse.

Why collapse occurs. Let ht(x) = q
(1)
t q

(2)
t /q

(3)
t q

(4)
t , where each component is a Gaussian path1

under the linear interpolant Xt = (1− t)X0 + tX1:

q
(1)
t = N

(
0,
(
(1− t)2 + 1

2 t
2
)
I
)
, q

(2)
t = N

(
0,
(
(1− t)2 + 7t2

)
I
)
,

q
(3)
t = N

(
0,
(
3
2 (1− t)2 + t2

)
I
)
, q

(4)
t = N

(
0,
(
3
2 (1− t)2 + t2

)
I
)
. (3)

At t = 0 and t = 1, the ratio ht ∝ N (0, σ2
eff(t)I) for some finite σ2

eff(t), making it integrable.
However, by directly computing the ratio at t = 0.5, ht(x) ≥ C · exp(+0.01∥x∥2), for some
constant C > 0, which is not integrable on Rd. In fact, we can plot the probability path p∗t and its
effective variance σ2

eff(t) across time as in Figure 2, showing that intermediate paths do not exist
despite valid endpoints. We analyze the more general Gaussian mixture case in Appendix B.4.

The Gaussian example provides a crucial intuition: Marginal Path Collapse occurs when the vari-
ances of the numerator terms shrink ”slower” than the variances of the denominator terms. This
creates a temporary, fatal imbalance where the combined density becomes explosive rather than de-
caying at infinity. While this closed-form example is illustrative, most real-world models, especially
those operating on complex data like molecules or images, involve non-Gaussian and compactly
supported target distributions where such a direct variance calculation is impossible.

A natural and pressing question arises: can we find a general criterion that diagnoses the risk of
collapse for these more complex cases, without needing a closed-form expression for the path?

2.3 PATH EXISTENCE CRITERION FOR COMPACTLY SUPPORTED DENSITIES

Compactly supported distributions are common in scientific applications, where data are bounded
by physical constraints. In this setting, we can derive a clean criterion for path existence.

Theorem 2.1 (Path Existence Test for Compactly Supported Densities). For each i = 1, . . . , n,
let γi(t), α

(i)
t , {q(i)t }t∈[0,1], ht(x) be as defined in Eq. 1 and 2. We only assume additionally

that q(i)1 has compact support for all i = 1, . . . , n.

If h1(x) is integrable and for every coordinate k ∈ {1, . . . , d} and all t ∈ [0, 1),

Ck(t) :=
∑

i: k∈Ii

γi(t)

(α
(i)
t )2

> 0, (4)

then {ht}t∈[0,1] has the path existence property. Conversely, if there exists a cooridnate k∗ ∈
{1, . . . , d} and t∗ ∈ [0, 1) such that Ck∗(t∗) < 0, then {ht}t∈[0,1] is not integrable at t∗
(Marginal Path Collapse).

We provide a proof in Appendix B.1. This theorem provides a tractable checklist: to certify path
existence, one only needs to verify endpoint integrability and the positivity of the coefficients Ck(t),
which in practice can be checked on the discrete timesteps used by the sampler.

1A Gaussian path from q0 = N (0, σ1I) to q1 = N (0, σ2I) has the closed form expression qt =
N

(
0, (σ1(1− t)2 + σ2t

2)I
)

4
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ACE guarantees
C(t) > 0

Path Collapse
at C(t) < 0

Figure 3: Common noise schedules and Marginal Path Collapse. (a) Representative noise sched-
ules αt used in modern diffusion and flow-matching models. (b) Path-existence criterion C(t)

(Eq. 4) for several heterogeneous three-expert compositions ht = q
(1)
t q

(2)
t /q

(3)
t , formed from these

schedules. Many combinations enter a region where C(t) < 0, implying non-normalizable interme-
diate densities. (c) Under ACE with a bump function (here B = 50), the corrected exponents ensure
C(t) > 0 for all t, guaranteeing path existence.

Figure 3 illustrates the effect of this test on standard noise schedules. Panel (b) plots C(t) for several
heterogeneous compositions ht = q

(1)
t q

(2)
t /q

(3)
t built from linear, cosine, DDPM-style, and related

schedules, revealing that many realistic combinations enter a region with C(t) < 0. This shows
that widely used heuristic schedules can induce Marginal Path Collapse even when each individual
expert is well behaved. Panel (c) shows that applying ACE with a bump function restores C(t) > 0
throughout the trajectory, converting these invalid heuristic paths into valid probability paths.

This discovery motivates the central goal of our work: to develop a method that can correct any
given set of schedules to ensure the path existence criterion is always satisfied, thereby transforming
unstable heuristics into a robust, guaranteed methodology. We introduce this method next.

2.4 ADAPTIVE PATH CORRECTION WITH EXPONENTS: BUMP FUNCTION PROTOCOL

We develop our correction protocol, ACE, by first constructing a valid exponent schedule γ̃i(t) and
then deriving the sampling dynamics that follow this corrected path.

In application scenarios, we need control over the initial distribution p∗0 = Πn
i=1(p

(i)
0 )γi(0)/Z0 (usu-

ally fixed to N (0, I)) and the target distribution p∗1 = Πn
i=1(p

(i)
1 )γi(1)/Z1. However, we do not

need to fix the intermediate marginals p∗t , t ∈ (0, 1). The idea is to choose an appropriate γ̃i(t)
that preserves the original exponent values at the beginning and end, γ̃i(0) = γi(0), γ̃i(1) = γi(1),
while ensuring the intermediate densities are all normalizable.

Theorem 2.2 (Adaptive Exponents with Bump Functions). Let a set of noise schedules {α(i)
t }

and exponent boundary values {γi(0), γi(1)} be given. Assume that the criterion Ck(t) (Eq.
4) is positive at the boundaries. That is, Ck(0) > 0 and limt→1− Ck(t) > 0 for all coordinates
k. Then, there exists a set of differentiable functions {γ̃i(t)} such that γ̃i(0) = γi(0), γ̃i(1) =
γi(1) for all i, and the criterion Ck(t) > 0 is satisfied for all k and t ∈ [0, 1).

We provide a constructive proof in Theorem B.2 showing that there always exists a positive constant
B > 0 such that choosing one index j and changing γ̃j(t) = γj(t) + Bt(1 − t) (adding a bump
function) now satisfies the path existence criterion for all t. We call this the bump function protocol.

Now we have established ”what” we are going to sample from. The next question is ”how” to
sample from the corrected probability path. The weighted SDE below is derived by extending the
Feynman-Kac Correctors (FKC) (Skreta et al. (2025a), Alg. 2) to time-dependent exponents γi(t). Reviewer

naNy,jeuE
For each i = 1, . . . , n, let γi(t) : R→ R be differentiable with respect to t and {q(i)t }t∈[0,1] denote
probability paths (defined in Eq. 1–2) associated with the stochastic differential equation (SDE):

X
(i)
0 ∼ q

(i)
0 , dX

(i)
t =

(
v
(i)
t (X

(i)
t ) +

(σ
(i)
t )2

2 ∇ log q
(i)
t (X

(i)
t )
)
dt+ σ

(i)
t dW

(i)
t (5)

5
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where W
(i)
t is a Wiener process in Rdi , s(i)t (x(i)) := ∇x(i) log q

(i)
t (x(i)), x(i) ∈ Rdi is the score

function, and the fields v(i)t , s
(i)
t ∈ C1 are measurable. We embed vector fields ṽ(i)t : Rdi → Rdi in

Rd via ṽ
(i)
t = ιi ◦ v(i)t ◦ πi : Rd → Rd. The following theorem establishes our sampling algorithm: Reviewer

jeuE
Theorem 2.3 (ACE: Adaptive path Correction with time-dependent Exponents). If the path
existence criterion (Eq. 4) holds, then for any differentiable vector field v∗t : Rd →
Rd, the stochastic process given by the following weighted SDE/ODE with s∗t (Xt) :=∑n

i=1 γi(t)s̃
(i)
t (Xt), D

(i)
t (Xt) := −∇ · ṽ(i)t (Xt) + (v∗t (Xt)− ṽ

(i)
t (Xt)) · s̃(i)t (Xt):

dXt =
(
v∗t (Xt) +

σ2
t

2 s∗t (Xt)
)
dt+ σtdWt (6)

d log q̃
(i)
t (Xt) =

(
D

(i)
t +

σ2
t

2

(
s∗t · s̃

(i)
t +∇ · s̃(i)t

))
dt+ σts̃

(i)
t · dWt (7)

d logwt(Xt) =

[
∇ · v∗t (Xt) +

n∑
i=1

γ̇i(t) log q̃
(i)
t (Xt) +

n∑
i=1

γi(t)D
(i)
t (Xt)

]
dt (8)

with initial values X0 ∼ p∗0, w0 = 1, log q
(i)
0 (X0) follows the probability path

p∗t (x) =
1

Zt

n∏
i=1

(
q̃
(i)
t (x)

)γi(t)

, x ∈ Ωt

where t ∈ [0, 1], Ωt := supp(p∗t ) and Zt is the normalizing constant only dependent on t.

We provide the full derivation and proof in Theorem A.1. Note we can minimize costly divergence
computations when simulating the SDE in Theorem 2.3 by choosing v∗t =

∑n
i=1 γi(t)ṽ

(i)
t . We use

this choice in our scaffold decoration experiment for better numeric stability and faster inference.

Practical Remark. Theorem 2.3 characterizes the weighted SDE whose marginal p∗t follows the Reviewer
jeuEcorrected ratio-of-densities path. In practice, we implement this dynamics using a particle system

with importance weights: at each step we propagate particles under the drift and diffusion in Eqs. 6–
7, update their log-weights via Eq. 8, and trigger a resampling step whenever the effective sample
size (ESS) falls below a threshold. During resampling, high-weight samples are duplicated and low-
weight ones are removed in proportion to their weights. As illustrated in Figure 4, this procedure
eliminates out-of-distribution trajectories in ACE, whereas the no-resampling heuristic (NR) leaves
invalid samples in the batch. The complete algorithm for Theorem 2.3 is provided in Algorithm 1.

(a) Path Correction via Resampling (ACE): Successfully removes invalid samples

Ground Truth 

(b) No Resampling (NR): Out-of-distribution invalid samples remain in the batch

Figure 4: Visualization of the sampling trajectories. (a) ACE appropriately assigns weights to
valid samples such that at each resampling step (green-to-orange), invalid samples are discarded. (b)
No resampling (NR), a common heuristic (e.g., CFG), has no corrective mechanism that removes
out-of-distribution samples.
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2.5 APPLICATION: FLEXIBLE-POSE SCAFFOLD DECORATION

We now demonstrate the practical necessity of our framework on flexible-pose scaffold decoration,
a task that illustrates all components of the heterogeneous ratio-of-densities setting developed so
far. Here the goal is to generate moleculesM = (Msc,MR) that preserve a given scaffold bond
topology T sc and stably bind to a protein pocket P , while allowing the scaffold’s 3D pose to adapt
within the pocket (Figure 5). This naturally yields the heterogeneous ratio-of-densities target

p(M | T sc,P) ∝
Bayes

p(Msc | T (Msc) = T sc) p(M |M↔ P)
p(Msc)

, (9)

whereM↔ P denotes stable binding 2 and T (·) extracts molecular topology (Appendix E.1). Reviewer
gBQy,
TtEFFollowing classifier-free guidance, we introduce a guidance scale ω ≥ 1,

pω(M) ∝ p(M)

(
p(M | T sc,P)

p(M)

)ω
, (10)

so that larger ω enforces stronger scaffold and pocket conditioning. Crucially, this formulation
(Eq. 9–10) decomposes into three pretrained diffusion experts:

• (q(1) and q(2)) Unconditional de-novo model (DN) for p(Msc) and p(M)

• (q(3)) Topology-conditioned conformer model (CONF) for p(Msc | T sc)

• (q(4)) Pocket-conditioned SBDD model for p(M | P)

Writing the four corresponding factors with exponents γ1(t) = −ω, γ2(t) = −(ω − 1), γ3(t) =
ω, γ4(t) = ω shows that Eq. 10 is exactly a heterogeneous ratio-of-densities composition of the
form p∗t ∝

∏
i(q

(i)
t )γi(t) studied in Section 2.1.

Because existing DN, CONF, and SBDD experts are trained with heterogeneous noise schedules Reviewer
TtEF,
naNy

(see survey Tables E.2, E.3, and E.4), the constant-exponent path obtained from Eq. 10 violates
the path-existence criterion (Theorem 2.1) for guidance scales ω > 1.1, resulting in Marginal Path
Collapse. Therefore, to raise ω while preserving path existence, we construct an ACE-corrected
exponent schedule using Theorem 2.2. In practice, we apply a bump function of the form B(t) =
30 t(1−t) to one of the positive-exponent terms (here γ4), which suffices to ensure Ck(t) > 0 for all
t and thereby guarantees a valid probability path. Finally, by simulating the importance-weighted
SDE of Theorem 2.3, we obtain unbiased samples from the corrected path, and hence from the
desired target distribution pω(M) in Eq. 10.

Pocket's 3D Structure 

Scaffold Topology 

ACE
(Ours)

FKC

Invalid: Scaffold and R-group are fragmented

Input Conditions

Pretrained Diffusion Models

Topology-Conditioned Model

Unconditional Model

Pocket-Conditioned Model

Samples 

Valid Single Molecule containing the Scaffold and R-group

Figure 5: Diffusion Steering Framework for Flexible-Pose Scaffold Decoration. Qualitative re-
sults reveal that ACE, successfully modeling the ratio-of-density path, generates valid molecules
containing the scaffold topology, while FKC (constant exponent baseline) generates invalid, frag-
mented molecules as a result of following an ill-defined probability path.

2Defined via docking energy UDock(M ↔ P) < τDock.
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3 EXPERIMENTS

Synthetic Checker Dataset. We construct a synthetic benchmark that mirrors the heterogeneous
conditioning structure encountered in our molecular task (Eq. 9). In both settings, one condition
acts locally on a subset of variables (e.g., scaffold topology A affecting onlyMsc), while another
acts globally on the full configuration (e.g., pocket binding B affecting (Msc,MR)). As discussed
in Section E.1 and illustrated in Figure E.2, this form of heterogeneous conditioning is pervasive in
scientific problems such as scaffold decoration, linker generation, and protein–protein glue design.

To create the simplest possible analog of Eq. 9, we let X and Y be 1D variables having joint prior Reviewer
naNy(X,Y ) ∼ pChecker and impose two constraints: A = {X ≥ 0} (local constraint on X) and B =

{X + Y ≥ 0} (global constraint coupling (X,Y )). This induces the heterogeneous factorization

p(X,Y | A,B) ∝
Bayes

p(X,Y,B | A) ∝
Bayes

p(X | A)p(Y,B | A,X) ∝
(∗)

p(X | A)
p(X,Y | B)

p(X)
(11)

For (∗), we use the fact that once X is given, A has no effect on Y,B, which can expressed by Reviewer
naNyA ⊥ Y,B | X , implying p(Y,B | A,X) = p(Y,B | X). Thus, exactly as in Eq. 9, the target

distribution naturally decomposes into three heterogeneous experts: a 1D expert for p(X | A), a 2D
expert for p(X,Y | B), and a 1D expert for p(X).

To test the theoretical phenomenon identified by our path-existence criterion, we deliberately assign
these experts a set of noise schedules drawn from Figure 3, many of which are known to induce
Marginal Path Collapse. In Table 2, we use α

(1)
t = α

(2)
t = 1 − t, α

(3)
t = −4t3 + 7t2 − 4t + 1.

Importantly, the collapse behavior we observe here is not specific to this choice: Figures E.6–E.11 Reviewer
TtEF,
naNy,
gBQy

evaluate realistic and widely used schedules (DDPM, sigmoid, linear, cosine, polynomial) and show
that the same failure patterns arise, confirming that the phenomenon is not an adversarial artifact.
See implementation details and hyperparameter study in Appendix C.

Flexible-Pose Scaffold Decoration. We evaluate ACE on a realistic scientific task requiring het-
erogeneous DN/CONF/SBDD composition. Dataset details, implementation, and metrics appear in
Appendix C.2. Briefly, we combine pretrained models EDM (Hoogeboom et al., 2022b) as DN,
GeoDiff (Xu et al., 2022) as CONF, and DiffSBDD (Schneuing et al., 2024) as SBDD as defined in
Section 2.5. We evaluate on subsets of CrossDock (Francoeur et al., 2020): CrossDock-Weak and
CrossDock-SBDD. As diffusion-steering baselines we adopt NR and FKC (Skreta et al., 2025a),
and as task-specific scaffold-decoration models we include Delete (Chen et al., 2025), DiffDec (Xie Reviewer

naNyet al., 2024), and AutoFragDiff (Ghorbani et al., 2024).

3.1 RESULTS

We present the main quantitative results in Tables 2, 4, and 3. Across both synthetic and molecular
settings, ACE achieves substantial improvements over NR and FKC, reflecting the benefits of en-
forcing the path-existence criterion and correcting heterogeneous ratio-of-density paths. We clarify
that ACE differs from NR and FKC only by its adaptive exponent correction (with B=30 for all
experiments); all other components and hyperparameters are shared across methods. Reviewer

TtEF
Table 2: Distributional similarity metrics (lower is better). For each metric, we report the minimum
and mean ± standard deviation across 5 seeds. Best values are in bold. NR denotes no resampling,
the common heuristic using only mixed scores. FKC refers to Feynman–Kac correctors, which fail
when path-existence conditions are not satisfied. Path existence (O/X) is shown under Path Validity.

Method Path Validity W1 W2 MMD (RBF) Exponent Schedule
Min Mean ± Std Min Mean ± Std Min Mean ± Std

NR X 0.77 0.78 ± 0.02 1.06 1.07 ± 0.02 0.066 0.068 ± 0.001 ConstantFKC X 2.09 2.13 ± 0.04 2.39 2.44 ± 0.05 1.07 1.43 ± 0.31

ACE (B = 10) X 1.47 2.02 ± 0.65 1.77 2.32 ± 0.67 0.44 0.78 ± 0.23

Bump Function Bt(1− t)

ACE (B = 20) O 0.13 0.52 ± 0.77 0.18 0.64 ± 0.90 0.009 0.12 ± 0.24
ACE (B = 30) O 0.24 0.28 ± 0.036 0.35 0.40 ± 0.51 0.019 0.027 ± 0.0064
ACE (B = 40) O 0.32 0.36 ± 0.031 0.44 0.475 ± 0.025 0.034 0.043 ± 0.0099
ACE (B = 50) O 0.30 0.40 ± 0.07 0.38 0.53 ± 0.10 0.034 0.052 ± 0.01
ACE (B = 100) O 0.43 0.52 ± 0.07 0.56 0.69 ± 0.12 0.070 0.080 ± 0.011
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Table 3: Comparison of NR, FKC, and ACE for CrossDock-Weak and CrossDock-SBDD. Higher
is better for Validity and OSR; lower (more negative) is better for Vina scores. Best values are bold;
second-best are underlined. FKC and ACE share all hyperparameters with the only difference being
the addition of the bump function in the exponents of ACE. NR is FKC without resampling.

