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Abstract. Generating diverse, coherent, and plausible content from par-
tially given inputs remains a fundamental challenge for diffusion models.
Existing approaches face clear limitations: training-based approaches
offer strong task-specific results but require costly computation, and
they generalize poorly across tasks. Training-free approaches offer better
efficiency, but they do not explicitly optimize over unobserved variables,
leading to globally inconsistent results. To address these limitations, we
introduce Accelerated Likelihood Maximization (ALM), a novel training-
free sampling strategy integrated into the reverse diffusion process that
significantly extends the applicability of diffusion models beyond simple
generation tasks. Unlike previous methods that implicitly influence miss-
ing regions through pre-generated region constraints, we directly optimize
the unobserved region during the sampling process, enabling globally
coherent and plausible generation. Furthermore, we incorporate an ac-
celeration strategy that significantly improves computational efficiency
without sacrificing performance. Experimental results demonstrate that
ALM consistently outperforms state-of-the-art methods in various data
domains and tasks, establishing a powerful paradigm for versatile content
generation. Project website: http://hleephilip.github.io/ALM
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1 Introduction

Diffusion models [16,51,53] have demonstrated remarkable performance in visual
synthesis, including images [11, 27, 41, 43, 46, 48, 57], videos [14, 19, 55, 61], and
human motions [23,54] learned from massive datasets [2, 5, 13, 49]. Within their
training domains and task formulations, these models can produce highly realistic
and semantically rich outputs. However, the generative power of the models
is not directly applicable in practical scenarios that require generating content
conditioned on partially observed or pre-generated inputs. Exemplar scenarios
include: filling in missing regions [1, 9, 20, 37, 38, 69], extrapolating beyond pre-
generated boundaries [24, 29, 31, 62], or lifting 2D image generation to view-
consistent 3D texture generation [36, 45, 60, 63–65]. These real-world scenarios
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involve completion and extension tasks that go far beyond the standard generate-
from-scratch setting. We refer to this broader problem formulation as versatile
content generation.

A naïve approach is retraining or fine-tuning pre-trained models for each
specific task, which requires substantial computational resources and large-scale
dedicated datasets. More importantly, these models are fundamentally limited
in generalizability; they are trained for one specific task or modality and rarely
transfer to others, even within the same modality. However, although task-
specific tuning is inefficient, the pretrained generative models themselves remain
extremely powerful. This observation motivates our goal: we aim to transform
the pretrained generative models from simple synthesis frameworks to versatile
content generators, without any additional training.

With a shared motivation, diffusion synchronization [24,29,31,62] attempts
to address this problem. These methods are designed to achieve two goals: (a)
fill the unobserved region while maintaining consistency with the pre-generated
content, and (b) generate high-quality unobserved regions without sacrificing
the original performance of the model. However, existing methods are mostly
heuristic or indirect: SyncTweedies [24] relies on extensive empirical search, while
SyncSDE [29] provides a mathematical justification but adopts a strong Gaussian
assumption. More importantly, SyncSDE’s guidance is restricted to the pre-
generated region and does not control the generation of unobserved regions. The
unobserved region remains unconstrained, under the assumption that completions
will naturally emerge during the diffusion process. However, this assumption does
not hold in practice, especially when the unobserved region becomes large (e.g.,
outpainting), thereby producing implausible outcomes. In essence, SyncSDE lacks
a mechanism that enforces high-quality generation in the missing region, still
failing to achieve the goal of synchronization.

To address these limitations, we propose Accelerated Likelihood Maximization
(ALM), a fully training-free and widely applicable sampling mechanism by
modifying the reverse diffusion sampling process. ALM introduces a fundamentally
different optimization principle from prior synchronization and posterior-guidance
approaches [7, 12,39,52]. Instead of enforcing consistency only in pre-generated
regions or sampling a single trajectory under posterior constraints, ALM is, to
our knowledge, the first work to formulate synchronization as explicit likeli-
hood maximization over the unobserved region to correlate multiple diffusion
trajectories. By directly performing likelihood maximization over the unobserved
variable with respect to the pre-generated context and the diffusion prior, ALM
improves the plausibility of missing regions while preserving global coherence.
This leads to a novel inference mechanism – adaptive, region-aware likelihood
maximization that directly updates the diffusion trajectories. We use the term
likelihood maximization in a score-based inference sense: the update follows score
estimates of a composite log-probability objective over the unobserved variable
while keeping the pretrained generative model fixed. Technically, we derive an
acceleration strategy that handles iterative likelihood maximization in a single
step, significantly improving inference efficiency without sacrificing quality.
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We demonstrate that ALM is broadly applicable across various generative
models [23,46,55,67], ranging from large-scale diffusion models (SDXL [43]) to
recent flow-matching frameworks (FLUX [27]), enabling them to handle versatile
generation tasks. Further, ALM extends the application scope of pretrained models
to include challenging tasks such as image inpainting, wide image generation,
human motion completion, and 3D mesh texturing. As a result, ALM establishes
a general paradigm for versatile content generation. Below are our contributions:

• We propose ALM, a fully training-free and model-agnostic sampling scheme
that can directly transform pretrained generative models into versatile content
generators.

• We formulate diffusion synchronization as explicit score-based likelihood
maximization over the unobserved region, providing a principled optimization
objective beyond prior synchronization-based approaches.

• We derive an accelerated one-step inference strategy and demonstrate broad
applicability across images, human motion, 3D meshes, and videos, achieving
state-of-the-art performance even compared to training-based baselines.

2 Related Works

Training-based Methods. Several methods require training to address spe-
cific tasks of versatile content generation [8, 20, 28, 32, 35, 59, 60, 69]. For image
inpainting, BrushNet [20] presents a plug-and-play dual-branch architecture that
separately processes masked image features from diffusion latents. Similarly,
PowerPaint [69] introduces a framework with learnable task prompts, allowing a
model to handle diverse inpainting challenges within the image domain. There
also exist variants of Stable Diffusion [46] and SDXL [43] that are specifically
fine-tuned for image inpainting. Beyond images, CondMDI [8] extends diffu-
sion models to human motion [54] to perform human motion completion from
partial keyframes, generating coherent and diverse motion sequences. While
these methods achieve strong performance on specific tasks, their reliance on
extensive task-specific training limits their generalization across diverse domains,
making them unsuitable for versatile content generation. In contrast, ALM is
fully training-free, shows broad generalizability across diverse tasks, and even
outperforms training-based approaches.

Training-free Methods. To overcome the high computational cost required for
training-based methods, several task-specific training-free approaches [1,18,36–38,
45,65] have been proposed. HD-Painter [38] introduces prompt-aware attention
and reweighted attention score guidance to guide the reverse diffusion process of
inpainting models, combined with a tailored super-resolution module and Poisson
blending [42]. Reconstruction guidance [18], originally proposed for long video
generation, enforces consistency with pre-generated frames during denoising of the
unobserved region using L2 loss. This strategy can be extended to other modalities,
such as human motion, as discussed in [8]. In the 3D domain, TexPainter [65]
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Fig. 1: Overview of the proposed method. ALM aims to adapt diffusion models to
reconstruct the unobserved variable while preserving pre-generated content.

leverages the color blending scheme to ensure multi-view consistency during
mesh texturing. However, most of these techniques are tailored to specific tasks
and therefore remain limited in applicability. In contrast, we propose a unified
framework that can be applied across modalities while achieving state-of-the-art
performance.

Diffusion Synchronization. Synchronization-based methods [3, 24,29,31,62]
propose tailored strategies to model the correlations between diffusion trajectories.
For instance, SyncTweedies [24] evaluates 60 strategies and shows that the aver-
aging variables obtained using Tweedie’s formula yield the best results, though its
effectiveness relies largely on heuristics without a clear mathematical explanation.
StochSync [62] relies on alternately sampled non-overlapping views, rather than
explicitly modeling the relation between unobserved and pre-generated regions.
Since it does not evaluate the interactions between trajectories within a single
diffusion step, it inevitably results in global inconsistencies. SyncSDE [29] formu-
lates the posterior distribution of the pre-generated content given the unobserved
region, but still does not explicitly optimize the unobserved region and relies
solely on guidance derived from the pre-generated content. It implicitly assumes
that plausible completions will emerge without directly enforcing them. Such
an assumption lacks a solid foundation, and consequently it fails to generate
high-quality content. To overcome this limitation, we introduce a novel optimiza-
tion objective that explicitly optimizes the unobserved region, thereby enhancing
both consistency and overall fidelity.