CrossDock-Weak CrossDock-SBDD

Method Path Validity Validity (%) Vina Score (kcal/mol) OSR (%) Validity (%) Vina Score (kcal/mol) OSR (%)

Mean Median Top3 Best Worst Mean Median Top3 Best Worst

NR (w = 1.0) O 93.30 -4.12 -4.33 -4.47 -4.60 -3.48 62.20 100.0 -3.61 -1.85 -2.60 -4.10 -1.80 50.0
NR (w = 1.1) X 88.58 -3.34 -3.30 -4.22 -5.37 -1.43 40.00 99.10 -3.65 -4.05 -4.33 -4.60 -1.50 40.0
NR (w = 1.2) X 90.05 -3.58 -4.04 -4.53 -5.38 -1.62 48.88 100.00 -4.01 -4.00 -4.21 -4.40 -3.55 40.0
NR (w = 1.3) X 84.77 -2.93 -2.95 -3.66 -4.99 -0.92 44.44 97.15 -2.68 -3.69 -3.94 -4.15 0.00 30.0
NR (w = 1.4) X 81.91 -2.58 -2.24 -3.54 -5.10 -0.44 33.33 96.20 -2.36 -1.70 -3.38 -4.30 -0.00 20.0

FKC (w = 1.0) O 93.30 -4.12 -4.33 -4.47 -4.60 -3.48 62.20 100.0 -2.28 -1.85 -2.60 -4.10 -1.80 50.0
FKC (w = 1.1) X 94.30 -4.50 -4.57 -4.70 -4.84 -3.93 64.40 98.10 -3.40 -4.15 -4.28 -4.40 -2.05 30.0
FKC (w = 1.2) X 86.70 -3.46 -3.42 -3.81 -4.50 -2.51 57.80 98.10 -3.04 -3.70 -3.85 -4.05 0.00 40.0
FKC (w = 1.3) X 83.80 -2.67 -2.83 -2.93 -3.04 -1.80 40.00 95.20 -2.39 -2.40 -2.45 -2.55 -2.25 50.0
FKC (w = 1.4) X 78.10 -2.20 -2.48 -2.59 -2.74 -1.33 28.90 100.0 -4.16 -4.10 -4.25 -4.45 -4.00 50.0

ACE (w = 1.0) O 93.30 -4.12 -4.33 -4.47 -4.60 -3.48 62.20 100.0 -2.28 -1.85 -2.60 -4.10 -1.80 50.0
ACE (w = 1.1) O 96.70 -5.12 -4.92 -5.33 -5.88 -4.74 91.10 100.0 -4.88 -4.90 -4.93 -5.00 -4.70 100.0
ACE (w = 1.2) O 98.60 -5.44 -5.67 -5.75 -5.84 -4.59 94.40 100.0 -5.04 -5.05 -5.08 -5.15 -4.95 100.0
ACE (w = 1.3) O 100.0 -5.72 -5.71 -5.78 -5.86 -5.56 93.30 100.0 -4.68 -4.75 -4.78 -4.85 -4.35 90.0
ACE (w = 1.4) O 97.10 -5.37 -5.43 -5.48 -5.56 -5.05 80.00 96.20 -2.90 -2.50 -3.20 -4.60 -2.45 60.0

Table 4: Comparison on CrossDock-Weak and CrossDock-SBDD. Higher is better for Validity
and OSR; lower (more negative) is better for Vina scores. Best values are bold; second-best are
underlined. O indicates the method requires a reference scaffold pose; X indicates it does not.

CrossDock-Weak CrossDock-SBDD

Method Req. Ref. Pose Validity (%) Vina Score (kcal/mol) OSR (%) Validity (%) Vina Score (kcal/mol) OSR (%)

Mean Median Top3 Best Worst Mean Median Top3 Best Worst

Delete O 69.52 -1.83 -2.21 -2.27 -2.37 -1.12 28.89 93.30 -4.98 -4.95 -5.23 -5.65 -4.55 100.0
DiffDec O 82.86 -2.77 -2.60 -3.03 -3.36 -2.28 35.56 95.20 -1.76 -2.55 -2.93 -3.35 0.00 30.0
AutoFragDiff O 98.10 -4.82 -5.02 -5.43 -5.83 -3.38 73.33 100.0 -4.61 -4.60 -4.95 -5.40 -3.95 60.0
ACE (w = 1.2) X 98.60 -5.44 -5.67 -5.75 -5.84 -4.59 94.40 100.0 -5.04 -5.05 -5.08 -5.15 -4.95 100.0
ACE (w = 1.3) X 100.0 -5.72 -5.71 -5.78 -5.86 -5.56 93.30 100.0 -4.68 -4.75 -4.78 -4.85 -4.35 90.0

4 DISCUSSION

ACE Prevents Collapse at High Guidance Scales. High guidance scales (ω > 1) are crucial for
generating high-quality molecules but are also where the risk of path collapse is highest. Our results
make this trade-off explicit. As shown in Tables 3 and 4, ACE maintains near-perfect validity (96.7–
100%) and improves docking scores from −5.12 (ω=1.1) to −5.72 (ω=1.3) as ω increases. In
contrast, the FKC baseline, which uses a constant exponent, suffers catastrophic path collapse: its
validity plummets to 78.1% and its docking score to −2.20 at ω=1.4; qualitatively, in Fig. 5, the
generated molecules are fragmented and chemically invalid. On CROSSDOCK-SBDD, ACE attains
its best mean at ω=1.2 (−5.04) with 100% validity and 100% OSR, whereas FKC exhibits weaker
means and lower OSR (30–50%).

Prevalence of Marginal Path Collapse. In Appendix E.2, we evaluated all 53 = 125 three-expert Reviewer
TtEF,
naNy,
gBQy

annealed compositions ht = q
(1)
t

(
q
(2)
t /q

(3)
t

)w
formed from five standard noise schedules (DDPM

(Ho et al., 2020), cosine (Nichol & Dhariwal, 2021), sigmoid (Xu et al., 2022), linear (Lipman et al.,
2023), and polynomial (Hoogeboom et al., 2022a)). Excluding trivial homogeneous cases, across
100 heterogeneous schedule compositions the collapse rate increases sharply with guidance scale:
41% (w=1.0), 66% (w=2.0), 77% (w=7.5), and 80% (w=15). See Table E.5 and Figure E.5. Thus,
collapse is a systematic and prevalent failure mode whenever experts differ in schedules.

Impact of Path Collapse Duration. Our empirical analysis suggests that the presence of Marginal Reviewer
naNyPath Collapse is a more critical determinant of failure than its total duration: even short collapse

intervals are sufficient to induce significant performance degradation. Figures E.6– E.11 show eval-
uation results and visualizations for schedule combinations exhibiting a wide range of collapse du-
rations (from 7.5%, 9.0%, 10.9%, 11.4%, up to 48.8% of the full trajectory). While the precise
error level varies due to secondary factors (e.g., magnitude of the criterion violation), the failure
trend is consistent: NR suffers from inherent approximation errors regardless of path existence,
whereas FKC performance degrades specifically because criterion violations destabilize the impor-
tance weights. In contrast, ACE reliably restores valid paths and consistently recovers the target
distribution across all tested durations.

Selection of the Bump Parameter B. Since the path-existence criterion C(t) depends solely on Reviewer
jeuEthe analytical schedules, candidate values of B can be pre-screened efficiently without expensive

model evaluation. Empirically, we find that B = 30 consistently yields strong performance across
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all schedule combinations in the synthetic experiments (Fig. E.6) and in the scaffold-decoration
task (Tables 4–3). The method also exhibits high stability: increasing B further (e.g., B = 100)
maintains performance far superior to NR and FKC, with only marginal degradation relative to
the optimum (see Figure. 6). This reflects a trade-off: while increasing B guarantees removal of
path collapse, it also acts as a scalar multiplier on the guiding vector field, linearly amplifying
inherent network approximation errors. Since larger B incurs no additional computational cost,
we recommend initializing with B = 30, which is generally sufficient to satisfy the criterion, and
increasing it only if performance issues persist.

Figure 6: Sensitivity to the bump parameter B. Performance peaks near B = 30, but remains
robust even at high values (B = 100), whereas criterion violations at B = 10 cause significant
degradation. Shaded regions denote variance across 5 seeds.
Steering Experts Outperforms Specialized Models. Our scaffold-decoration experiments
highlight the key advantage of our compositional framework: rather than training a mono-
lithic, task-specific model, ACE achieves superior performance by flexibly combining existing
DN/CONF/SBDD experts. Unlike specialized baselines that require a reference scaffold pose
(Delete, DiffDec, AutoFragDiff), ACE requires no such input and still achieves stronger docking
and robustness. On CROSSDOCK-WEAK, ACE attains a mean docking score of −5.72 (ω=1.3),
outperforming AutoFragDiff (−4.82) with higher validity (100% vs. 98.1%) and OSR (93.3% vs.
73.3%). On CROSSDOCK-SBDD, ACE reaches a mean of −5.04 (ω=1.2) and 100% OSR, sur-
passing Delete (−4.98, 100% OSR) and AutoFragDiff (−4.61, 60% OSR).

Related Work. Diffusion models can be steered at inference time using ratio-of-densities methods
such as classifier-free guidance (Ho & Salimans, 2021; Chung et al., 2025), but these lack guarantees
that the sampling path remains valid. Feynman–Kac correctors (FKC) (Stoltz et al., 2010; Skreta
et al., 2025a; Mark et al., 2025) provide principled foundations under restrictive assumptions (e.g.,
homogeneous models and constant exponents), leaving real-world scenarios vulnerable to Marginal
Path Collapse. Our work introduces a path-existence criterion and the Adaptive path Correction with
Exponents (ACE) framework, which extend FKC to heterogeneous pretrained models and time-
varying exponents, enabling robust multi-expert composition for applications in molecular drug
design (Guan et al., 2023; Schneuing et al., 2024; Gao et al., 2024). We provide a comprehensive
review of related work in Appendix D.

Broader Applications. We further demonstrate on a compositional image generation benchmark in
Appendix E.4 that even in homogeneous settings, where path existence already holds, ACE can yield
additional gains over NR and FKC. We discuss limitations and further directions in Appendix F.

5 CONCLUSION

We identified Marginal Path Collapse as a fundamental failure mode in ratio-of-densities diffusion
steering and provided ACE, a framework that provably prevents it. Our path existence criterion
serves as a diagnostic tool to predict collapse, while our ACE framework first utilizing dynamic
exponent scheduling provably prevents it by ensuring a valid probability path from noise to data.
Empirically, ACE eliminates collapse, reduces distributional error by more than 5× on benchmarks,
and enables stable scaffold-based molecular design where existing methods fail. By transforming
ratio-of-densities steering from an unstable heuristic into a theoretically grounded methodology, our
work establishes both the foundations and the practical tools needed for robust inference-time con-
trol. We hope these contributions pave the way for reliable composition of heterogeneous generative
models in both creative applications and high-stakes scientific domains.
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Use of Large Language Models. Large language models (LLMs) were used to assist with writing,
including grammar, style, and clarity improvements, and for organizational feedback on early drafts.
LLMs were not used for generating original scientific content, designing experiments, or analyzing
results. All technical contributions, experiments, and conclusions are the work of the authors.
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Jin, Rose George, Jinhua Hu, Andrew Miller, Emmanuel Lenoir, Rob Arts, Vincent A. Blomen,
Sebastian Frank, Gerald E. Winter, Ugo Cavallaro, Brian M. Wolpin, Evan J. Greenspan, Ran-
dall D. Wright, Maurizio Heidenreich, Matthew Orth, Qiongsi Xu, Manman Gui, Jeff Perry, Eric
Stevens, Katharina Papsdorf, Camilo Munoz, Shanqing Li, Aviad Tsherniak, Jesse S. Boehm,
Todd R. Golub, and Benjamin L. Ebert. The cdk12/13-dependent transcriptional activation reg-
ulates the G1/S transition and is triggered by molecular glue degraders. Nature, 588(7838):164–
168, 2020. doi: 10.1038/s41586-020-2837-x.

Jiaming Song, Qinsheng Zhang, Hongxu Yin, Morteza Mardani, Ming-Yu Liu, Jan Kautz, Yongxin
Chen, and Arash Vahdat. Loss-guided diffusion models for plug-and-play controllable generation.
In Andreas Krause, Emma Brunskill, Kyunghyun Cho, Barbara Engelhardt, Sivan Sabato, and
Jonathan Scarlett (eds.), Proceedings of the 40th International Conference on Machine Learning,
volume 202 of Proceedings of Machine Learning Research, pp. 32483–32498. PMLR, 23–29 Jul
2023. URL https://proceedings.mlr.press/v202/song23k.html.

15

https://api.semanticscholar.org/CorpusID:265019398
https://api.semanticscholar.org/CorpusID:265019398
https://openreview.net/forum?id=loMa99A4p8
https://openreview.net/forum?id=loMa99A4p8
https://openreview.net/forum?id=i5MrJ6g5G1
https://openreview.net/forum?id=i5MrJ6g5G1
https://arxiv.org/abs/2210.13695
https://arxiv.org/abs/2505.16790
https://openreview.net/forum?id=Jp988ELppQ
https://openreview.net/forum?id=Jp988ELppQ
https://openreview.net/forum?id=Vhc0KrcqWu
https://openreview.net/forum?id=Vhc0KrcqWu
https://openreview.net/forum?id=2o58Mbqkd2
https://openreview.net/forum?id=2o58Mbqkd2
https://proceedings.mlr.press/v202/song23k.html


810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equations. In Interna-
tional Conference on Learning Representations, 2021. URL https://openreview.net/
forum?id=PxTIG12RRHS.

Dmitrii Sorokin, Maksim Nakhodnov, Andrey Kuznetsov, and Aibek Alanov. Imagerefl: Balancing
quality and diversity in human-aligned diffusion models, 2025. URL https://arxiv.org/
abs/2505.22569.

Gabriel Stoltz, Mathias Rousset, et al. Free energy computations: A mathematical perspective.
World Scientific, 2010.

Jocelyn Sunseri and David R. Koes. Pharmacophore-constrained fragment linking. Journal of
Chemical Information and Modeling, 60(3):1184–1193, 2020. doi: 10.1021/acs.jcim.9b00966.

Youhai Tan, Lingxue Dai, Weifeng Huang, Yinfeng Guo, Shuangjia Zheng, Jinping Lei, Hongming
Chen, and Yuedong Yang. Drlinker: deep reinforcement learning for optimization in fragment
linking design. Journal of Chemical Information and Modeling, 62(23):5907–5917, 2022.
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The source code is available at To_Be_Updated.
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A THEORETICAL FOUNDATIONS OF ACE FOR HETEROGENEOUS
RATIO-OF-DENSITIES

A.1 MAIN THEOREMS AND PROOFS

Definition A.1 (Ratio-of-Density Probability Path). Fix t ∈ [0, 1] and let µ be a σ-finite ref-
erence measure on Rd. For i = 1, . . . , n, let q(i)t : Rdi → [0,∞) be measurable densities and
q̃
(i)
t = q

(i)
t ◦ πi be their canonical lifts to Rd. We define the ratio-of-densities path as the

family of functions {p∗t }t∈[0,1] given by:

p∗t (x) :=
ht(x)

Zt
, where ht(x) =

n∏
i=1

(
q̃
(i)
t (x)

)γi

, (A.1)

provided the following existence conditions are satisfied:

• Support Inclusion: Let I+ = {i : γi > 0} and I− = {i : γi < 0}. Then
supp(

∏
i∈I+

q̃
(i)
t ) ⊆ supp(

∏
i∈I−

q̃
(i)
t ) =: Ωt, preventing singularities on the bound-

ary ∂Ωt.

• Integrability: The unnormalized product ht belongs to L1(µ) with 0 < Zt <∞.

Remark. Measurability of ht is guaranteed as the product of compositions of measurable func-
tions with continuous projections. The integrability condition ensures p∗t is a valid Radon-Nikodym
derivative dP∗

t /dµ.

Proposition A.1 (Expectation identity under Feynman–Kac dynamics). Let (pt)t∈[0,T ] be a
family of probability densities on Rd evolving according to the weighted Feynman–Kac PDE

∂

∂t
pt(x) = −∇·

(
pt(x) vt(x)

)
+

σ2
t

2
∆pt(x) + pt(x)

(
gt(x)−

∫
gt(y) pt(y) dy

)
, (A.2)

where vt : Rd → Rd is a drift field, σt > 0 a scalar diffusion coefficient, and gt : Rd → R a
measurable weight function.

Consider the diffusion process

dxt = vt(xt) dt+ σt dWt, x0 ∼ p0,

driven by a standard Brownian motion (Wt)t≥0. Define the weight process

wT = exp

(∫ T

0

gs(xs) ds

)
.

Then for any bounded test function ϕ : Rd → R,

EpT
[ϕ(xT )] =

1

ZT
E[wT ϕ(xT ) ] , (A.3)

where the expectation on the right is with respect to the law of the process (xt)t∈[0,T ], and
ZT > 0 is a normalizing constant for wT independent of xT .

Proof. The proof can be found in Proposition A.1. of Skreta et al. (2025a) or Section 4 of Stoltz
et al. (2010).
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Theorem A.1 (Adaptive path Correction with time-dependent Exponents (ACE)). For each
i ∈ {1, . . . , n}, let

γi(t) : R→ R

be differentiable with respect to t and {q(i)t }t∈[0,1] denote probability densities in Rdi with

respect to the Lebesgue measure. Suppose each probability path {q(i)t }t∈[0,1] is associated
with the stochastic differential equation (SDE):

X
(i)
0 ∼ q

(i)
0 , dX

(i)
t =

(
v
(i)
t (X

(i)
t ) +

σ
(i)
t

2

2 ∇ log q
(i)
t (X

(i)
t )
)
dt+ σ

(i)
t dW

(i)
t (A.4)

or, equivalently, the ordinary differential equation (ODE):

X
(i)
0 ∼ q

(i)
0 , dX

(i)
t = v

(i)
t (X

(i)
t )dt (A.5)

where W
(i)
t is a Wiener process in Rdi , s(i)t (x(i)) := ∇x(i) log q

(i)
t (x(i)), x(i) ∈ Rdi is the

score function, and the fields v(i)t , s
(i)
t ∈ C1 are measurable.