3 Proposed Method

3.1 Overview

We aim to adapt diffusion-based generative models [16, 50, 51, 53] to versatile
inpainting and outpainting tasks in a training-free manner, where the unobserved
variables are sampled while conditioning on the given pre-generated content.
We denote the pre-generated content as X and the binary mask indicating the
unobserved region as M. At diffusion timestep t, the noisy pre-generated content is
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represented as Xt, while the unobserved variable sampled by our method is written
as Yt. We further define the blended variable Et as Et = Xt⊙ (1−M)+Yt⊙M.
During the reverse diffusion process, we first update Yt as follows:

Yt ← Yt +M⊙ (w1(ϵθ(Yt, t, c)− ϵθ(Et, t, c))− w2ϵθ(Et, t, c)), (1)

where ϵθ(·, ·, ·) denotes the pretrained noise prediction network of the diffusion
model, c is the conditioning variable (e.g. text embedding), and w1, w2 are tunable
hyperparameters. Derivation of Eq. (1) is the core contribution of our work. We
then sample Yt−1 by modified DDIM [51] reverse process as follows:

Yt−1 ←
√
αt−1

(
Yt −

√
1− αtϵθ(Yt, t, c)√

αt

)
+

√
1− αt−1ϵθ(Yt, t, c)

+ w1(1−M)⊙ (Xt −Yt), (2)

Figure 1 shows the graphical diagram of the proposed method.

3.2 Preliminary: SyncSDE

A representative approach tackling training-free versatile content generation is
diffusion synchronization [24, 29, 62]. SyncSDE, which provides a probabilistic
explanation of why diffusion synchronization works, generates content by intro-
ducing a conditional probability term that couples different diffusion trajectories.
Specifically, it factorizes the conditional score function of the diffusion model
used during the sampling of Yt as:

∇Yt
log p(Yt | Xt, c) = ∇Yt

log p(Yt | c) +∇Yt
log p(Xt | Yt, c), (3)

where the conditional probability of Xt given Yt and c is modeled as:

p(Xt | Yt, c) := p(Xt | Yt) ∼ N (Yt,
γt
w1

(1− αt)(1− M̄)−1), (4)

with a diagonal precision matrix M̄, where pre-generated and unobserved entries
are set to 0 and 1, respectively. The conditional score is then substituted into
the DDIM reverse process, yielding the update rule derived in Eq. (2).

3.3 Unobserved Region Optimization

Analysis. The synchronization strategy discussed in Sec. 3.2 often yields subop-
timal results, since the guidance mechanism of SyncSDE [29] focuses solely on
optimizing the pre-generated region, (1−M)⊙Yt, without explicitly providing
any information for the unobserved region, M⊙Yt. In other words, it does not
guarantee that the unobserved region will be harmonized with the pre-generated
content; instead, it just assumes that diffusion will naturally produce a plausi-
ble outcome, which is typically insufficient and does not hold. To validate this
analysis, we conduct an experiment on image inpainting. As shown in Figure 2
(“SyncSDE” column) and Figure 4 (1st row, “w/o ALM” columns), it often fails
to synthesize coherent and high-quality outputs, where the unobserved regions
contain inconsistent or arbitrarily generated content that does not harmonize
with the pre-generated region, supporting our analysis.
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Derivation. We aim to optimize the unobserved region of Yt by imposing a novel
sampling strategy. At each diffusion timestep t, we introduce an additional term
∆Yt, which is added to Yt for direct optimization. We design ∆Yt =

∑N
i=1 ∆Yi

t,
where the sequence {∆Yi

t}Ni=1 is constructed to iteratively minimize the following
terms:

−λ1 log p(Xt,M | Yi
t +M⊙∆Yi

t, c)− λ2 log p(Xt,M,Yi
t +M⊙∆Yi

t | c), (5)

with λ1 and λ2 being scalar hyperparameters (λ1 > λ2). Note that Yi
t = Yi−1

t +
M ⊙ ∆Yi−1

t , and the initial values are set as Y1
t = Yt and {∆Yi

t}Ni=1 =
{0}Ni=1. Here, the conditional likelihood term encourages contextual consistency
by aligning the unobserved region with the pre-generated content, whereas the
joint log-density term encourages the blended content to lie within high-density
regions of the full data distribution, thereby harmonizing both regions into
a globally realistic sample. We refer to the resulting procedure as likelihood
maximization in a score-based sense, since the update follows score estimates of
the corresponding composite log-probability objective over the unobserved region
while keeping the pretrained model fixed. This separation enables our method to
simultaneously promote local consistency and global harmonization. We verify
that using both terms is essential for high-quality content generation in Sec. 4.2.
The coefficients λ1 and λ2 act as weights in a composite energy function [53],
allowing adaptive balancing between two terms for better performance.