Let d = maxi di, πi : Rd → Rdi be a linear projection map, and ιi : Rdi → Rd be a linear
embedding map such that πi◦ιi = Idi. For a vector field f (i) : Rdi → Rdi , define its canonical
extension f̃ (i) : Rd → Rd by f̃ (i) = ιi◦f (i)◦πi. For q(i)t : Rdi → [0,∞), define the canonical
lift q̃(i)t : Rd → [0,∞) by q̃

(i)
t = q(i) ◦ πi.

If the assumptions of definition A.1 hold, then, for any differentiable vector field v∗t :
Rd → Rd, the stochastic process given by the following weighted SDE/ODE with s∗t (Xt) :=∑n

i=1 γi(t)s̃
(i)
t (Xt),

X0 ∼ p∗0, w0 = 1, log q
(i)
0 (X0) : standard gaussian density

dXt =
(
v∗t (Xt) +

σ2
t

2 s∗t (Xt)
)
dt+ σtdWt or dXt = v∗t (Xt)dt

d log q̃
(i)
t (Xt) =

(
−∇ · ṽ(i)t + (v∗t − ṽ

(i)
t ) · s̃(i)t +

σ2
t

2

(
s∗t · s̃

(i)
t +∇ · s̃(i)t

))
dt+ σts̃

(i)
t · dWt

or

d log q̃
(i)
t (Xt) =

[
−∇ · ṽ(i)t (Xt) + (v∗t (Xt)− ṽ

(i)
t (Xt)) · s̃(i)t (Xt)

]
dt

d logwt(Xt) =

[
∇ · v∗t (Xt) +

n∑
i=1

γ̇i(t) log q̃
(i)
t (Xt)

+

n∑
i=1

γi(t)
(
−∇ · ṽ(i)t (Xt) +

(
v∗t (Xt)− ṽ

(i)
t (Xt)

)
· s̃(i)t (Xt)

)]
dt

follows the probability path p∗t (x) = 1
Zt

∏n
i=1

(
q̃
(i)
t (x)

)γi(t)

, x ∈ Ωt where t ∈ [0, 1],

Ωt := supp(p∗t ) and Zt =
∫
Ωt

∏n
i=1

(
q̃
(i)
t (x)

)γi(t)

dx is the normalizing constant only de-
pendent on t.

Proof. From eq. (A.5) (or, equivalently, eq. (A.4)), each probability path {q(i)t }t∈[0,1] solves the
Fokker-Planck PDE given by ∂tq

(i)
t = −∇ · (v(i)t q

(i)
t ). Dividing both sides by q

(i)
t , we get,

∂t log q
(i)
t = −∇ · v(i)t − v

(i)
t · s

(i)
t (A.6)

By the Leibniz product rule,

1

Zt
∂t

n∏
i=1

(
q̃
(i)
t

)γi(t)

=
1

Zt
∂t

n∏
i=1

exp
(
γi(t) log q̃

(i)
t

)
= p∗t

n∑
i=1

(
γ̇i(t) log q̃

(i)
t + γi(t)∂t log q̃

(i)
t

)
(A.7)
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We derive the unified Feynman-Kac PDE for the heterogeneous product {p∗t }t∈[0,1] by the following:

∂t log p
∗
t =

n∑
i=1

(
γ̇i(t) log q̃

(i)
t + γi∂t log q̃

(i)
t

)
− ∂t logZt (A.8)

(A.7)
=

n∑
i=1

(
γ̇i(t) log q̃

(i)
t + γi∂t log q̃

(i)
t

)
−
∫
Ω

p∗t

n∑
i=1

(
γ̇i(t) log q̃

(i)
t + γi(t)∂t log q̃

(i)
t

)
dx

(A.9)
= −∇ · v∗t − v∗t · s∗t (A.10)

+∇ · v∗t + v∗t · s∗t +
n∑

i=1

(
γ̇i(t) log q̃

(i)
t + γi∂t log q̃

(i)
t

)
︸ ︷︷ ︸

=:gt

(A.11)

− Ep∗
t

[
n∑

i=1

(
γ̇i(t) log q̃

(i)
t + γi(t)∂t log q̃

(i)
t

)]
(A.12)

= −∇ · v∗t − v∗t · s∗t + gt − Ep∗
t
[gt] (A.13)

where we used the boundary assumption from definition A.1 and the divergence theorem:

Ep∗
t
[∇ · v∗t + v∗t · s∗t ] =

∫
Ωt

(∇ · v∗t (x) + v∗t (x) · s∗t (x))p∗t (x)dx (A.14)

=

∫
Ωt

∇ · (v∗t (x)p∗t (x))dx =

∫
∂Ωt

(v∗t (x) p∗t (x)︸ ︷︷ ︸
0 on ∂Ωt

) · dS = 0 (A.15)

Multiplying p∗t on both sides of eq. (A.13) yields:

∂tp
∗
t = −∇ · (v∗t p∗t ) + p∗t

(
gt − Ep∗

t
[gt]
)

(A.16)

where

gt = ∇ · v∗t + v∗t · s∗t +
n∑

i=1

(
γ̇i(t) log q̃

(i)
t + γi∂t log q̃

(i)
t

)
(A.17)

= ∇ · v∗t + v∗t · s∗t +
n∑

i=1

(
γ̇i(t) log q̃

(i)
t + γi(−∇ · v(i)t − v

(i)
t · s

(i)
t )
)

(A.18)

= ∇ · v∗t +

n∑
i=1

γ̇i(t) log q̃
(i)
t +

n∑
i=1

γi

(
−∇ · ṽ(i)t +

(
v∗t − ṽ

(i)
t

)
· s̃(i)t

)
(A.19)

We can obtain the value of log q̃(i)t (Xt) by simulating an ODE (if Xt follows an ODE) or an SDE
(if Xt follows an SDE).

∂t log q̃
(i)
t = −∇ · ṽ(i)t − ṽ

(i)
t · s̃

(i)
t (A.20)

ODE case: dXt = v∗t (Xt)dt

d

dt
log q̃

(i)
t (Xt) = ∂t log q̃

(i)
t (x = Xt) +∇ log q̃

(i)
t (x = Xt) ·

dXt

dt
(A.21)

= −∇ · ṽ(i)t (Xt) + (v∗t (Xt)− ṽ
(i)
t (Xt)) · s̃(i)t (Xt) (A.22)

SDE case: dXt =
(
v∗t (Xt) +

σ2
t

2 s∗t (Xt)
)
dt+ σtdWt

For the SDE case, we must use Itó’s formula to find the differential d log q̃(i)t (Xt). Given the function
f(t, x) and the SDE for Xt above, Itó’s formula states that

df(t,Xt) =

(
∂tf + µt · ∇Xf +

1

2
Tr(Σ⊺

t∇2
XfΣt)

)
dt+ (∇Xf)⊺ΣtdWt,
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where f(t,Xt) = log q̃
(i)
t (Xt), µt = v∗t +

σ2
t

2 s∗t , and Σt = σtI .

Applying that ∇Xf = ∇X log q̃
(i)
t = s̃

(i)
t , 1

2 Tr(Σ
⊺
t∇2

XfΣt) =
σ2
t

2 ∆Xf =
σ2
t

2 ∇ · s̃
(i)
t :

d log q̃
(i)
t (Xt) =

(
−∇ · ṽ(i)t + (v∗t − ṽ

(i)
t ) · s̃(i)t +

σ2
t

2

(
s∗t · s̃

(i)
t +∇ · s̃(i)t

))
dt+ σts̃

(i)
t · dWt

(A.23)

By Proposition A.1, we can sample from p∗t by simulating the following weighted SDE or ODE
starting from X0 ∼ p∗0, w0 = 1:

SDE: dXt =
(
v∗t (Xt) +

σ2
t

2 s∗t (Xt)
)
dt+ σtdWt, d logwt = gt(Xt)dt (A.24)

ODE: dXt = v∗t (Xt)dt, d logwt = gt(Xt)dt (A.25)

Our result extends, subsumes, and unifies prior formulations (Skreta et al. (2025a); Mark et al.
(2025)) in the literature.

Remark. Interpretation. The auxiliary weight process (wt) plays the role of a likelihood ratio
corrector: it accounts for the discrepancy between the law induced by the forward dynamics (Xt)
and the target density p∗t . In other words, although the marginal of Xt alone may not coincide
with p∗t , the pair (Xt, wt) ensures unbiased recovery of expectations under p∗t via Proposition A.1.
This extends and unifies earlier formulations of weighted Feynman–Kac dynamics in the literature
(Skreta et al., 2025a; Mark et al., 2025).
Remark. Practical simulation. From an algorithmic perspective, the weighted SDE/ODE requires
no additional training or architecture-specific modifications. Practitioners only need to simulate
sample paths (Xt) according to the chosen dynamics and accumulate weights via the exponential
update d logwt = gt(Xt) dt. In practice, this can be carried out efficiently with Sequential Monte
Carlo (SMC) or particle filtering methods, where the weights wt play the usual role of importance
weights.

Although the heterogeneous Feynman–Kac framework (Theorem A.1) may appear abstract, its
input–output structure is remarkably simple: given the forward dynamics and score functions
{v(i)t , s

(i)
t }i, one can simulate particles (Xt, wt) and obtain unbiased estimators for expectations un-

der p∗t . This makes the method broadly applicable without architectural constraints such as attention-
map control or model-specific fine-tuning.
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A.2 ALGORITHMIC FORMULATIONS AND COMPARISON: FKC VS. ACE Reviewer
jeuE,
naNyHere, we present the algorithmic tables for FKC and ACE. As the tables indicate, FKC arises as a

special case of ACE when the gamma schedule is constant. This results in an extra update for log q
components, which is needed because γ̇i(t) ̸= 0.

Algorithm 1 Adaptive Correction with Exponents (ACE, Ours)

Require:
• Batch size N , initial particles Xj

0 ∼ p∗0, weights wj
0 = 1/N

• Networks: scores s(i)θi
and velocities v(i)θi

for the paths q(i)t

• Projection πi, embedding ιi, time-varying exponents γi(t)
• Base drift v∗ϕ, noise schedule σt, steps T , resampling threshold τ

1: ∆t← 1/T
2: for t = 0,∆t, . . . , 1−∆t do
3: Mixture score: s∗t (x) =

∑n
i=1 γi(t) s̃

(i)
t (x) with s̃

(i)
t (x) = ιi(s

(i)
θi
(πi(x), t)).

4: Drift: µt(x) = v∗ϕ(x, t) +
σ2
t

2 s∗t (x)

5: Component drift correction with ṽ
(i)
t (x) = ιi(v

(i)
θi
(πi(x), t)):

D
(i)
t (x) = −∇ · ṽ(i)t (x) + (v∗ϕ(x, t)− ṽ

(i)
t (x)) · s̃(i)t (x),

6: for j = 1, . . . , N do
7: Propagate particle: Xj

t+∆t = Xj
t + µt(X

j
t )∆t+ σt

√
∆t ξjt , ξjt ∼ N (0, I)

8: Update log-components: log q(i),jt+∆t = log q
(i),j
t +∆ log q

(i),j
t ∆t with

∆ log q
(i),j
t = D

(i)
t (Xj

t ) +
σ2
t

2

(
s∗t · s̃

(i)
t +∇ · s̃(i)t

)
+ σt s̃

(i)
t · ξ

j
t

√
∆t

9: Update weight: logwj
t+∆t = logwj

t +∆ logwj
t ∆t with

∆ logwj
t = ∇ · v∗ϕ(X

j
t , t) +

n∑
i=1

γ̇i(t) log q
(i),j
t +

n∑
i=1

γi(t)D
(i)
t (Xj

t )

10: end for

11: Compute Effective Sample Size (ESS) =
(
∑

j w
j
t+∆t)

2∑
j(w

j
t+∆t)

2

12: if ESS < τN then
13: Resample particles according to { wj

t+∆t∑
j wj

t+∆t

}

14: Reset wj
t+∆t = 1/N

15: end if
16: end for
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Algorithm 2 Feynman–Kac Corrector (FKC, (Skreta et al., 2025a))

Require:
• Batch size N , initial particles Xj

0 ∼ p∗0, weights wj
0 = 1/N

• Pretrained component networks: scores s(i)θi
and velocities v(i)θi

for q(i)t
• Projections πi, embeddings ιi, constant exponents γi
• Base drift v∗ϕ(x, t), noise schedule σt, total steps T , resampling threshold τ

1: ∆t← 1/T
2: for t = 0,∆t, . . . , 1−∆t do
3: Mixture score: s∗t (x) =

∑n
i=1 γi s̃

(i)
t (x) with s̃

(i)
t (x) = ιi(s

(i)
θi
(πi(x), t)).

4: Drift: µt(x) = v∗ϕ(x, t) +
σ2
t

2 s∗t (x)

5: Component drift correction with ṽ
(i)
t (x) = ιi(v

(i)
θi
(πi(x), t)):

D
(i)
t (x) = −∇ · ṽ(i)t (x) + (v∗ϕ(x, t)− ṽ

(i)
t (x)) · s̃(i)t (x),

6: for j = 1, . . . , N do
7: Propagate particle: Xj

t+∆t = Xj
t + µt(X

j
t )∆t+ σt

√
∆t ξjt , ξjt ∼ N (0, I)

8: Update weight: logwj
t+∆t = logwj

t +∆ logwj
t ∆t with

∆ logwj
t = ∇ · v∗ϕ(X

j
t , t) +

n∑
i=1

γi D
(i)
t (Xj

t )

9: end for

10: Compute Effective Sample Size (ESS) =
(
∑

j w
j
t+∆t)

2∑
j(w

j
t+∆t)

2

11: if ESS < τN then
12: Resample particles according to { wj

t+∆t∑
j wj

t+∆t

}

13: Reset wj
t+∆t = 1/N

14: end if
15: end for

Remark. Remark on computability vs. validity. The FKC algorithm remains numerically com-
putable even when Marginal Path Collapse occurs: the mixed score s∗t and the update rules in
Algorithm 2 produce finite values at every step. However, this computability does not imply that the
algorithm is sampling from a valid probability model. FKC is theoretically justified only when the
target path p∗t (x) ∝ ht(x) exists as a family of normalizable densities for all t on the discretization
grid. If for some t∗ the ratio-of-densities integrand ht∗ fails to lie in L1 (i.e. Zt∗ =

∫
ht∗ = ∞),

then p∗t∗ does not exist, and the drift field s∗t∗ used by FKC is no longer the score of any probability
density. As a result, the reverse SDE/ODE and the weighted Feynman–Kac dynamics no longer
transport the intended ratio-of-densities path {p∗t }: instead they follow a different density path {p′t}
determined by their coefficients. Even though the sampler remains numerically well-defined, its
terminal law p′t is no longer equal to the desired target p∗1.

Under standard regularity assumptions on the drift and diffusion, the Fokker–Planck equation asso-
ciated with a given SDE has a unique weak solution for each initial probability density. Therefore, if
there exists tc with htc /∈ L1 (Marginal Path Collapse), there is no probability path {p∗t } that both (i)
coincides with ht/Zt whenever ht ∈ L1 and (ii) solves the same Fokker–Planck equation globally.
The path produced by FKC, {p′t}, is hence a different solution induced by its own initial condition
and cannot coincide with the intended ratio-of-densities path.

Empirically, in every heterogeneous setting we tested, violation of the path-existence criterion (The-
orem 2.1) leads FKC to complete failure (typically through unstable or degenerate importance
weights) despite the algorithm itself producing finite updates. This behavior is exactly the Marginal
Path Collapse phenomenon. Our path-existence criterion characterizes when Zt < ∞ holds, and
Theorem 2.2 shows how ACE constructs corrected exponent schedules ensuring that the entire path
{p∗t }t∈[0,1] is well-defined, allowing the weighted SDE established in Theorem 2.3 and Algorithm 1
to provide unbiased samples from the desired target.
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B INTEGRABILITY PRESERVATION ALONG STOCHASTIC PATHS

The problem of preserving integrability for ratios of products of densities along stochastic paths
is non-trivial. While general ratios can exhibit pathological behavior where integrability is lost,
imposing a structural condition of component-wise dominance for GMMs, or positivity of a sim-
ple criterion for compactly supported densities, is sufficient to prevent such failures. This section
demonstrates that under these conditions, integrability, once established at endpoints, is maintained
throughout the evolution.

B.1 MATHEMATICAL PRELIMINARIES

Definition B.1 (Generative Stochastic Path for Stochastic Interpolants). Let X0 ∼ N (0, I) and
X1 ∼ p1(x) be independent random variables. A generative stochastic path is a time-indexed
random variable Xt for t ∈ [0, 1] defined by the sample-wise interpolation:

Xt = αtX0 + βtX1 (B.1)

where αt, βt are non-negative, differentiable functions of t satisfying the boundary conditions
α0 = 1, β0 = 0 and α1 = 0, β1 = 1.

Remark (Ornstein-Uhlenbeck Process and Flow Matching as Special Cases of Stochastic Inter-
polants). The generalized path encompasses the two most common paths in generative modeling.

• Flow Matching (Linear Path): Setting αt = 1−t and βt = t gives the linear interpolation
path Xt = (1− t)X0 + tX1.

• Diffusion Models (OU-like Path): Setting αt = e−
∫ t
0
γ(s)ds and βt =

√
1− e−2

∫ t
0
γ(s)ds

corresponds to the path generated by an Ornstein-Uhlenbeck process, commonly used in
diffusion models.

Our results hold for the general path, which includes these specific cases.

Lemma B.1 (The relationship between the velocity and score). Suppose vt(x) is a locally
Lipschitz vector field which generates the probability path pt between p0 ∼ N (0, I) and p1
with differentiable schedules αt, βt such that Xt = αtX0 + βtX1 ∼ pt. Then the score can be
expressed as a function of the velocity field by:

∇ log pt(x) =
1

αt

(
β̇t

βt
αt − α̇t

) (vt(x)− β̇t

βt
x
)

(B.2)

Specifically, for αt = 1− t, βt = t (Flow Matching), the score can be expressed as

∇ log pt(x) =
tvt(x)− x

1− t
(B.3)

Proof. The proof can be found in B.4 of Domingo-Enrich et al. (2024).