We define f(∆Yi
t) as the objective defined in Eq. (5). With the constraint of

∥∆Yi
t∥ ≪ 1, we apply a Taylor expansion around 0. By taking a gradient descent

on ∆Yi
t with step size of 1, we obtain:

∆Yi
t = M⊙ (λ1∇Yi

t
log p(Xt,M | Yi

t, c) + λ2∇Yi
t
log p(Xt,M,Yi

t | c)). (6)

Note that the small-magnitude constraint can be satisfied by choosing sufficiently
small values of λ1 and λ2, which we detail in Sec. 3.4. Using Bayes’ rule, we
factorize the conditional log-likelihood term into p(Xt,M,Yi

t | c) and p(Yi
t | c).

Following the score-based substitution technique [30, 53], the second term is
calculated using the pretrained diffusion model:

∇Yi
t
log p(Yi

t | c) ≃ −
1√

1− αt
ϵθ(Y

i
t, t, c) (7)

For the first term, we define ∇Yi
t
log p(Xt,M,Yi

t | c) ≃ ∇Yi
t
log p(Ei

t | c). We
justify that this score estimation works well in Appendix C, where it is interpreted
as a surrogate for the joint score. Then we get

∇Yi
t
log p(Ei

t | c) = ∇Ei
t
log p(Ei

t | c)⊙M ≃ − 1√
1− αt

ϵθ(E
i
t, t, c)⊙M. (8)

Putting these together, the closed form formula for ∆Yi
t becomes

∆Yi
t = M⊙ (λ1(ϵθ(Y

i
t, t, c)− ϵθ(E

i
t, t, c))− λ2ϵθ(E

i
t, t, c)), (9)

up to a scaling factor of 1/
√
1− αt.



Accelerated Likelihood Maximization for Versatile Content Generation 7

3.4 Acceleration Strategy

From Eq. (9), we can choose λ1 and λ2 such that each ∆Yi
t remains sufficiently

small for accurate Taylor expansion, then get a sequence {∆Yi
t}Ni=1 with N

iterations. However, this iterative process is computationally expensive, since
its time complexity scales as O(N). To address this, we propose a one-step
approximation strategy. For the rest of the derivation, we denote Yi

t = Yi−1
t +

∆Yi−1
t from the definition of ∆Yi−1

t . Here, we present two claims for derivation:
Claim 1. ∆Yi

t is small enough for all 1 ≤ i ≤ N . That is, λ1 and λ2 are
chosen such that ∥∆Yi

t∥ ≪ 1.
Claim 2. The noise prediction network ϵθ(·, ·, ·) of the pretrained diffusion
model is L-Lipschitz [22,25].

Using these claims, we analyze the difference between ∆Yi
t and ∆Yi+1

t :

∥∆Yi+1
t −∆Yi

t∥ ≤ λ1∥ϵθ(Yi
t +∆Yi

t, t, c)− ϵθ(Y
i
t, t, c)∥

+ (λ1 + λ2)∥ϵθ(Ei
t +∆Yi

t, t, c)− ϵθ(E
i
t, t, c)∥

≤ L(2λ1 + λ2)∥∆Yi
t∥ = O(∥∆Yi

t∥) (10)

From Claim 1, it follows that ∆Yi+1
t ≃ ∆Yi

t for all i. Therefore, we approximate
the iterative update with a one-step approximation as follows:

∆Yt ≃ N∆Y1
t = M⊙ (w′

1(ϵθ(Yt, t, c)− ϵθ(Et, t, c))− w2ϵθ(Et, t, c)), (11)

where we define w′
1 = Nλ1 and w2 = Nλ2. In practice, we set w1 = w′

1, yielding
only two hyperparameters.