Lemma B.2 (Sum of Independent Random Variables). Let A and B be two independent ran-
dom variables in Rd with probability density functions pA(a) and pB(b), respectively. The
probability density function of their sum, C = A + B, is given by the convolution of their
individual PDFs:

pC(c) = (pA ∗ pB)(c) =
∫
Rd

pA(y)pB(c− y)dy (B.4)

Proof. The proof can be found in Chapter 6 of Ross et al. (1998).
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Proposition B.1 (Distribution Along the Path of the Stochastic Interpolant). The probability
density function pt(x) of the random variable Xt = αtX0 + βtX1 is given by the convolution
of the scaled final density with a Gaussian kernel:

pt(x) =

(
1

βd
t

p1

(
·
βt

))
∗ N (x|0, α2

t I) (B.5)

Proof. Xt is the sum of two independent random variables: A = αtX0 and B = βtX1. The density
of A is N (x|0, α2

t I). The density of B is 1
βd
t
p1(

x
βt
). By lemma B.2, the density of their sum Xt is

the convolution of their respective densities.

Lemma B.3 (Integrability of Exponential Functions with Quadratic Exponents). Let

f(x) = exp
(
− 1

2x
⊤Ax+ b⊤x+ c

)
be an exponential function with a quadratic exponent, where A ∈ Rd×d is symmetric. Then
f ∈ L1(Rd) if and only if A ≻ 0.

Reviewer
gBQy

Proof. (⇒) If A ≻ 0, then − 1
2x

⊤Ax dominates the linear term b⊤x, so f(x) is bounded by a
Gaussian density and is therefore integrable over Rd. (⇐) Suppose A ⊁ 0. Then there exists a unit

eigenvector v of A with eigenvalue λ ≤ 0. Decompose x = tv + y with y ⊥ v; in this orthogonal
basis the exponent becomes

− 1
2λt

2 + b1t − 1
2y

⊤A⊥y + b⊤⊥y.

Consider integrating f over the unbounded tube

Cr = {(t, y) : ∥y∥ ≤ r}, r > 0.

If λ < 0, the term − 1
2λt

2 grows positively and the integral diverges. If λ = 0, then the exponent
along the t-direction is at most linear: If b1 ̸= 0, the integrand grows (or decays too slowly) linearly;
if b1 = 0, the integrand has no decay along t. In either case the integral over Cr diverges. Hence
f /∈ L1(Rd) whenever A is not positive definite.

B.2 COMPACTLY SUPPORTED DISTRIBUTIONS

We consider compactly supported densities, a condition satisfied by the vast majority of real-world
data. Examples include:

• Images/Videos: Pixel values are bounded, typically in a hypercube like [0, 1]H×W×C .
Videos are a sequence of images spread across the time dimension T , bounded in a hyper-
cube of even higher dimension, like [0, 1]H×W×C×T .

• 3D Molecules/Shapes: Atomic coordinates are constrained within a finite volume centered
at the center of mass.

Proposition B.2 (Isotropic Gaussian to Compactly Supported Target Density). Let p0(x) =
N (x; 0, σ2

0I) and let p1 be a probability density with compact support in Rd. Let {pt}t∈[0,1]

be the probability path generated by stochastic interpolant Xt = αtX0 + βtX1. Then, for
any t ∈ [0, 1), there exist finite positive constants 0 < C±, µt, Vt, Rt < ∞ such that pt(x) is
bounded by Gaussian envelopes:

C− exp

(
−∥x− µt∥2 + ∥µt∥2 − Vt

2α2
tσ

2
0

)
≤ pt(x) ≤ C+ exp

(
−(∥x∥ −Rt)

2 +R2
t

2α2
tσ

2
0

)

26



1404
1405
1406
1407
1408
1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429
1430
1431
1432
1433
1434
1435
1436
1437
1438
1439
1440
1441
1442
1443
1444
1445
1446
1447
1448
1449
1450
1451
1452
1453
1454
1455
1456
1457

Under review as a conference paper at ICLR 2026

Proof. Let Nt(x) = N (x; 0, σ2
t I) be the density of αtX0, where σ2

t = α2
tσ

2
0 . Let ρt(y) be the

density of Yt = βtX1. Since p1 is compactly supported, ρt is supported on a compact set Ωt. The
path density is the convolution pt = Nt ∗ ρt.We analyze the ratio pt(x)/Nt(x):

pt(x)

Nt(x)
=

∫
Ωt

Nt(x− y)

Nt(x)
ρt(y)dy =

∫
Ωt

exp

(
2x · y − ∥y∥2

2σ2
t

)
ρt(y)dy = EY∼ρt

[
exp

(
2x · Y − ∥Y ∥2

2σ2
t

)]
.

Upper Bound: Let Rt = supy∈Ωt
∥y∥ < ∞. Using Cauchy-Schwarz, 2x · y − ∥y∥2 ≤ 2∥x∥Rt.

Thus,

pt(x) ≤ Nt(x) exp

(
2∥x∥Rt

2σ2
t

)
=

1

(2πσ2
t )

d/2
exp

(
−∥x∥2 + 2∥x∥Rt

2σ2
t

)
.

Completing the square in the exponent yields the form in the proposition statement.

Lower Bound: We apply Jensen’s inequality (E[eZ ] ≥ eE[Z]). Let µt = E[Y ] and Vt = E[∥Y ∥2].

pt(x)

Nt(x)
≥ exp

(
EY∼ρt

[
2x · Y − ∥Y ∥2

2σ2
t

])
= exp

(
2x · µt − Vt

2σ2
t

)
.

Multiplying by Nt(x) and rearranging terms yields the lower bound.

Remark. The compact support assumption is crucial. It ensures Rt < ∞ (valid upper bound) and
the existence of all moments µt, Vt (valid lower bound). For heavy-tailed target distributions (e.g.,
Cauchy), these moments may not exist, invalidating the lower bound.

Theorem B.1 (Integrability Preservation Condition for Compactly Supported Targets). For
each i ∈ {1, . . . , n}, let {q(i)t }t∈[0,1] be probability paths in Rdi generated by X

(i)
t =

α
(i)
t X

(i)
0 + β

(i)
t X

(i)
1 where X

(i)
0 ∼ q

(i)
0 = N (0, I) and X

(i)
1 ∼ q

(i)
1 has compact support.

Let d := maxi di and γi(t) ∈ R for t ∈ [0, 1].

Let πi : Rd → Rdi be projections onto coordinate sets Iia. Define the lifted product

ht(x) :=

n∏
i=1

(q̃
(i)
t (πi(x)))

γi(t)

If h1(x) is integrable and for every coordinate k ∈ {1, . . . , d} and all t ∈ [0, 1),

Ck(t) :=
∑

i: k∈Ii

γi(t)

(α
(i)
t )2

> 0, (B.6)

then {ht}t∈[0,1] has the path existence property (i.e., ht ∈ L1(Rd) for all t ∈ [0, 1]).

Conversely, if there exists a coordinate k∗ ∈ {1, . . . , d} and t∗ ∈ [0, 1) such that Ck∗(t∗) < 0,
then {ht}t∈[0,1] is not integrable at t∗ (Marginal Path Collapse).

aWe can write πi(x1, . . . , xd) = (xk1 , . . . , xkdi
). Let Ii := {k1, . . . , kdi} be the set of coordinate

indices that πi projects onto. Lifted densities are q̃
(i)
t = q

(i)
t ◦ πi.

Proof. 1. Sufficiency for path existence.

Endpoint (t = 1): Integrability of h1 holds by assumption.

Interval t ∈ [0, 1): We construct an integrable upper bound. Applying Proposition B.2 to the lifted
densities q̃(i)t (x) = q

(i)
t (πi(x)), we use the upper bound formula for γi(t) > 0 and the lower bound

formula for γi(t) < 0 (since negative exponents reverse the inequality).

ht(x) ≤
∏
γi>0

C+,ie

−∥πi(x)∥2+2∥πi(x)∥R(i)
t

2(α
(i)
t )2

γi ∏
γi<0

C−,ie

−∥πi(x)−µ
(i)
t ∥2+∥µ(i)

t ∥2−V
(i)
t

2(α
(i)
t )2

γi
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The integrability is determined by the coefficient of the quadratic term ∥x∥2 in the exponent. Ex-
panding ∥πi(x)∥2 =

∑
k∈Ii

x2
k, the aggregate quadratic term in the exponent is:

n∑
i=1

γi(t)

(
−∥πi(x)∥2

2(α
(i)
t )2

)
= −1

2

n∑
i=1

∑
k∈Ii

γi(t)

(α
(i)
t )2

x2
k = −1

2

d∑
k=1

( ∑
i:k∈Ii

γi(t)

(α
(i)
t )2

)
x2
k. (B.7)

By Condition B.6, the coefficient for every x2
k is strictly negative. Thus, the upper bound behaves as

exp(− 1
2x

⊤Λtx+O(∥x∥)) with positive definite Λt, ensuring integrability (Lemma B.3).

2. Sufficiency for Marginal Path Collapse at t∗.

We construct a diverging lower bound. Applying Proposition B.2 using the lower bound formula for
γi(t) > 0 and the upper bound formula for γi(t) < 0, we derive:

ht(x) ≥
∏
γi>0

C−,ie

−∥πi(x)−µ
(i)
t ∥2+∥µ(i)

t ∥2−V
(i)
t

2(α
(i)
t )2

γi ∏
γi<0

C+,ie

−∥πi(x)∥2+2∥πi(x)∥R(i)
t

2(α
(i)
t )2

γi

The quadratic term in exponent is precisely equation B.7 since the quadratic terms are the same for
both upper and lower bounds in Proposition B.2. Thus, the exponent can be written as − 1

2x
⊤Ax+

D(x), where A is a diagonal matrix with entries Ajj =
∑

i:k∈Ii

γi(t)

(α
(i)
t )2

, and D(x) collects the linear

and constant terms. At time t∗, since Ak∗k∗ < 0, the matrix A is not positive definite (A ⊁ 0), and
by Lemma B.3, the lower bound diverges, leading to Marginal Path Collapse.

Remark. As a consequence of Theorem B.1 (sufficiency), the path p∗t = ht/Zt, t ∈ [0, 1] with
Zt =

∫
Rd ht(x)dx is well defined on Rd, establishing the conditions for ACE (Theorem A.1).

B.3 ADAPTIVE EXPONENTS AND BUMP FUNCTION CORRECTIONS

If the criterion in Theorem B.1 is violated, we can adapt the exponents γi(t) to restore integrability.
We present two cases: the general continuous case and the practical discretized case.

Theorem B.2 (Adaptive Exponents). Let α(i)
t be differentiable on [0, 1] with α

(i)
0 = 1, α

(i)
1 =

0, and α
(i)
t > 0 for t ∈ (0, 1). Let γi(t) be the linear interpolation of fixed boundary values

γi(0), γi(1) such that

S(t, {γi}i) :=
n∑

i=1

γi(t)

(α
(i)
t )2

satisfies S(0, {γi}i) > 0 and limt→1− S(t, {γi}i) > 0.

Then, there exist differentiable functions γ̃i(t) satisfying the boundary conditions such that
S(t, {γ̃i}i) > 0 for all t ∈ [0, 1).

Proof. We prove by constructing a working solution. Note that the solution is not unique.

Step 1. First check if the default solution (linear interpolation of boundary values), γi(t) = tγi(0)+
(1 − t)γi(1) for all i satisfies S(t, {γi}i) > 0 ∀t. If so, we are done. If not, we may construct a
valid solution in a single corrective step.

Step 2. If γi fails, it is because ∃t ∈ (0, 1) such that S(t, {γi}i) ≤ 0.

1. Find the time tmin where the sum S(t, {γi}i) is at its minimum. We can ensure that this
exists, since there exists δ1, δ2 > 0 such that ∀t ∈ [0, δ1) ∪ (δ2, 1), S(t, {γi}i) > 0. This
comes from our assumption S(0, {γi}i) > 0, limt→1− S(t, {γi}i) > 0 and the continuity
of S(t, {γi}i) with respect to t. Then, S(t, {γi}i) is a continuous function on a compact
set [δ1, δ2] which admits a maximum and minimum value. Since the negative values of
S(t, {γi}i) are all contained in the compact set [δ1, δ2], ∃tmin ∈ [δ1, δ2] such that

Smin := min
t∈[0,1]

S(t, {γi}i) = min
t∈[δ1,δ2]

S(t, {γi}i) = S(tmin, {γi}i)

28



1512
1513
1514
1515
1516
1517
1518
1519
1520
1521
1522
1523
1524
1525
1526
1527
1528
1529
1530
1531
1532
1533
1534
1535
1536
1537
1538
1539
1540
1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556
1557
1558
1559
1560
1561
1562
1563
1564
1565

Under review as a conference paper at ICLR 2026

2. Define the bump function by b(t) = t(1− t) such that b(0) = b(1) = 0 and b(t) is always
nonnegative on [0, 1]. We denote the minimum value of b(t) on t ∈ [δ1, δ2] by bmin > 0.

3. We will choose the index j such that γj(tmin)

(α
(j)
tmin

)2
is the largest. This will have a greater positive

impact when the denominator is small.

4. Let cmin := mint∈[δ1,δ2] bmin/(α
(j)
t )2. This exists and is positive since α

(j)
t is positive and

continuous on [δ1, δ2]. We also have the inequality,

cmin ≤
b(t)

(α
(j)
t )2

∀t ∈ [δ1, δ2]

5. Finally, define the adaptive exponent via γ̃j(t) := γj(t) +B · b(t) where

B =

(
|Smin|
cmin

+ 1

)
All other functions are preserved: γ̃i = γi ∀i ̸= j.

Now we verify that S(t, {γ̃i}i) with our adaptive exponent γ̃j(t) is strictly positive for all t ∈ [0, 1].
For t ∈ [0, δ1) ∪ (δ2, 1], S(t, {γ̃i}i) ≥ S(t, {γi}i) > 0 is already positive. For t ∈ [δ1, δ2],

S(t, {γ̃i}i) = S(t, {γi}i) +
(
|Smin|
cmin

+ 1

)
b(t)

(α
(j)
t )2

≥ Smin + |S(tmin)|+ cmin > 0

from the positivity of cmin.

Remark. For numeric stability, we want each γi(t) to stay as constant as possible. In other words,
the functions that satisfy the boundary conditions while minimizing change,∫ 1

0

n∑
i=1

(γ̇i(t))
2dt

are the functions we want. The best a simplest candidate solution is therefore the constant function,
γi(t) = γi(0) = γi(1). Our solution guarantees∫ 1

0

n∑
i=1

(γ̇i(t))
2dt ≤

(
|Smin|
cmin

+ 1

)

Theorem B.3 (Adaptive Exponents for Discretized Sampling). Consider a discretization of
the time interval 0 = t0 < · · · < tM = tend < 1 and let α(i)

t , γi(t), S(t, {γi}i) be defined
as in Theorem B.2. Assume S(0, {γi}i) > 0. Then there exist differentiable functions γ̃i(t)
preserving boundary values such that the criterion sum

S(t, {γ̃i}i) =
n∑

i=1

γ̃i(t)

(α
(i)
t )2

is strictly positive for all t ∈ [0, tend].

Proof. Since tend < 1 and α
(i)
t > 0 on [0, 1), the term 1/(α

(i)
t )2 is bounded on the compact interval

[0, tend].If S(t, {γi}i) ≤ 0 at some point, let tmin ∈ (0, tend] be the time minimizing S(t, {γi}i)
and Smin be the minimum value. Since S(0, {γi}i) > 0, there exists δ > 0 such that S(t, {γi}i)
is positive on [0, δ]. We choose a smooth bump function b(t) such that b(0) = 0, b(1) = 0, and
b(t) > 0 on [δ, tend]. Pick index j. Since α

(j)
t is bounded and non-zero on [δ, tend], the quantity

b(t)/(α
(j)
t )2 is bounded and non-negative. Let Cmin > 0 be its minimum on [δ, tend].
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We update γ̃j(t) = γj(t) +B · b(t). For t < δ, the sum is always positive. For t ∈ [δ, tend], the new
sum is

S(t, {γ̃i}i) = S(t, {γi}i) +B
b(t)

(α
(j)
t )2

≥ Smin +B · Cmin

By selecting B sufficiently large, we can force S(t, {γ̃i}i) > 0 over the entire sampling interval
while maintaining the fixed boundary values for the exponents.

B.4 GAUSSIAN MIXTURE MODELS

We investigate integrability preservation for Gaussian Mixture Models (GMMs). Consider proba-
bility paths {pt}t∈[0,1] generated by stochastic interpolants (Definition B.1), where the initial distri-
bution p0 is standard normal N (0, I) and the final distribution p1 is a GMM.

Definition B.2 (Gaussian Mixture Model). A Gaussian Mixture Model (GMM) p(x) in Rd

is a probability density of the form:

p(x) =
J∑

j=1

wjN (x;µj ,Σj) (B.8)

where weights wj > 0 sum to 1, and each covariance matrix Σj is positive definite.

Product of GMMs. Similar to the compactly supported target case, integrability at the boundaries
does not automatically imply integrability at intermediate times. A counterexample is provided
in the main text (Eq. 3 and Fig. 2), demonstrating that intermediate paths can diverge even when
endpoints are valid.

To guarantee integrability for ratios of product-of-GMMs, we must enforce a stronger structural
condition. We first derive precise exponential bounds.

Lemma B.4 (Exponential Bounds for GMMs). Let q(x) =
∑J

j=1 cjN (x;µj ,Σj). Define the
extremal eigenvalues λmax(q) := maxj λmax(Σj) and λmin(q) := minj λmin(Σj). Then there
exist finite constants K±, L± > 0 such that for all x ∈ Rd:

q(x) ≤ K+ exp

(
− ∥x∥2

2λmax(q)
+ L+∥x∥

)
, (B.9)

q(x) ≥ K− exp

(
− ∥x∥2

2λmin(q)
− L−∥x∥

)
. (B.10)

Proof. Upper Bound: q(x) ≤
∑

j N (x;µj ,Σj). For each component j, we bound the quadratic
form in the exponent using Rayleigh quotients:

(x− µj)
⊤Σ−1

j (x− µj) ≥ λmax(Σj)
−1∥x− µj∥2 ≥

1

λmax(q)
(∥x∥2 − 2∥x∥∥µj∥).

Substituting this into the Gaussian PDF, we define L+ = maxj
∥µj∥

λmax(q)
and collect constants into

K+.

Lower Bound: q(x) ≥ cj∗N (x;µj∗ ,Σj∗) for any index j∗. We upper bound the quadratic form:

(x− µj∗)
⊤Σ−1

j∗ (x− µj∗) ≤ λmin(Σj∗)
−1∥x− µj∗∥2 ≤

1

λmin(q)
(∥x∥2 + 2∥x∥∥µj∗∥+ ∥µj∗∥2).

Substituting this yields the form in eq. (B.10) with L− =
∥µj∗∥
λmin(q)

.

We now state the sufficient and necessary conditions for integrability of heterogeneous products.
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Theorem B.4 (Integrability Preservation for Heterogeneous Products). Let {q(i)t } be GMM
probability paths generated by X

(i)
t = α

(i)
t X

(i)
0 + β

(i)
t X

(i)
1 with X

(i)
0 ∼ N (0, I). Let πi :

Rd → Rdi be projections onto coordinate index sets Ii, and define the composite function
gt(x) :=

∏n
i=1(q̃

(i)
t (x))γi , where q̃

(i)
t = q

(i)
t ◦ πi.

For each coordinate k ∈ {1, . . . , d} and time t ∈ [0, 1), we define two stability coefficients.
The sufficiency criterion Csuff

k (t) is defined as:

Csuff
k (t) :=

∑
i:k∈Ii,γi>0

γi

λmax(q
(i)
t )

+
∑

i:k∈Ii,γi<0

γi

λmin(q
(i)
t )

. (B.11)

The necessity criterion Cnec
k (t) is defined as:

Cnec
k (t) :=

∑
i:k∈Ii,γi>0

γi

λmin(q
(i)
t )

+
∑

i:k∈Ii,γi<0

γi

λmax(q
(i)
t )

. (B.12)

If g1(x) is integrable, then:

1. (Sufficiency) If Csuff
k (t) > 0 for all k and all t ∈ [0, 1), then gt(x) is integrable for all

t ∈ [0, 1].

2. (Necessity) Conversely, if there exists a coordinate k and time t such that Cnec
k (t) < 0,

then gt(x) is not integrable.

Proof. Sufficiency (Csuff
k (t) > 0): We construct an integrable upper bound for gt(x). To upper

bound a product with positive and negative exponents, we require an upper bound for terms with
γi > 0 and a lower bound for terms with γi < 0 (since negative exponents invert the inequality).
Applying Lemma B.4:

gt(x) ≤
∏
γi>0

(
K+,ie

− ∥πi(x)∥2

2λmax(q
(i)
t )

+L+,i∥πi(x)∥
)γi ∏

γi<0

(
K−,ie

− ∥πi(x)∥2

2λmin(q
(i)
t )

−L−,i∥πi(x)∥
)γi

= K exp

(
−1

2

d∑
k=1

Csuff
k (t)x2

k +

n∑
i=1

δi∥πi(x)∥

)
.

The coefficient of the quadratic term x2
k in the exponent corresponds exactly to Csuff

k (t) defined in
Eq. B.11. The linear terms are bounded by D∥x∥ for some finite D > 0 (the constants δi are also
finite). Thus, the exponent behaves as − 1

2x
⊤diag(Csuff(t))x + O(∥x∥). Since Csuff

k (t) > 0 for all
k, the quadratic decay dominates the linear growth, ensuring integrability on Rd.

Necessity (Cnec
k (t) < 0): We prove this by constructing a lower bound that diverges. To lower

bound the product, we require a lower bound for terms with γi > 0 and an upper bound for terms
with γi < 0. Applying the reverse inequalities from Lemma B.4:

gt(x) ≥
∏
γi>0

(
K−,ie

− ∥πi(x)∥2

2λmin(q
(i)
t )

−L−,i∥πi(x)∥
)γi ∏

γi<0

(
K+,ie

− ∥πi(x)∥2

2λmax(q
(i)
t )

+L+,i∥πi(x)∥
)γi

= K̃ exp

(
−1

2

d∑
k=1

Cnec
k (t)x2

k − D̃(x)

)
where the quadratic coefficient is exactly Cnec

k (t) defined in Eq. B.12, and D̃(x) captures linear
terms. The exponent is quadratic with coefficient matrix A, a diagonal matrix whose entries are
Ajj = Cnec

k (t). Let k∗ be a coordinate such that Cnec
k∗ (t) < 0. Then Ak∗k∗ < 0, so A is not positive

definite (A ⊁ 0), and by Lemma B.3 the integral over Rd diverges.

Revisiting the counterexample in the main text. We apply Theorem B.4 to analyze the pathologi-
cal Gaussian path example presented in Eq. 3 and Figure 2 of the main text. Since the components
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are single Gaussians (trivial GMMs with J = 1), the spectral bounds collapse to the scalar variance:
λmax(q

(i)
t ) = λmin(q

(i)
t ) = σ2

i (t). Consequently, the sufficiency and necessity criteria coincide:
Csuff

k (t) = Cnec
k (t) =: C(t).The dimension is d = 1. The exponents are γ1 = 1, γ2 = 1 (numerator)

and γ3 = −1, γ4 = −1 (denominator). The variance paths are given by σ2
i (t) = (1−t)2σ2

i,0+t2σ2
i,1.

We evaluate the criterion at the critical time t = 0.5:

σ2
1(0.5) = (0.5)2(1) + (0.5)2(0.5) = 0.375 σ2

2(0.5) = (0.5)2(1) + (0.5)2(7) = 2.0

σ2
3(0.5) = (0.5)2(1.5) + (0.5)2(1) = 0.625 σ2

4(0.5) = 0.625 (identical to q(3))

Substituting these into Eq. B.12, C(0.5) ≈ −0.03 < 0. Since C(0.5) < 0, the necessity condition
of Theorem B.4 implies that g0.5(x) is not integrable. This theoretical prediction aligns perfectly
with the empirical divergence and “Marginal Path Collapse” illustrated in Figure 2.

C EXPERIMENTAL SETUP

For full reproducibility, we provide the exact analytical expressions for the noise schedules αt and
βt used in our experiments in Table C.1. The stochastic interpolant is defined as Xt = αtX0+βtX1.

Table C.1: Exact formulations of noise schedules used in experiments.

Schedule Name Signal Scale αt Noise Scale βt

1− t 1− t t
1− t2 1− t2 t
cos(π2 t) cos

(
π
2 t
)

sin
(
π
2 t
)

DDPM exp
(
− 1

4 (19.9t
2 + 0.1t)

) √
1− α2

t

Sigmoid†
√

1− exp (−η(1− t)) t
Custom 1− 4t+ 7t2 − 4t3 t

Custom: This polynomial schedule was used specifically for the synthetic quantitative benchmark
(Table 2) to test robustness against non-monotonic effective variances. DDPM corresponds to the
variance preserving (VP) schedule with linear β-scheduling from βmin = 0.1 to βmax = 20 (scaled

to t ∈ [0, 1]). The expression is derived from αt =
√
exp(−

∫ t

0
β(s)ds). For Sigmoid we utilize

a numerically stable formulation involving the softplus function. The term η(x) is defined as:

η(x) =
20

12
softplus (12(x− 0.5)) + 0.001x, where softplus(z) = log(1 + ez).

C.1 SYNTHETIC DATASET: 2D CHECKER

Dataset. We evaluate the fidelity of samples generated by ACE, NR, and FKC by computing dis- Reviewer
naNytributional discrepancies against the ground truth, reporting Wasserstein distances (W1,W2) and

Maximum Mean Discrepancy with an RBF kernel (MMD). The ground truth 2D Checkerboard dis-
tribution on the domain D = [−4, 4]2 is formally defined by the density:

pChecker(x, y) =
1

32
· 1
(⌊x

2

⌋
+
⌊y
2

⌋
is odd

)
· 1 ((x, y) ∈ D) , (C.1)

where ⌊·⌋ denotes the floor function and 1(·) is the indicator function. The support consists of
alternating 2× 2 squares.

Implementation. For all experiments, we sampled 10,000 samples over 1,000 SDE steps with noise
level σt = 0.5. For the 2D benchmark experiments, we chose to resample based on Effective Sample
Size (ESS), a commonly used technique in sequential Monte Carlo (Naesseth et al., 2019). We used
a threshold of 0.7 (Hyperparameter study in Figure. C.1). For both 1D and 2D experiments, we used
a multilayer perceptron (MLP) with a time embedding module concatenated to the input. The main
network consisted of four hidden layers of 256 units with SiLU activations. Depending on the task
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dimensionality, the input layer size was d+256 (where d = 1, 2 for 1D/2D inputs, respectively) and
the output dimension matched the data dimension. Models were trained with the interpolant loss
(Albergo et al., 2023) using the Adam optimizer at learning rate 2 × 10−3, for 2000 epochs on 1D
tasks and 10,000 epochs on 2D tasks. We use (Hutchinson, 1989) to compute divergences.

Figure C.1: Performance comparison across varying ESS Thresholds. Across multiple ESS
thresholds, τ ∈ {0.1, 0.3, 0.5, 0.7, 0.9}, ACE displays stable performance (with best values at
τ = 0.7) across different hyperparameter settings, outperforming FKC by a large margin. FKC
consistently performs worse, implying its performance degradation is due to path collapse and not
due to suboptimal parameter tuning. We used the same evaluation setup as in our main experiments.
Shaded regions denote variance across 5 seeds.

Path collapse frequencies. For annealed three-expert composition q
(1)
t (q

(2)
t /q

(3)
t )w, there are

53 = 125 total triplets, 120 heterogeneous triplets (excluding α
(1)
t = α

(2)
t = α

(3)
t ), and 100

likelihood-nonhomogeneous (α(2)
t ̸= α

(3)
t ) triplets, the heterogeneous steering case. Among the

100 heterogeneous steering cases, path collapse frequencies are given in Table. E.5 with the full list
of schedule compositions given in Figure. E.5.

Visualization Details. All sample/trajectory visualizations use seed 0. In criterion plots Figures 3
and E.5, we visualize the criterion C(t) to demonstrate the prevalence of path collapse. To maintain
a consistent and readable scale across all 100 combinations, we fix the y-axis range to [−20, 100].
For the majority of schedules, we plot the full trajectory t ∈ [0, 1]. However, in some cases (e.g.,
high-guidance regimes w = 15), the criterion may exhibit rapid asymptotic growth (exceeding 300)
followed by a sharp singularity as t→ 1. In these cases, to prevent visual clutter, we cease plotting
the line segment once it exits the visible y-axis frame. This visualization strategy focuses on the
relevant operational range for discretized sampling (t ≤ tend, Theorem B.3), where the sign of C(t)
determines numerical stability.

C.2 FLEXIBLE-POSE SCAFFOLD DECORATION

Dataset. We evaluate on a subset of CrossDocked2020 (Francoeur et al., 2020). To stress the
benefit of flexible scaffold decoration, we select 9 ligand–pocket pairs (CrossDock-Weak) with
weak binding (Vina score > −5 kcal/mol). To test generalization, we build an auxiliary dataset
(CrossDock-SBDD) by sampling ligands from DiffSBDD and extracting scaffolds as a ring plus
atoms within two bonds. The task is to generate ligands that (i) preserve the scaffold topology and
(ii) achieve favorable binding to the pocket.

Our Implementation As described in Sec. 2.5, we combine pretrained density models: GeoD-
iff (Xu et al., 2022), DiffSBDD (Schneuing et al., 2024), and EDM (Hoogeboom et al., 2022b) as
the conformer generation model, structure-based drug design model, and de novo generation model,
respectively, enabling generation that preserves scaffold topology while allowing scaffold poses to
adapt within the pocket. Unless stated otherwise, we use 500 denoising steps with resampling every
10 steps. For weighting the ratio-of-density, we use the weight values 1.1, 1.2, 1.3, and 1.4. For each
pocket–scaffold pair, we sample five candidates per seed, repeat over two seeds, and report mean.
We run our experiment on Python 3.8.9 and NVIDIA-A100 GPUs. We also note that we run ACE
with batch size 10 and it takes 2 GB GPU VRAM.

Baselines We compare ACE with the FKC and NR methodologies in flexible scaffold decora-
tion by constructing FKC, which applies FKC to the target density (Section 2.5) while sharing the
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same pretrained topology-conditioned, unconditional, and pocket-conditioned models. NR is imple-
mented as FKC without resampling. To further illustrate the benefit of flexibility, we adapt strong
pocket-aware generative models to a fixed-pose regime by clamping scaffold atom coordinates to the
reference pose and permitting generation only for non-scaffold atoms: Delete (Chen et al., 2025),
DiffDec (Xie et al., 2024), and AutoFragDiff (Ghorbani et al., 2024).

Metrics. For comparison between ACE and baseline diffusion steering methods NR, FKC, we
evaluate the sampling path using three metrics. (i) Validity measures whether generated molecules
are chemically consistent without fragmentation or the docking process of QVina2 (Alhossary et al.,
2015) success. (ii) Docking Score, computed with QVina2 (Alhossary et al., 2015), assesses pocket
compatibility. For each protein pocket, we report the Mean, Median, Best, Top-3, and Worst scores,
as well as the Optimization Success Rate (OSR), defined as the proportion of generated molecules
with docking scores better than the reference ligand. We further compare our flexible scaffold dec-
oration pipeline against fixed-scaffold decoration baselines with the same metrics.

D BACKGROUND AND RELATED WORK

Our work sits at the intersection of three key areas: inference-time control for generative models,
the theory of path sampling correctors, and the practical challenge of composing pretrained models
for scientific discovery. We situate our contributions in relation to each (Table 1).

Inference-Time Control and Guidance. A major advantage of diffusion models is their steerability
at inference time. Classifier-free guidance (CFG) is a widely used heuristic that mixes conditional
and unconditional scores to enhance sample fidelity (Ho & Salimans, 2021; Chung et al., 2025).
More recent work has proposed training-free or post hoc steering frameworks, including universal
training-free guidance (Ye et al., 2024; Bansal et al., 2024), scalable steering pipelines (Singhal et al.,
2025), and energy- or self-guided sampling approaches (Epstein et al., 2023; Yu et al., 2023; Song
et al., 2023). These methods often adopt ratio-of-densities formulations (e.g., p(x | c)w/p(x)w−1),
a powerful primitive that also underlies contrastive decoding in language models (Li et al., 2023a)
and controlled generation in discrete diffusion models (Schiff et al., 2025; Hasan et al., 2025). While
practically effective, these approaches focus on how to steer (e.g., by mixing scores) but provide no
guarantees that the resulting sampling path remains valid when models are combined multiplica-
tively. Our work is the first to formalize and solve this underlying path-existence problem.

Theoretical Foundations and Path Sampling Correctors. The steering of stochastic processes
has been studied using the Feynman–Kac (FK) formula (Stoltz et al., 2010), which connects path-
wise sampling weights to principled unbiased estimators. This provides the basis for modern cor-
rector methods in diffusion models (Skreta et al., 2025a;b; Mark et al., 2025; Hasan et al., 2025).
Feynman–Kac Correctors (FKC) can in principle yield unbiased samples, but their guarantees re-
quire restrictive assumptions: (i) homogeneity of models with compatible noise schedules and di-
mensions, and (ii) constant exponents in the ratio-of-densities. These assumptions exclude important
real-world cases, such as heterogeneous pretrained models or time-dependent negative exponents for
denominator annealing. When violated, the FK framework provides no guidance, and Marginal Path
Collapse occurs. Our work extends the FK formulation by introducing a path-existence criterion for
heterogeneous products and incorporating time-varying exponents into an FK-style partial differen-
tial equation, enabling robust correction beyond prior limits.

Composing Pretrained Models for Scientific Discovery. The ability to combine specialized pre-
trained models is central in domains like structure-based drug design (SBDD). A researcher may
wish to compose a protein-pocket conditioned ligand generator (Guan et al., 2023; Schneuing et al.,
2024), a molecule conformer generator (Xu et al., 2022), and a denovo generation model (Hooge-
boom et al., 2022b) into a single product distribution. Similar needs arise in scaffold decoration and
fragment-based pipelines (Tan et al., 2022; Hu et al., 2023; Liu et al., 2025). However, naive mul-
tiplicative composition can trigger path collapse, making the generative process invalid. Our ACE
framework directly enables robust multi-expert composition by guaranteeing path existence and pro-
viding adaptive exponent scheduling. This transforms composition from an unreliable heuristic into
a principled, verifiable procedure. Applications to SBDD and scaffold decoration are especially
compelling, as contemporary diffusion methods (Peng et al., 2022; Gao et al., 2024; Huang et al.,
2024d;c) often assume fixed poses or homogeneous conditions—assumptions ACE can relax.
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D.1 COMMON STEERING OBJECTIVES AS RATIO-OF-DENSITIES PATHS. Reviewer
gBQy,
naNyMany standard inference-time control techniques can be unified under the ratio-of-densities frame-

work, where the target density takes the form p⋆(x) ∝
∏

i q
(i)(x)γi . Along the generative trajectory,

this induces a time-indexed family p⋆t (x) ∝
∏

i q
(i)
t (x)γi , whose intermediate densities must remain

normalizable for valid sampling. Marginal Path Collapse is the violation of this assumption.

Classifier-free guidance (CFG): To enhance samples consistent with condition y, CFG reweights
the conditional model relative to the unconditional one, p⋆(x) ∝ pθ(x | y)γ pθ(x)1−γ , implying the
path p⋆t (x) ∝ qt(x | y)γ qt(x)1−γ with score γ∇ log qt(x | y) + (1− γ)∇ log qt(x).

Product-of-experts: To enforce multiple constraints c1, . . . , cK , one multiplies separate experts
q(k)(x) = pθ(x | ck), yielding p⋆(x) ∝

∏K
k=1 q

(k)(x) and the path p⋆t (x) ∝
∏K

k=1 q
(k)
t (x).

Reward-tilted / RL-style guidance: Combining a base model pθ(x) with a reward r(x) creates a
target p⋆(x) ∝ pθ(x) exp(βr(x)). This can be viewed as a product of base density qbase(x) with a
reward-density qrew(x) ∝ exp(βr(x)), leading to the path p⋆t (x) ∝ qbase

t (x) qrew
t (x).

Contrastive / reference model decoding: To suppress generic patterns from a reference model pref ,
the target is defined as p⋆(x) ∝ pLM(x)γ pref(x)

−γ , inducing the path p⋆t (x) ∝ qLMt (x)γ qreft (x)−γ .

Bayesian composition: When only conditionals pθ(x | ck) are available, Bayes yields

p(x | c1:K) ∝ p(x)
∏
k

p(ck | x) ∝ p(x)
prior

∏
k

pθ(x | ck)/pθ(x)
marginal

The assumptions and derivation under the heterogeneous conditioning structure is given in Eq. 11.
This induces the path p⋆t (x) ∝ qpriort (x)

∏
k q

(k)
t (x) qmarg

t (x)−1 which fits our general ratio-of-
densities template.