We justify that when Claim 1 holds, ∥∆Yi+1
t −∆Yi

t∥ ≃ 0, making the one-
step approximation valid in Appendix D. Note that the use of O(·) bounds for
analyzing diffusion dynamics is not uncommon in the literature [25], supporting
the reasonableness of our derivation with strong empirical results. Thanks to this
approximation, instead of gradually refining the unobserved region through N
iterations, we directly compute the outcome of the full optimization in a single
update. This technique significantly reduces computation time without sacrificing
the performance as verified in Sec. 4.2. In practice, we apply a decaying schedule
to hyperparameters to better ensure the small-update assumption, defined as:

wi = σtw
init
i , σt =

√
1− αt−1

1− αt

√
1− αt

αt−1
(12)

where σt follows the same definition as in DDPM [16].
Additional methodological details are provided in the appendix. Appendix A

describes the full derivation of ALM, including the Taylor expansion and accelera-
tion formulation. Appendix C discusses the score estimation used to approximate
the joint score, and Appendix D validates the one-step approximation.

4 Experiments

We comprehensively evaluate our approach on both inpainting and outpainting
across diverse data modalities, highlighting its capability for versatile content
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generation. Specifically, we assess image inpainting in Sec. 4.2 and wide image
generation through outpainting in Sec. 4.3. Beyond the image domain, we extend
our framework to human motion completion in Sec. 4.4, and further explore
its applicability to 3D mesh texturing in Sec. 4.5. For each table, we bold and
underline the best and second-best results, respectively. Additional experimental
material is provided in the appendix. Appendix B provides task-specific details
and additional results, including long video generation. Appendix E analyzes
computational cost, and Appendix F discusses hyperparameter sensitivity.

4.1 Implementation Details

We implement our method based on PyTorch [40]. To ensure accurate score
estimation in Eq. (7) and Eq. (8), we do not employ classifier-free guidance [17]
during the calculation of Eq. (9). However, for fair comparison with baselines,
we still apply classifier-free guidance in the reverse diffusion process of Eq. (2).
For SyncSDE [29], since the official codebase does not support image inpainting
scenarios, we reproduced it. For all other baselines, we run the official codes of
each algorithm for fair comparison.

4.2 Image Inpainting

Comparison with Prior Works. We first compare ALM against a wide range
of representative inpainting methods using the pretrained Stable Diffusion [46].
The baselines include training-based methods built upon Stable Diffusion, such
as BrushNet [20], PowerPaint [69], and Stable Diffusion Inpainting (SDI) [46],
as well as training-free methods such as SyncSDE [29] and HD-Painter [38].

Source BrushNet PowerPaint SyncSDE HD-Painter ALM (Ours)SDI

Fig. 2: Qualitative comparison of our method against Stable Diffusion-based [46] image
inpainting methods [20,29,38,46,69]. ALM shows superior performance.
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Table 1: Quantitative evaluation on image inpainting. Methods with * and † denote
results obtained with pixel-level blending and super-resolution, respectively.

Method Training-
free

AFHQ [6] CelebA-HQ [21]

LPIPS ↓ MSE ↓ M-SSIM ↑ MS-SSIM ↑ FSIM ↑ LPIPS ↓ MSE ↓ M-SSIM ↑ MS-SSIM ↑ FSIM ↑

BrushNet [20] N 0.316 0.216 0.256 0.589 0.741 0.274 0.195 0.347 0.638 0.759
PowerPaint [69] N 0.310 0.217 0.272 0.600 0.748 0.272 0.203 0.366 0.650 0.764
SDI [46] N 0.292 0.140 0.295 0.623 0.757 0.268 0.130 0.368 0.659 0.763
SyncSDE [29] Y 0.304 0.172 0.302 0.641 0.778 0.292 0.159 0.341 0.661 0.781
HD-Painter [38] Y 0.301 0.146 0.285 0.610 0.741 0.286 0.146 0.344 0.642 0.747
ALM (Ours) Y 0.283 0.143 0.351 0.689 0.796 0.251 0.126 0.417 0.732 0.813

BrushNet* [20] N 0.286 0.201 0.270 0.622 0.765 0.250 0.183 0.360 0.664 0.779
HD-Painter*† [38] Y 0.285 0.136 0.300 0.646 0.765 0.275 0.140 0.347 0.666 0.766
ALM* (Ours) Y 0.259 0.125 0.343 0.719 0.826 0.240 0.112 0.398 0.746 0.832