Scientific applications. Our molecular DN/CONF/SBDD compositions for scaffold decoration,
protein glue generation, fragment linking are the examples of Bayesian composition; the full deriva-
tions are given in Section E.1.
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E ADDITIONAL ANALYSES: HETEROGENEOUS COMPOSITION AND PATH
COLLAPSE

E.1 HETEROGENEOUS CONDITIONING STRUCTURES IN SCIENTIFIC TASKS Reviewer
gBQy,
naNy

Definition E.1 (Heterogeneous Conditioning Structure). We define a heterogeneous condi-
tioning structure as a property of the target distribution p(X,Y | A,B) where conditioning
variables exert partial or differing constraints on the system components. For instance, condi-
tion A may constrain only the subset X , while condition B constrains the joint system (X,Y ).
This structure is distinct from global conditioning (where a condition affects all variables uni-
formly) and is pervasive in scientific modeling (see Figure E.2).

Cond. A Cond. B

X Y

Joint prior
p(x, y)

p(x, y | A,B) ∝ p(x, y | B)
p(x | A)

p(x)

(a) Heterogeneous conditioning structure.

A : x ≥ 0A : x ≥ 0B : x + y ≥ 0

p(x, y | A,B)

x

y

p(x | A)
(1D expert)

p(x, y | B)
(2D expert)

p(x)
(1D marginal)

p(x, y | A,B) ∝ p(x, y | B)
p(x | A)

p(x)

(b) Synthetic checker: 1D+2D experts.

Figure E.2: Illustration of heterogeneous conditioning structure and its decomposition. (a)
Heterogeneous conditioning structure: condition A acts only on X , condition B acts on (X,Y ),
leading to the Bayes factorization p(x, y | A,B) ∝ p(x | A) p(x, y | B)/p(x). (b) Synthetic
checker: A = {x ≥ 0} constrains only the x-axis, while B = {x + y ≥ 0} constrains the joint
plane, motivating a heterogeneous composition of two 1D experts and one 2D expert.

Decomposition and Diffusion Steering. Crucially, these heterogeneous target structures can be
decomposed via Bayes’ rule (Eq. 11) into products of simpler marginal or conditional distributions.
This decomposition is powerful because it allows complex targets to be modeled by composing sep-
arate pretrained experts. We visualize this abstractly in Figure E.2a, which highlights how the joint
prior governs the fusion of heterogeneous signals. For a concrete example, consider the constrained
distribution p(x, y | x ≥ 0, x+ y ≥ 0) in Figure E.2b. It decomposes into

p(x, y | A,B) ∝ p(x, y | B)
p(x | A)

p(x)

allowing a heterogeneous task to be solved by combining a joint expert p(x, y|B) with a marginal
expert p(x|A). While this compositional approach aligns with the principles of diffusion steering
(e.g., FKC (Skreta et al., 2025a)), previous frameworks overlook the implications of mixing ex-
perts with differing domains and schedules, a ”blind spot” that leads to the instabilities discussed in
Appendix E.2.

Prevalence in Molecular Generation. Heterogeneous conditioning is the norm in molecular dis-
covery. Figures E.3a and E.3b illustrate three critical tasks—scaffold decoration (Chen et al., 2025;
Ghorbani et al., 2024; Xie et al., 2024), protein-glue generation (Kawasaki et al., 2023; Slabicki
et al., 2020), and fragment linking (Sunseri & Koes, 2020; Igashov et al., 2024)—that fundamen-
tally rely on this structure. In Examples E.1–E.3, we demonstrate that each of these tasks decom-
poses into a combination of three generative primitives: de novo generation (DN) (Hoogeboom
et al., 2022a), conformer generation (CONF) (Xu et al., 2022), and structure-based drug design

36



1944
1945
1946
1947
1948
1949
1950
1951
1952
1953
1954
1955
1956
1957
1958
1959
1960
1961
1962
1963
1964
1965
1966
1967
1968
1969
1970
1971
1972
1973
1974
1975
1976
1977
1978
1979
1980
1981
1982
1983
1984
1985
1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997

Under review as a conference paper at ICLR 2026

(SBDD) (Schneuing et al., 2024). Consequently, solving these high-value problems requires the
ability to faithfully compose these specific model families.

Common Notation and Primitives. In the following examples, we represent a molecule with N
atoms as a 3D point cloud M with bond topology T . We denote the target protein pocket by P
(.pdb). The condition of stable binding is denoted as M ↔ P (satisfied when docking energy
UDock < τDock). We utilize three fundamental pretrained model families:

• DN: Unconditional De Novo generation (p(M)).
• CONF: Topology-conditioned Conformer generation (p(M | T )).
• SBDD: Pocket-conditioned Structure-Based Drug Design (p(M | P)).

Topology cond. A
T (Msc) = T sc

Pocket cond. B
M↔ P

Msc MRJoint prior
M = (Msc,MR)

Conformer
p(Msc | A)

SBDD
p(M | B)

De novo (DN)
p(Msc)

p(M | A,B) ∝ p(M | B)
p(Msc | A)

p(Msc)

(a) Scaffold decoration: DN/CONF/SBDD composition.

Scaffold Decoration Protein Glue Generation

Cond. A

Cond. B

Cond. A

Cond. B

Cond. A

Cond. B

Fragment Linking 

Cond. C

(b) Examples in molecular generation: Scaffold Decoration, Protein Glue Generation, Fragment Linking

Figure E.3: Formulation of heterogeneous condition generation and its dominance in molecu-
lar generative tasks. (a) Flexible-pose scaffold decoration mirrors the same structure: topology acts
only on the scaffold coordinates, pocket binding acts on the full ligand, and the de-novo model pro-
vides the marginal over scaffolds; together they form a DN/CONF/SBDD ratio-of-densities target.
(b) Illustration of three molecular generative tasks formulated under the heterogeneous-conditioning
framework: scaffold decoration, protein-glue generation, and fragment linking. Each panel specifies
the corresponding conditions, target distribution, and the decomposition into expert models for DN,
CONF, and SBDD.

Example E.1 (Scaffold Decoration). Scaffold decoration (Guan et al., 2009) is a pivotal strat-
egy in lead optimization, enabling the refinement of physicochemical properties and potency
while preserving the biological activity of a validated core structure. The goal is to generate
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an R-group side chainMR optimized for binding to a pocket P , while preserving a conserved
scaffold backboneMsc with fixed topology T sc (SMILES).

Formulation. The task is to sample a moleculeM = (Msc,MR) from:

(Msc,MR) ∼ p(Msc,MR | T (Msc) = T sc, (Msc,MR)↔ P). (E.1)

This exhibits the heterogeneous conditioning structure p(X,Y | A,B) where X =Msc (con-
strained by topology A) and Y =MR (where the joint system is constrained by binding B).

Decomposition. Applying Bayes’ rule, we decompose the target into a ratio of experts:

p∗(Msc,MR) ∝ p(Msc | T (Msc) = T sc) p(M |M↔ P)
p(Msc)

. (E.2)

ACE allows us to sample from this using off-the-shelf experts:

p(Msc | T sc)→ CONF (Fixes scaffold geometry) (E.3)
p(Msc)→ DN (Prior correction) (E.4)

p(M | P)→ SBDD (Optimizes binding) (E.5)

Example E.2 (Protein Glue Generation). Protein glues (Mogaki et al., 2019) represent a trans-
formative therapeutic class capable of targeting “undruggable” proteins by inducing novel
interactions, such as ubiquitin-mediated degradation. This task requires designing a linker
Mlinker that connects two molecular fragments Mfrag

1 ,Mfrag
2 such that they simultaneously

bind to two distinct protein surfaces P1,P2.

Formulation. The full moleculeM = (Mfrag
1 ,Mfrag

2 ,Mlinker) is sampled from:

M∼ p(M |Mfrag
1 ↔ P1,Mfrag

2 ↔ P2). (E.6)

This corresponds to p(X,Y | A,B) where A constrains fragment 1 and B constrains fragment
2.

Decomposition. We decompose the posterior to isolate the binding constraints:

p∗(M) ∝ p(Mfrag
1 | P1) p(Mfrag

2 | P2) p(M)

p(Mfrag
1 ) p(Mfrag

2 )
. (E.7)

This task effectively composes two local binding models with a global prior:

p(Mfrag
i | Pi)→ SBDD (Fragment-specific binding) (E.8)

p(Mfrag
i ), p(M)→ DN (Global & Marginal priors) (E.9)

Example E.3 (Fragment Linking). Fragment linking (Bedwell et al., 2022) is the cornerstone
of fragment-based drug discovery (FBDD), enabling the construction of high-affinity ligands
by chemically bridging low-affinity fragments bound to adjacent sub-pockets. The goal is
to assemble a ligand by connecting two pre-determined fragments Mfrag

1 ,Mfrag
2 (with fixed

chemical topologies T1, T2) via a generated linkerMlinker, ensuring the final structure binds
to a target pocket P .

Formulation. The moleculeM is sampled from:

M∼ p(M | T (Mfrag
1 ) = T1, T (Mfrag

2 ) = T2, M↔ P). (E.10)
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This represents a complex conditioning structure p(X,Y | A,B,C) where A,B enforce local
topology and C enforces global binding.

Decomposition. The target density factorizes as:

p∗(M) ∝ p(Mfrag
1 | T1) p(Mfrag

2 | T2) p(M | P)
p(Mfrag

1 ) p(Mfrag
2 )

. (E.11)

ACE constructs this path by coordinating three distinct model families:

p(Mfrag
i | Ti)→ CONF (Fragment topology) (E.12)

p(Mfrag
i )→ DN (Marginal correction) (E.13)

p(M | P)→ SBDD (Global binding) (E.14)

From Heterogeneous Targets to Heterogeneous Paths. While the heterogeneous conditioning
structure dictates which expert models must be combined to define the target at t = 1, the result-
ing probability path for t ∈ (0, 1) depends on the noise schedulers of those experts. This creates
a systemic challenge: different model families (DN, CONF, SBDD) are historically trained with
different noise schedules. We conducted a comprehensive survey of existing diffusion and flow-
based models across these domains (summarized in Tables E.2, E.3, and E.4). The results show
a lack of standardization, with the literature employing a fragmented mix of sigmoid, polynomial,
and cosine schedules. Therefore, constructing generative paths for heterogeneous scientific tasks
inevitably leads to heterogeneous schedules, where the mismatch in noise contraction rates induces
path collapse. This confirms that the collapse phenomenon is not an edge case, but an inherent
obstacle arising from the modular nature of scientific generative modeling. We provide a detailed
quantitative analysis of this phenomenon, demonstrating its systematic prevalence across standard
model combinations and its detrimental impact on sampling, in Appendix E.2.

The Infeasibility of Homogeneous Composition. Since Tables E.2–E.4 show that several sched-
ulers appear across tasks, one might wonder whether composing models under a shared (homoge-
neous) scheduler could avoid path collapse. We clarify that using a common schedule across experts
is generally infeasible in molecular generation due to two fundamental constraints.

1. Heterogeneity in Representations. Unlike images, molecules admit multiple incompatible
representations. Some models encode atom types as continuous one-hot vectors Hone-hot ∈ RN

evolving under Gaussian convolution; others use categorical variables with discrete states (Dunn &
Koes, 2025; Lin et al., 2023) or operate in latent spaces (Ketata et al., 2024; Oestreich et al., 2024).
Because these spaces differ in dimensionality, continuity, and semantic meaning, they cannot be
embedded into a unified ambient space where a single diffusion path is consistently defined. This
fundamentally constrains which experts can be mathematically composed.

2. The “Empty Intersection” of Schedules. Even if we restrict our scope to models with compat-
ible continuous representations, a homogeneous triplet often does not exist. In our scaffold deco-
ration experiment, all applicable DN models (EDM, GCDM) employ quadratic schedulers, while
SBDD models (DiffSBDD, DualDiff) use either quadratic or sigmoid schedules. However, state-
of-the-art CONF models not use the quadratic schedulers but mostly adopt the sigmoid schedules.
Consequently, it is impossible to construct a homogeneous DN/CONF/SBDD triplet. This structural
mismatch necessitates the use of heterogeneous schedules (quadratic for DN/SBDD, sigmoid for
CONF), making the path-existence guarantees of ACE a prerequisite for reliable generation.
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Table E.2: (CONF) Diffusion and flow-based models for molecular conformer generation. N de-
notes the number of atoms.

Model / Paper Scheduler Main Datasets Domain

GeoDiff (Xu et al., 2022)
αt = exp

(
− 5

6 [log(1 + e
12(t− 1

2 )
) − log(1 + e

−6
)]
)

βt =

√
1 − exp

(
− 5

3 [log(1 + e12(t−
1
2 )) − log(1 + e−6)]

) GEOM-QM9, GEOM-Drugs R3N

TorsionDiff (Jing et al., 2022)
αt = (

π

100
)
t
π
1−t

βt = 1
GEOM-Drugs SO(2)M

EC-Conf (Fan et al., 2023)
αt = T (1 − t)

βt = 1
GEOM-QM9, GEOM-Drugs R3N

GADIFF (Wang et al., 2024a)
αt = exp

(
− 5

6 [log(1 + e
12(t− 1

2 )
) − log(1 + e

−6
)]
)

βt =

√
1 − exp

(
− 5

3 [log(1 + e12(t−
1
2 )) − log(1 + e−6)]

) GEOM-QM9, GEOM-Drugs R3N

ET-Flow (Hassan et al., 2024)
αt = 1 − t

βt = t
GEOM-QM9, GEOM-Drugs R3N

AGDIFF (Vieira Wyzykowski
et al., 2025)

αt = exp
(
− 5

6 [log(1 + e
12(t− 1

2 )
) − log(1 + e

−6
)]
)

βt =

√
1 − exp

(
− 5

3 [log(1 + e12(t−
1
2 )) − log(1 + e−6)]

) GEOM-QM9, GEOM-Drugs R3N

LoQI (Nikitin et al., 2025)
αt = cos

(
π

2
t

)
βt = sin

(
π

2
t

) ChEMBL3D R3N

CoFM (Xu et al., 2025)
αt = 1 − t

βt = t
GEOM-QM9 R3N

Table E.3: (DN) Diffusion and flow-based models for de novo molecular generation across
coordinate-space, latent-space, and mixed graph–geometry domains. N denotes the number of
atoms and A , B, C the number of atom types, bond types, and formal charge types. A = [A],B =
[B], and C are the categorical spaces of A atom types, B bond types, and C formal charge types.

Model / Paper Scheduler Main Datasets Domain

EDM (Hoogeboom et al.,
2022a)

αt =
√

1 − (1 − (t − 1)2)2

βt = 1 − (t − 1)
2

GEOM-QM9, GEOM-Drugs R3N+AN

MiDi (Vignac et al., 2023)
αt = cos

(
π

2
t

)
βt = sin

(
π

2
t

) QM9, GEOM-Drugs R3N × AN × B
N(N−1)

2

GCDM (Morehead & Cheng,
2023)

αt =
√

1 − (1 − (t − 1)2)2

βt = 1 − (t − 1)
2

GEOM-QM9, GEOM-Drugs R3N+AN

EDM-SyCo (Ketata et al.,
2024)

αt =
√

1 − (1 − (t − 1)2)2

βt = 1 − (t − 1)
2

ZINC250K, GuacaMol Latent Euclidean Space

DrugDiff (Oestreich et al.,
2024)

αt =
√

1 − (1 − (t − 1)2)2

βt = 1 − (t − 1)
2

ChEMBL, GuacaMol Latent Euclidean Space

VEDA (Zhang et al., 2025)
αt = Tmin

(
Tmax

Tmin

)(1−ρ)(1−t)+ρ 2
π

arcsin
√

1−t

βt = 1

GEOM-QM9, GEOM-Drugs R3N × AN

FlowMol3 (Dunn & Koes,
2025)

αt = 1 − t

βt = t
GEOM-Drugs R3N ×AN ×B

N(N−1)
2 ×CN
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Table E.4: (SBDD) Pocket-conditioned (structure-based drug design) diffusion and flow-based mod-
els, including sigmoid, cosine, and quadratic noise schedules across 3D and mixed 3D–categorical
domains. N denotes the number of atoms and A the number of atom types. A = [A] is the categor-
ical space of A atom types. For D3FG, Nfg and Nat denote the numbers of functional-group atoms
and remaining atoms, respectively, and Afg and Aat denote the categorical spaces for functional-
group types and atom types.

Model / Paper Scheduler Main Datasets Domain

TargetDiff (Guan et al., 2023)
αt = exp

(
− 5

6 [log(1 + e
12(t− 1

2 )
) − log(1 + e

−6
)]
)

βt =

√
1 − exp

(
− 5

3 [log(1 + e12(t−
1
2 )) − log(1 + e−6)]

) CrossDocked2020 R3N × AN

D3FG (Lin et al., 2023)
αt = cos

(
π

2
t

)
βt = sin

(
π

2
t

) CrossDocked2020 R3(Nfg+Nat) × AN
fg × AN

at

DiffSBDD (Schneuing et al.,
2024)

αt =
√

1 − (1 − (t − 1)2)2

βt = 1 − (t − 1)
2

CrossDocked2020 R3N+AN

BindDM (Huang et al.,
2024b)

αt = exp
(
− 5

6 [log(1 + e
12(t− 1

2 )
) − log(1 + e

−6
)]
)

βt =

√
1 − exp

(
− 5

3 [log(1 + e12(t−
1
2 )) − log(1 + e−6)]

) CrossDocked2020 R3N × AN

DualDiff (Huang et al.,
2024a)

αt = exp
(
− 5

6 [log(1 + e
12(t− 1

2 )
) − log(1 + e

−6
)]
)

βt =

√
1 − exp

(
− 5

3 [log(1 + e12(t−
1
2 )) − log(1 + e−6)]

) CrossDocked2020 R3N+AN

MolSnapper (Ziv et al., 2025)
αt = cos

(
π

2
t

)
βt = sin

(
π

2
t

) CrossDocked2020 R3N × AN

PAFlow (Zhou et al., 2025)
αt = exp

(
− 5

6 [log(1 + e
12(t− 1

2 )
) − log(1 + e

−6
)]
)

βt =

√
1 − exp

(
− 5

3 [log(1 + e12(t−
1
2 )) − log(1 + e−6)]

) CrossDocked2020 R3N × AN

MolFORM (Huang & Zhang,
2025)

αt = 1 − t

βt = t
CrossDocked2020 R3N × AN

Safe Counterpart

Collapsed Regime

FKC

(Fails to connect fragments)

(Fragments are connected)

ACE
 

 

: Fragments not connected

Figure E.4: Impact of Marginal Path Collapse on molecular generation. We compare sampling
trajectories for FKC and ACE on the scaffold-decoration task (ω = 1.3, 500 steps). Both methods
target the same distribution pω(M) ∝ p(M)(p(M | T sc,P)/p(M))ω . Crucially, FKC enters a
collapsed regime for t ∈ (0.974, 1) where the path existence criterion is violated (C(t) < 0). This
theoretical singularity manifests empirically as a failure to assemble, resulting in disjoint fragments
(top row). In contrast, ACE employs the bump correction B(t) = 30t(1− t) to guarantee C(t) > 0
throughout the trajectory, reliably ensuring the successful formation of a connected, chemically valid
molecule (bottom row).
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E.2 PREVALENCE AND CONSEQUENCES OF MARGINAL PATH COLLAPSE Reviewer
TtEF,
naNy

To confirm that Marginal Path Collapse is a systematic vulnerability rather than an edge case, we
present a quantitative analysis of its frequency across standard model combinations and examine its
downstream impact on generation quality.

Systematic Prevalence of Collapse. We evaluated all 53 = 125 annealed compositions of three
experts ht = q

(1)
t (q

(2)
t /q

(3)
t )w formed from five standard noise schedules: DDPM (Ho et al., 2020),

cosine (Nichol & Dhariwal, 2021), sigmoid (Xu et al., 2022), linear (Lipman et al., 2023), and
polynomial (Hoogeboom et al., 2022a). Excluding trivial homogeneous combinations, the results
confirm that path collapse is a widespread failure mode. As shown in Table E.5, the collapse rate
for heterogeneous compositions starts at 41% even at a unit guidance scale (w = 1.0). Crucially,
as the guidance scale increases, as in standard practice to improve sample quality, the collapse rate
rises sharply, reaching 66% at moderate guidance (w = 2.0) and 80% at high guidance (w = 15).
This indicates that in heterogeneous compositions, operating on invalid paths is the statistical norm,
not the exception.

Table E.5: Frequency of Marginal Path Collapse across 100 heterogeneous schedule compositions.
Higher guidance scales w drastically increase the likelihood of encountering invalid paths.

Guidance Scale (w) # Collapses % Collapses

1.0 41 41%
1.1 47 47%
1.5 52 52%
2.0 66 66%
7.5 77 77%
15 80 80%

Empirical Consequences of Collapse. The violation of the path existence criterion has tangible
negative impacts on generation performance, as illustrated in Figures E.2 and E.6–E.11. We observe
distinct failure modes across domains:

• Functional Failure (Molecular Domain): In scaffold decoration, path collapse correlates
directly with the generation of chemically invalid structures. As quantified in Tables 3–
4, baselines (NR, FKC) suffer from significantly higher rates of invalid samples when the
criterion is violated. Figure E.4 visualizes this stark contrast: ACE produces chemically
valid molecules that respect valency constraints, whereas FKC generates fragmented, dis-
connected structures. While inherent network approximation errors can occasionally yield
invalid samples in any method, ACE’s failure rate is negligible (maintaining near-perfect
validity) compared to the systemic collapse observed in baselines.

• Distributional Failure (Synthetic Domain): On synthetic benchmarks, the consequences
manifest as a loss of distributional fidelity (Figure E.6). NR fails to effectively remove out-
of-distribution samples due to its heuristic nature, regardless of path collapse (Table E.6
shows non-collapse results). More critically, FKC performance degrades because its impor-
tance weights rely on the assumption that the drift term corresponds to the score of a valid
probability distribution. When path collapse occurs, the simple mixture of scores, while
computationally possible, does not correspond to a score of normalizable distribution. This
theoretical violation destabilizes the importance weights, leading to unpredictable behavior
such as severe mode collapse (see trajectory plots in Figures E.7–E.11).

Marginal Path Collapse is a pervasive practical problem in heterogeneous model composition. Ig-
noring it leads to measurable degradation in both sample validity and distributional diversity. ACE
provides the necessary theoretical and practical fix to guarantee stable, high-quality generation in
these heterogeneous regimes.
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Table E.6: Metrics under Homogeneous Composition (collapse duration 0%). Across 5 seeds,
We evaluate the scenario where all expert schedules are identical (α(i)

t = DDPM for all i), resulting
in a collapse duration of 0.0%. ACE criterion is naturally satisfied without correction (B = 0), mak-
ing ACE mathematically equivalent to FKC. Both methods significantly outperform the heuristic
NR (CFG) baseline, which suffers from approximation errors even when the path is valid.

Method W1(↓) W2(↓) MMD (RBF) (↓)

NR (CFG) 0.859 ± 0.023 1.113 ± 0.023 0.077 ± 0.003
FKC 0.162 ± 0.019 0.282 ± 0.017 0.012 ± 0.001
ACE 0.162 ± 0.019 0.282 ± 0.017 0.012 ± 0.001

Figure E.5: Path existence criterion C(t) across heterogeneous schedule combinations. We vi-
sualize the evolution of C(t) for the 100 heterogeneous triplets from Table E.5 under low (w = 1.0,
top) and high (w = 15.0, bottom) guidance scales. Left (Constant Exponents): A significant
fraction of combinations violate the existence condition (C(t) < 0), with the frequency and mag-
nitude of collapse increasing sharply as w increases. Right (ACE): By applying the adaptive bump
correction, ACE guarantees C(t) > 0 for all trajectories, restoring valid probability paths even in
high-guidance regimes where baselines fail. Note that the y-axis is clipped to [−20, 100] for read-
ability; trajectories that diverge to extreme values or singularities near t → 1 are cut off once they
exit the visual frame, as practical sampling terminates at tend < 1 (see Theorem B.3).
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Figure E.6: Quantitative evaluation of Heterogeneous Ratio-of-Densities Sampling. We evaluate
on a checkerboard distribtuion (x, y) ∼ pChecker[−4, 4] subject to constraints A = {x ≥ 0}, B =
{x + y ≥ 0}. The x-axis denotes the conditioning configuration (1A,1B). We consider the case
of combining three expert models q(1)t , q

(2)
t , q

(3)
t to form the heterogeneous ratio-of-densities ht =

q
(1)
t q

(2)
t /q

(3)
t . The rows correspond to configurations of common noise schedules which induce

path collapse, where the labels denote the noise schedule α
(i)
t assigned to expert i. Across varying

conditions and metrics (W1,W2,MMD), ACE (red) consistently outperforms the baselines NR
and FKC (gray). This performance gap reflects the practical benefits of ACE in generating samples
across a guaranteed generative path, whereas baselines suffer from path collapse in heterogeneous
schedule scenarios. All results are evaluated across 5 seeds with 10k samples, 1k diffusion steps,
ESS threshold 0.7, and Bump 30 for ACE. See Figure. E.5 for the corresponding criterion plot.
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Figure E.7: Visualization of generative trajectories and final samples. We target the composite
density p∗(x, y) ∝ p(1)(x, y | B)p(2)(x | A)/p(3)(x) using the heterogeneous schedule configura-
tion (α

(1)
t , α

(2)
t , α

(3)
t ) = (DDPM,DDPM, 1− t) and sampling with NR, FKC, and ACE.
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Figure E.8: Visualization of generative trajectories and final samples. We target the composite
density p∗(x, y) ∝ p(1)(x, y | B)p(2)(x | A)/p(3)(x) using the heterogeneous schedule configura-
tion (α

(1)
t , α

(2)
t , α

(3)
t ) = (cos(π2 t),DDPM, 1− t) and sampling with NR, FKC, and ACE.
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Figure E.9: Visualization of generative trajectories and final samples. We target the composite
density p∗(x, y) ∝ p(1)(x, y | B)p(2)(x | A)/p(3)(x) using the heterogeneous schedule configura-
tion (α

(1)
t , α

(2)
t , α

(3)
t ) = (DDPM, 1− t2, 1− t) and sampling with NR, FKC, and ACE.
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Figure E.10: Visualization of generative trajectories and final samples. We target the composite
density p∗(x, y) ∝ p(1)(x, y | B)p(2)(x | A)/p(3)(x) using the heterogeneous schedule configura-
tion (α

(1)
t , α

(2)
t , α

(3)
t ) = (cos(π2 t), cos(

π
2 t),Sigmoid) and sampling with NR, FKC, and ACE.
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Figure E.11: Visualization of generative trajectories and final samples. We target the composite
density p∗(x, y) ∝ p(1)(x, y | B)p(2)(x | A)/p(3)(x) using the heterogeneous schedule configura-
tion (α

(1)
t , α

(2)
t , α

(3)
t ) = (cos(π2 t), cos(

π
2 t), 1− t) and sampling with NR, FKC, and ACE.
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E.3 NECESSITY OF TASK-SPECIFIC NOISE SCHEDULERS
Reviewer
naNyA growing body of work on task-specific noise scheduling shows that different generative tasks

require different allocations of noise across the denoising trajectory. This follows from the view
that diffusion operates in two regimes, high-noise for global exploration and low-noise for local
refinement, whose relative importance varies by task. We further validate this trend in molecular
generation, and note that recent advances in learnable or adaptive noise schedulers also reinforce
this perspective. Together, these observations motivate the use of adaptive or customized noise
schedulers, and consequently, heterogeneous scheduler combinations.

Table E.7: Comparison of noise regimes and average regime statistics per tasks in Ta-
bles E.2,E.3,E.4. The comparison is based on the literature perspective (Choi et al., 2022; Rothchild
et al., 2023; Chen, 2023; Pavlova & Wei, 2025). Asterisk(*) indicates significant difference from
DN (p < 0.001). |RH |, |RL| are the lengths of two regimes.

(A) Comparison of High-Noise vs. Low-Noise Regimes (Choi et al., 2022; Rothchild et al., 2023; Chen, 2023; Pavlova & Wei, 2025)

Regime Dynamics Feature Scale Priority Role in Denoising

RH (High-Noise) Large Transitions Global structure Exploration

RL (Low-Noise) Small corrective steps Local fine-grained details Refinement

(B) Average Noise Regime Statistics per Molecular Tasks in Tables E.2,E.3,E.4

Task Global vs Local Cond. vs Uncond. Exploration vs Local Refinement |RH | |RL| |RH |/|RL|

DN Global Uncond. Exploration 0.53 0.47 1.11

CONF Local Cond. Local Refinement 0.47* 0.53* 0.89*
SBDD Local Cond. Local Refinement 0.48* 0.52* 0.91*

High-noise vs. low-noise regimes. Recent analyses (Choi et al., 2022; Rothchild et al., 2023; Chen,
2023; Pavlova & Wei, 2025) in Table E.9 characterize two complementary denoising phases. The
high-noise regime (RH ) performs large transitions that support global exploration and formation
of coarse structure. The low-noise regime (RL) reduces to small corrective steps that refine local,
fine-grained features. Effective scheduling therefore requires balancing these phases according to
task needs. This distinction is summarized in Table E.7(A).

Emperically validated trends in conditional vs. unconditional molecular generation. As shown
in (Chen, 2023), the roles of RH and RL indicate that larger images benefit from a longer RH ,
reflecting their need for stronger exploratory behavior. The insights naturally transfer to molecules.
Unconditional generation (DN) needs to explore many possible molecular shapes, so it naturally re-
lies more on the broader, exploratory behavior ofRH . Conditional tasks (CONF, SBDD), however,
must fit specific structural requirements, and therefore gain more from the precise, detail-oriented
corrections that occur inRL.

We empirically confirm that existing molecular schedulers adhere to this pattern (Tables E.2, E.3,
E.4). Following Pavlova & Wei (2025), we divide noise phases using SNR≥1 (RH ) and SNR<1
(RL). For each model, we compute the interval lengths |RH |, |RL|, and their ratio, then average
across models per task. The results in Table E.7(B) show clear trends: DN favors RH , whereas
CONF and SBDD prioritizeRL.

These results reinforce our central claim: heterogeneous noise schedulers are not only reasonable
but necessary for the molecular tasks considered in Section E.2.

Recent trends in task-specific scheduler design. Recent works further emphasize that optimal
schedules depend on task characteristics (Table E.8). Image models adopt learned or adaptive sched-
ulers (Sahoo et al., 2024), while molecular models employ component-specific or trajectory-based
schedules (Vignac et al., 2023; Seo et al., 2025). These methods directly challenge the assumption
of a universal, fixed schedule.

Foundational regime analysis. Table E.9 compiles key works formalizing these roles. The low-
noise regime (RL) is consistently identified as the phase responsible for precise, fine-scale refine-
ment, while the high-noise regime (RH ) drives exploration and diversity. These findings directly
support task-specific allocations of denoising effort.
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Table E.8: References on Task-Specific and Adaptive Scheduling

Reference Contribution

Vignac et al. (2023) Introduces component-specific molecular noise scheduling.

Lee et al. (2024) Presents a fully data-driven adaptive scheduler for time-series diffusion.

Sahoo et al. (2024) Develops MuLAN: learned multivariate adaptive noise processes.

Seo et al. (2025) Proposes per-element optimized forward trajectories for molecules.

Sorokin et al. (2025) Demonstrates adaptive allocation between RH (exploration) and RL (refinement).

Choi et al. (2025) Uses distinct channel-wise schedules to balance the diversity–accuracy trade-off.

Table E.9: Foundational References for Noise Regime Mechanism

Reference Contribution

Choi et al. (2022) Identifies that certain noise levels offer a proper pretext task for the model to learn rich visual concepts.

Rothchild et al. (2023) Anaylze the diffusion dynamics in molecular generative models.

Chen (2023) Shows that optimal schedules vary with task and resolution.

Pavlova & Wei (2025) Identifies RL as the phase in which precision and fine-scale structure dominate.

E.4 ACE BEYOND COLLAPSE: COMPOSITIONAL IMAGE GENERATION IN THE
HOMOGENEOUS REGIME

In the main text, ACE is used primarily to repair heterogeneous compositions where the path- Reviewer
naNyexistence criterion fails and Marginal Path Collapse occurs. In this section, we show that the same

theory also yields gains beyond collapse avoidance on a compositional image generation bench-
mark, even in a strictly homogeneous setting where C(t) > 0 everywhere.

Tail concentration in the homogeneous αt regime. Even when the path-existence criterion C(t) >
0 holds everywhere (i.e., no collapse), the coefficient C(t) still controls how tightly the composed
distribution p∗t is concentrated. The following result summarizes this dependence and motivates why
time-varying exponents can improve sampling quality even in the homogeneous regime.

Proposition E.1 (Tail control from a quadratic envelope). Let {ht}t∈[0,1] be a family of non-
negative functions on Rd and let p∗t (x) := ht(x)/Zt be well defined, so Zt :=

∫
Rd ht(x) dx <

∞ for all t ∈ [0, 1]. Suppose there exist constants m∗ > 0, K > 0, B > 0, and a function
C : [0, 1)→ (0,∞) such that Zt ≥ m∗ for all t ∈ [0, 1] and

ht(x) ≤ K exp
(
−1

2
C(t) ∥x∥2 +B∥x∥

)
for all x ∈ Rd, t ∈ [0, 1].

Then there exist constants K0 > 0 and R0 > 0, independent of t, such that for all t with
C(t) > 0 and all R ≥ R0,

PX∼p∗
t

(
∥X∥ > R

)
≤ K0 exp

( B2

2C(t)

)
C(t)−

d
2 exp

(
− 1

16
C(t)R2

)
. (E.15)

Consequently, for any ε ∈ (0, 1), the (1− ε)–quantile radius

Rt(ε) := inf{R > 0 : P(∥X∥ ≤ R) ≥ 1− ε}

satisfies

Rt(ε) ≤ R0 ∨

√
16

C(t)

[
log

K0

ε
+

B2

2C(t)
− d

2
logC(t)

]
. (E.16)

In particular, for fixed ε and d, larger values of C(t) yield tighter tails and smaller effective
radii Rt(ε) for p∗t , up to logarithmic corrections.
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Proof. Fix t with C(t) > 0. Complete the square yields:

ht(x) ≤ K exp
( B2

2C(t)

)
exp
(
−1

2
C(t)

(
∥x∥ − B

C(t)

)2)
.

Let Cmin := infs∈[0,1] C(s) > 0, which is positive on any compact subinterval where C(t) > 0.
Choose R0 ≥ 2B/Cmin such that for all t and all R ≥ R0 we have B/C(t) ≤ B/Cmin ≤ R0/2 ≤
R/2. Then, for any R ≥ R0 and any x with ∥x∥ ≥ R,

∥x∥ − B

C(t)
≥ ∥x∥

2
,

and thus

ht(x) ≤ K exp
( B2

2C(t)

)
exp
(
−1

8
C(t) ∥x∥2

)
.

Integrating over {∥x∥ > R} in radial coordinates (dx = Sdr
d−1dr) yields∫

∥x∥>R

ht(x) dx ≤ K exp
(

B2

2C(t)

)∫ ∞

r=R

exp
(
− 1

8C(t) r2
)
Sdr

d−1dr.

By the change of variables y =
√

C(t)/8 r, and the Gaussian tail bound P(z > s) ≤ 2 exp(−s2/2)
for z ∼ N (0, 1) (Ross et al., 1998), there exists a constant Cd > 0 (depending only on d) such that∫ ∞

r=R

exp
(
− 1

8C(t) r2
)
Sdr

d−1dr ≤ Cd C(t)−
d
2 exp

(
− 1

16C(t)R2
)
.

Hence ∫
∥x∥>R

ht(x) dx ≤ KCd exp
( B2

2C(t)

)
C(t)−

d
2 exp

(
− 1

16
C(t)R2

)
.

By assumption, Zt ≥ m∗ > 0 uniformly in t, so

Pp∗
t
(∥X∥ > R) =

1

Zt

∫
∥x∥>R

ht(x) dx ≤
KCd

m∗
exp
( B2

2C(t)

)
C(t)−

d
2 exp

(
− 1

16
C(t)R2

)
.

Setting K0 := KCd/m∗ gives the tail bound in Equation E.15. Finally, to get the quantile radius, it
suffices to enforce the right-hand side to be at most ε and solve for R. This yields

R2 ≥ 16

C(t)

[
log

K0

ε
+

B2

2C(t)
− d

2
logC(t)

]
,

and taking R ≥ R0 proves the bound in Equation E.16.