By comparing our method against SyncSDE [29], we provide strong supporting
evidence for our analysis of SyncSDE’s limitations presented in Sec. 3.3. We use
two distinct datasets for evaluation: AFHQ [6] and CelebA-HQ [21]. From each
dataset, we sample 1,000 image–mask pairs to construct the test set. We measure
the performance using five commonly adopted metrics: LPIPS [68], MSE, Masked
SSIM (M-SSIM), Multi-Scale SSIM (MS-SSIM) [56], and FSIM [66]. Note that
M-SSIM is computed over the unobserved region to better evaluate the quality of
the generated region itself. Since both ALM and SyncSDE require the sequence
{Xt}Tt=0, we apply DDIM [51] inversion with the masked source image. For all
algorithms, the masked source image is provided as input and the model generates
the target image from pure noise, which follows the standard inpainting setup.

As summarized in Table 1, our method demonstrates outstanding performance
across all baselines. Notably, it consistently outperforms both training-free and
training-based methods, regardless of the dataset. We also emphasize that our
method achieves better M-SSIM with a significant margin, showing the effects of
explicit optimization of the unobserved region. Figure 2 visualizes the qualitative
comparisons, where our method consistently delivers superior visual quality.
Our method also shows robust performance under diverse and complex mask
geometries, demonstrating its generalizability.

Experiments across Diverse Backbones. To validate the robustness of ALM
with respect to the underlying diffusion backbone, we conduct experiments with
diverse models. We adopt several additional backbones: (a) an unconditional
diffusion model trained on CelebA-HQ [21] from RePaint [37], (b) Stable Diffusion
XL [43], and (c) FLUX [27]. FLUX uses flow matching [33, 34], and we detail
the adaptation of our method to the flow matching framework in Appendix B.1.
As shown in Figure 3, our method delivers high-quality inpainting results on
every backbone. These findings highlight that ALM is model-agnostic, suggesting
that our method transforms diverse pretrained models into versatile content
generators without retraining, strengthening its importance.

Comparison with Large-Scale Models. To further validate the effective-
ness of ALM against large-scale generative models, we compare it with SDXL-
Inpainting [43], as well as FLUX [27] and Qwen-Image [57] adapted for inpainting
via latent blending. Since these models are designed for high-resolution generation,
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Fig. 3: Qualitative results of image inpainting with various backbones [27,37,43].

we adopt SDXL as the backbone for ALM to ensure a fair comparison at 1K
resolution. As shown in Table 2, ALM not only outperforms but also achieves
this without additional training, underscoring the significance of our approach.

Table 2: Quantitative comparison of ALM on image inpainting with large-scale genera-
tive models [27,43,57].

Method Training-
free

AFHQ [6] CelebA-HQ [21]

LPIPS ↓ MSE ↓ M-SSIM ↑ MS-SSIM ↑ FSIM ↑ LPIPS ↓ MSE ↓ M-SSIM ↑ MS-SSIM ↑ FSIM ↑

SDXL-Inpainting [43] N 0.303 0.191 0.309 0.656 0.780 0.313 0.232 0.332 0.657 0.768
FLUX-Inpainting [27] Y 0.272 0.155 0.290 0.662 0.788 0.212 0.133 0.364 0.719 0.809
Qwen-Image-Inpainting [57] Y 0.257 0.126 0.333 0.689 0.813 0.232 0.141 0.343 0.688 0.799
ALM (Ours) Y 0.254 0.112 0.410 0.754 0.841 0.249 0.130 0.442 0.772 0.843

Analyzing the Effect of Components. We analyze the effect of each objective
term described in Eq. (5), as well as the overall impact of ALM and the accelera-
tion strategy. As shown in Table 3, each component plays an important role in
generating high-quality results. In particular, our one-step approximation does
not degrade performance, while reducing the runtime by approximately 185×.
This shows that the acceleration strategy greatly improves efficiency without
sacrificing quality. The exact runtime is reported in Appendix E.

We further present qualitative ablation results in Figure 4. The first row
demonstrates that our method effectively mitigates a key limitation of the ex-
isting approach [29], which fails to harmonize the unobserved region with the
pre-generated content. In contrast, by explicitly performing likelihood maximiza-
tion over the unobserved region, our approach produces globally coherent samples
that align well with the given context. The second and third rows visualize the
effectiveness of the conditional likelihood and joint log-density terms, respectively.
Specifically, the conditional likelihood is more effective when applied to pre-
trained Stable Diffusion [46], whereas the joint log-density term has a significant
impact on an unconditional diffusion model [37]. These results demonstrate that
incorporating both terms enables ALM to generalize effectively across diverse
diffusion backbones. The last row shows that the visual quality remains consistent
irrespective of the use of the acceleration strategy.
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Table 3: Quantitative ablation study results on image inpainting.