Application to heterogeneous ratio-of-densities. In the setting of Theorem B.1, each lifted expert
q̃
(i)
t admits upper bounds of the form

q̃
(i)
t (x) ≤ C+,i exp

(
− 1

2

∑
k∈Ii

ai,k(t)x
2
k +Bi∥x∥

)
,

with ai,k(t) ≥ 0 and constants C+,i, Bi > 0 independent of t. Multiplying these bounds and raising
to the exponents γi(t) yields

ht(x) ≤ K exp
(
− 1

2

d∑
k=1

Ck(t)x
2
k +B∥x∥

)
,

where K,B > 0 are uniform constants and Ck(t) are precisely the coordinate-wise coefficients from
Equation 4. Defining C(t) := mink Ck(t), we have

∑
k Ck(t)x

2
k ≥ C(t)∥x∥2, so the envelope

matches the form in Proposition E.1. Theorem B.1 also implies that ht ∈ L1(Rd) and that the
normalizing constants Zt are uniformly bounded below on any compact set where Ck(t) > 0.
Therefore, all assumptions of Proposition E.1 hold for our heterogeneous ratio-of-densities path
p∗t = ht/Zt, and the tail and quantile-radius bounds apply directly with this choice of C(t).

This proposition shows that even when C(t) > 0 everywhere (no collapse), the magnitude of C(t)
still governs how concentrated p∗t is: for fixed ε, the radius Rt(ε) shrinks as C(t) grows (up to
logarithmic factors). Thus, increasing C(t) at intermediate times (for example, via the time-varying
exponents of ACE) tightens the tails of p∗t and reduces its effective spatial extent. In practice, this
suppresses large intermediate spreads, stabilizes importance weights, and improves sample quality,
as we observe both in the 1D ratio-of-Gaussians trajectory and image experiment described below.
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v
Figure E.12: Stabilizing a ratio-of-Gaussians path via the bump parameter. We illustrate the
effect of the path-existence coefficient C(t) on a 1D ratio-of-Gaussians example (Eq. 3). (a) With a
small bump applied to q

(1)
t , C(t) > 0 but dips close to zero around t = 0.5, leading to a very broad

intermediate density: the effective variance (green curve) exhibits a peak, and particle trajectories
become highly dispersed. This behavior is consistent with Proposition E.1, which shows that small
C(t) yields weak tail decay and large quantile radii. (b) Increasing the bump parameter raises the
lower bound of C(t) throughout the trajectory, suppressing the peak in variance and producing a
much more confined intermediate distribution. The resulting path smoothly transports samples from
the Gaussian prior to the compactly supported target without large variance excursions.

Example E.4 (Compositional Image Generation). We consider compositional text-to-image
generation with region-wise prompts and bounding boxes. The task is generating an image
X conditioned on n region-specific object prompts c1:n (with foreground masks F1:n) and a
global context prompt C. The target distribution factorizes via Bayes’ rule into a product of
expert likelihoods:

p(X | c1:n, C) =
1

Z
p(X | C)γ0(t)︸ ︷︷ ︸

Global
Consistency

n∏
i=1

(
p(Fi | ci)
p(Fi)

)γi(t)

︸ ︷︷ ︸
Local

Specifics

(E.17)

ACE Implementation with a Single Backbone: Crucially, we approximate all terms using a
single pretrained text-to-image model (Stable Diffusion (Rombach et al., 2021) v1.5 / v2.1).

• pθ(X | C): the base model conditioned on the global prompt.

• pθ(Fi | ci): the same model, applied to the cropped region Fi (via masking) with
prompt ci.

• pθ(Fi): the model on Fi with a null prompt.

All experts share architecture and noise schedule, placing us in the homogeneous regime of
Theorem 2.1, where the coefficient C(t) remains strictly positive and no Marginal Path Col-
lapse occurs. In this limit, path existence is guaranteed even for constant exponents.

ACE vs. FKC and NR in the homogeneous regime. We apply our generic ACE sampler (Al-
gorithm 1) to this setup by treating each region-specific term in E.17 as an expert and compos-
ing their scores and drifts as in Section 2. Since the schedules are homogeneous, ACE does not
need to “rescue” a collapsing path. Instead, we use a small bump B = 5 in the region exponents
γi(t), which increases C(t) locally at intermediate times while preserving the endpoint distributions.
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Proposition E.1 implies that this yields a tighter intermediate concentration for p∗t , reducing mass in
off-manifold regions and stabilizing importance weights.

We compare three steering schemes using the same backbone, schedules, and hyperparameters3:

• NR (CFG-like): score-difference heuristic without importance weights.

• FKC: constant exponents with Feynman–Kac weighting and resampling (Algorithm 2).

• ACE: time-varying exponents with a bump B = 5 (Algorithm 1).

Because C(t) > 0 everywhere, FKC and ACE both operate on valid probability paths; the only
difference is the exponent schedule (i.e., constant vs. time-varying).

Comparison with Existing Paradigms. Existing approaches to this task generally fall into
three categories: (1) Methods that train adapters like GLIGEN (Li et al., 2023b), Make-It-
Count (Binyamin et al., 2025); (2) Auxiliary-guided methods like 3DIS (dewei Zhou et al., 2025)
that rely on external signals (depth maps, LLMs); and (3) Architectural interventions such as box-
layout guidance (Wang et al., 2024c) or attention-editing techniques (Chefer et al., 2023; Qiu et al.,
2025) that modify model’s internal signals. In contrast, ACE offers a sampling strategy that achieves
unbiased modular composition using a single fundamental expert model without requiring retrain-
ing, external data, or architectural changes.

Empirical results on COCO-MIG. We evaluate on the COCO-MIG benchmark (Zhou et al.,
2024b) and report the instance attribute success ratio (%) and mIoU (%) where the instance attribute
success ratio measures the fraction of region-wise instructions correctly matched in the generated
image. We compare ACE against NR and FKC, multiple diffusion baselines (Rombach et al., 2021;
Podell et al., 2023; Esser et al., 2024; Labs, 2024), and task-specific adapters (GLIGEN (Li et al.,
2023b), InstanceDiff (Wang et al., 2024b), MIGC (Zhou et al., 2024a), 3DIS (dewei Zhou et al.,
2025)). As shown in Table E.10, we observe a consistent hierarchy NR < FKC < ACE across back-
bones: FKC improves substantially over the heuristic NR baseline, and ACE with B = 5 further
improves both attribute alignment and spatial metrics, despite being applied in a regime with no path
collapse. Remarkably, ACE matches or exceeds a task-specific adapter GLIGEN (Li et al., 2023b)
on several metrics, while remaining completely training-free.

Qualitatively, Fig. E.13 shows that ACE produces sharply localized objects with correct attributes
in their designated boxes, whereas the Stable Diffusion baseline struggles to localize objects or
separate attributes. These results provide an empirical complement to Proposition E.1: even when
the path-existence criterion is satisfied, carefully shaping the exponent schedule can yield stronger
conditioning and improved sample quality.

Table E.10: Instance attribute success ratio (%) with the corresponding mIoU (%) shown in paren-
theses. L2–L6 denote the success ratios for tasks with 2 to 6 region-wise guidance conditions.
‘CLIP’ and ‘Local CLIP’ refer to CLIP scores computed on the entire image versus the full prompt,
and on local crops versus the corresponding local prompts, respectively.

Method Backbone L2 L3 L4 L5 L6 Avg CLIP↑ Local CLIP↑

Base Diffusion Model with global prompt

SD1.5 SD1.5 5.59 (18.83) 4.79 (17.43) 2.83 (14.95) 2.41 (13.93) 2.21 (15.94) 3.11 (15.75) 24.64 18.36
SDXL SDXL 5.59 (19.78) 4.48 (18.54) 2.81 (16.67) 2.14 (15.72) 2.80 (18.42) 3.17 (17.55) 25.71 18.63
SD3.5-M SD3.5-M 8.05 (21.57) 8.46 (21.37) 6.07 (18.98) 5.02 (17.39) 4.40 (17.80) 5.86 (18.85) 26.41 18.77
Flux.1-dev Flux.1-dev 8.83 (22.00) 7.50 (20.93) 4.86 (17.75) 4.53 (16.77) 3.22 (16.49) 5.08 (18.03) 26.17 18.56

Inference-time Control using only the base Diffusion Model

NR SD1.5 24.61 (30.50) 24.19 (29.81) 19.36 (25.64) 17.67 (24.42) 19.54 (25.91) 20.24 (26.53) 24.96 20.21
FKC SD1.5 33.02 (34.43) 31.18 (33.34) 28.80 (31.53) 25.46 (29.63) 22.88 (28.61) 28.27 (31.51) 25.44 20.66
ACE (B=5) SD1.5 45.31 (41.48) 42.50 (40.60) 36.25 (35.20) 32.75 (32.66) 32.40 (33.40) 37.84 (36.67) 25.59 21.18
NR SD2.1 26.52 (31.18) 25.76 (30.50) 20.94 (27.24) 18.83 (24.77) 18.78 (25.31) 21.04 (26.93) 24.89 19.96
FKC SD2.1 39.69 (37.78) 34.93 (35.91) 31.98 (33.95) 28.42 (32.07) 24.93 (30.02) 31.99 (33.95) 25.27 20.64
ACE (B=5) SD2.1 46.25 (42.24) 41.04 (39.45) 41.72 (37.96) 38.38 (37.17) 34.90 (34.82) 40.46 (38.33) 24.94 21.09

Adapter rendering methods (Requires Additional Training on new data or External Models)

GLIGEN SD1.4 38.36 (33.96) 32.79 (29.58) 28.67 (25.95) 25.02 (23.88) 26.98 (24.93) 28.84 (26.47) 24.91 20.78
InstanceDiffusion SD1.5 68.24 (62.67) 60.47 (55.75) 59.88 (54.15) 53.92 (49.02) 57.14 (51.34) 58.49 (53.12) 25.97 21.90
MIGC SD1.4 66.37 (57.02) 63.10 (54.47) 61.27 (52.48) 57.25 (49.49) 59.13 (51.38) 60.41 (52.16) 25.39 21.42
3DIS SD1.5 58.09 (52.76) 51.48 (46.92) 46.15 (42.46) 40.39 (38.16) 41.22 (38.47) 45.23 (41.89) 24.02 21.24

3For the image experiments, it sufficed to resample once at ts = 0.3 due to a small batchsize of N = 3.
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A photo of a red chair and a yellow chair and a white teddy bear and a
brown dining table

A photo of a black cup and a black donut and a green dining table and a
blue donut

A photo of a blue boat and a red boat and a white boat and a green boat A photo of a white couch and a yellow dining table and a white oven and
a brown chair

A photo of a brown airplane and a red airplane and a blue airplane A photo of a white bird and a red boat and a blue boat

A photo of a blue dog and a white bed and a green tie A photo of a black dog and a blue dog and a brown dog

A photo of a white umbrella and a red umbrella A photo of a brown boat and a brown boat and a yellow boat and a black
boat and a white boat and a green boat

Figure E.13: Qualitative results of compositional image generation with ACE. Compared to the base
Stable Diffusion 2.1 model (left), simulating the same model with ACE (right) yields better prompt
alignment and layout guidance – completely without additional training or external models.
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Table E.11: Runtime per image and peak GPU memory usage for generating a single image. Lower
is better. Baselines were evaluated on an NVIDIA A100 GPU, whereas ACE and FKC were evalu-
ated on an NVIDIA A6000. Since the A100 is approximately ×2.3 faster than the A6000, the raw
runtime gap between ACE, FKC and baselines is narrower than it appears.

Method Backbone Time (s) ↓ VRAM (GB) ↓

L2 L3 L4 L5 L6 Avg L2 L3 L4 L5 L6 Avg

SD1.5 SD1.5 1.48 1.48 1.54 1.52 1.52 1.51 2.64 2.64 2.64 2.64 2.64 2.64
NR SD1.5 5.79 7.24 8.65 10.25 11.41 8.67 5.22 5.22 5.22 5.30 5.56 5.31
FKC (A6000) SD1.5 14.87 19.14 23.16 27.11 30.89 23.04 3.80 3.80 3.91 4.38 4.85 4.15
ACE (A6000) SD1.5 17.44 22.61 28.14 33.29 34.72 27.24 4.71 4.71 4.72 4.72 4.72 4.72
SD2.1 SD2.1 1.47 1.48 1.47 1.62 1.48 1.50 3.05 3.05 3.05 3.05 3.05 3.05
NR SD2.1 5.41 6.51 7.89 9.43 10.37 7.93 6.05 6.05 6.05 6.13 6.39 6.13
FKC (A6000) SD2.1 14.20 18.94 20.64 24.23 27.55 21.11 4.22 4.22 4.38 4.86 5.35 4.70
ACE (A6000) SD2.1 16.53 21.34 25.82 30.72 32.19 23.52 5.12 5.13 5.13 5.13 5.13 5.13

SDXL SDXL 3.45 3.36 3.29 3.36 3.38 3.37 8.98 8.98 8.98 8.98 8.98 8.98
SD3.5-M SD3.5-M 4.56 4.55 4.55 4.55 4.55 4.55 17.61 17.61 17.61 17.61 17.61 17.61
Flux.1-dev Flux.1-dev 47.73 47.69 47.71 47.71 47.71 47.71 67.64 67.64 67.64 67.64 67.64 67.64
GLIGEN SD1.4 2.61 2.62 2.62 2.62 2.61 2.62 6.01 6.01 6.01 6.01 6.01 6.01
InstanceDiffusion SD1.5 6.77 8.22 9.70 11.14 12.67 9.70 6.60 6.60 6.60 6.60 6.60 6.60
MIGC SD1.4 2.58 2.58 2.56 2.57 2.58 2.57 5.43 5.43 5.43 5.43 5.43 5.43
3DIS (A6000) SD1.5 10.56 10.84 11.03 11.14 11.38 10.99 7.55 7.55 7.55 7.55 7.55 7.55

F FUTURE DIRECTIONS FOR ACE

We conclude by outlining limitations and several promising directions for further development of
the ACE framework and heterogeneous model composition, both in theory and in practice.

Error propagation in model composition. A natural open question concerns the propagation of
errors when composing multiple expert models using ACE. In practice, does the modular composi-
tion of experts lead to error accumulation that degrades performance compared to training a single,
larger network? A systematic error analysis could clarify whether modularity introduces compound-
ing approximation error or whether the benefits of specialization dominate in practical scenarios.

Extension to arbitrary transport. We assumed that the stochastic interpolation is between a Gaus- Reviewer
gBQysian and compactly supported distribution, which is a common formulation in generative modeling.

However, tasks such as molecule or image editing, where a sample from the source distribution is
given and the task is to transport that sample to a target distribution, require a different formulation
since these models interpolate between two compactly supported distributions. Future work could
explore when Marginal Path Collapse occurs in these general transport problems.

Extension to infinite-dimensional spaces. Our reasoning was kept as general as possible so that it
may be naturally extended to infinite-dimensional settings. Viewing each data sample as a function,
rather than a point in finite-dimensional space, is both theoretically appealing and practically relevant
in certain generative modeling applications. For instance, by replacing µ in definition A.1 with a
Gaussian measure on a Hilbert space, one can develop a function-space analogue of ACE with direct
implications for models defined over functional data.

Practical efficiency via distillation. A key limitation of ACE in practice is that the inference
cost scales linearly with the number of experts. However, the weighted SDE/ODE formulation of
theorem A.1 suggests that existing techniques for model distillation—such as consistency models,
flow map matching, or efficient SDE/ODE solvers—could be adapted to mitigate this cost.
Remark (Distillation of Weighted SDE). The probability path {p∗t (Xt)}t∈[0,1], Xt ∈ Rd can equiv-
alently be simulated by solving the ODE

Y0 ∼ p∗0 ⊗ δ(1), dYt =

([
v∗t
gt

]
◦ π
)
(Yt)dt. (F.1)

where Yt =

[
Xt

logwt

]
∈ Rd+1 and π projects Yt to Xt. Applying distillation techniques to this

formulation will enable efficient sampling while maintaining fidelity to the target distribution.

Expanding modular generation to scientific frontiers. We demonstrated ACE’s capacity to re- Reviewer
gBQy,
naNy

solve path collapse in high-dimensional, multi-modal settings through the scaffold decoration task,
where it successfully coordinated distinct modalities (bond topology, protein pocket, and 3D confor-
mation). This success suggests that ACE can extend to even more complex scientific tasks, such as
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protein glue generation and fragment linking, by decomposing them into families of existing models
(de novo, conformer, and SBDD), though empirical validation on these tasks remains future work.

Optimizing exponent schedules for scientific and creative tasks. Our current ACE schedules
use simple bump functions chosen to satisfy the path-existence criterion and, in the homogeneous
regime, to modestly increase C(t) at informative times. The COCO-MIG experiments in Ap-
pendix E.4 show that even such simple time-varying exponents can significantly improve sample
quality over both NR and FKC, despite the absence of path collapse. This suggests a promising
direction: treating the exponent schedules γi(t) themselves as objects to be optimized for down-
stream objectives such as alignment or diversity. A complementary line of work is to extend ACE to
truly heterogeneous creative pipelines that combine distinct backbones and modalities (e.g., global
image-editing models with local text-conditioned generators), where incompatible noise schedules
would otherwise induce collapse. In both cases, ACE provides the theoretical guarantees needed to
explore richer steering schemes without sacrificing validity.

Extension to hybrid process in mixed continuous-categorical domains. As we present in E.1, Reviewer
naNymany scientific and molecular generative tasks involve data living in a product space of continu-

ous coordinates (e.g., 3D positions) and categorical variables (e.g., atom and bond types). Current
diffusion-based steering methods, including ACE, operate on continuous domains where interme-
diate densities are well defined under Gaussian interpolation. However, categorical variables do
not admit Gaussian smoothing, and thus lack a natural notion of intermediate densities or scores
along the diffusion path. This mismatch makes ratio-of-densities steering, and the study of Marginal
Path Collapse, substantially more challenging in hybrid domains. Future work could develop princi-
pled stochastic interpolants for mixed continuous–discrete representations, identify conditions under
which well-defined joint paths exist, and characterize when collapse arises in such hybrid settings.
Such an extension would enable theoretically sound steering for full molecular structures, jointly
evolving coordinates and atom/bond types, thereby broadening ACE’s applicability to richer molec-
ular generation pipelines.

A long-term vision: Towards a modular generative ecosystem. ACE demonstrates that complex
conditional generation can be achieved through the modular composition of pretrained expert mod-
els, offering a scalable alternative to monolithic, task-specific architectures. In the long run, this
suggests a paradigm shift toward a standardized practice for generative modeling on continuous do-
mains. Instead of training a bespoke model for every novel application, the community could curate
a library of highly efficient expert models for fundamental marginal densities, composing them ad
hoc using ACE. This modular paradigm opens the door to a principled framework for the collective
intelligence of AI, where distinct models collaborate to solve complex tasks beyond the scope of
their individual training.
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