Method AFHQ [6] CelebA-HQ [21]

LPIPS ↓ MSE ↓ M-SSIM ↑ MS-SSIM ↑ FSIM ↑ LPIPS ↓ MSE ↓ M-SSIM ↑ MS-SSIM ↑ FSIM ↑

w/o ALM 0.295 0.169 0.300 0.650 0.782 0.287 0.161 0.332 0.663 0.782
w/o cond. term 0.295 0.162 0.323 0.661 0.787 0.291 0.156 0.357 0.673 0.786
w/o joint term 0.284 0.149 0.327 0.679 0.793 0.254 0.132 0.385 0.720 0.808
w/o acceleration 0.298 0.170 0.298 0.649 0.781 0.277 0.156 0.341 0.675 0.787
ALM (Ours) 0.283 0.143 0.351 0.689 0.796 0.251 0.126 0.417 0.732 0.813

Source w/o ALM ALM Source w/o ALM ALM Source w/o ALM ALM

Source w/o cond. ALM Source w/o cond. ALM Source w/o cond. ALM

Source w/o joint. ALM Source w/o joint. ALM Source w/o joint. ALM

Source w/o accel. ALM Source w/o accel. ALM Source w/o accel. ALM

Fig. 4: Qualitative ablation study results. Each row shows the effect of ALM (Eq. 9),
the conditional likelihood term (Eq. 5), the joint log-density term (Eq. 5), and the
acceleration strategy (Eq. 11), respectively.

4.3 Wide Image Generation

Beyond image inpainting, our approach also naturally extends to the outpainting
task, enabling the synthesis of wide, high-resolution images. We employ an
autoregressive image outpainting strategy to generate wide images. Starting from
512× 512 patch generated with the pretrained Stable Diffusion [46], subsequent
overlapping patches are iteratively synthesized via outpainting. With a stride of
384 pixels, we generate five patches, resulting in a 2048× 512 resolution image.
The patches are overlapped such that the i-th patch is placed on top of the
(i+ 1)-th one and decoded with the pretrained VAE [26] decoder. We compare
our method against state-of-the-art diffusion synchronization approaches using
400 images, including SyncTweedies [24], SyncSDE [29], and StochSync [62]. For
evaluation, we randomly crop the generated wide image into 512× 512 image. We
report FID [15] and KID [4] to evaluate distribution alignment, with Aesthetic
Score [49] and Q-Align [58] to assess the perceptual quality and fidelity of the
generated images.

As shown in Table 4 and Figure 5, our method achieves outstanding per-
formance compared to the baselines. In particular, SyncSDE (Row 2) exhibits
clear limitations in the wide image generation setting. Since it does not explicitly
optimize the unobserved region, it achieves inferior aesthetic quality in terms
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of aesthetic score and Q-Align. Furthermore, since its performance degrades
significantly when the masked area becomes large, it requires a smaller stride
between overlapping patches. This leads to color inconsistencies and clear edge
artifacts.

Table 4: Quantitative evaluation on wide image generation. KID [4] is scaled by 103.

Method FID ↓ KID ↓ Aesthetic Score ↑ Q-Align ↑

SyncTweedies [24] 85.95 58.36 6.104 4.550
SyncSDE [29] 85.82 51.84 6.127 4.542
StochSync [62] 113.21 92.10 6.026 4.546
ALM (Ours) 83.41 42.98 6.133 4.581

“Alpine village, snow-covered rooftops, nestled between majestic 
peaks—a picture-perfect scene of winter tranquility”

“Nestled in a canyon, a pueblo village stands against the red earth”
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Fig. 5: Qualitative comparison of our method against state-of-the-art methods [24,29,62].
SyncSDE exhibits noticeable discontinuities across patches, while SyncTweedies produces
blurry and inconsistent coloring. StochSync likewise tends to generate blurry and
discontinuous wide images. In contrast, ALM successfully produces results without
blurred or inconsistent regions.

4.4 Human Motion Completion

We further demonstrate the versatility of our method by extending it from images
to human motion data. Specifically, we tackle the human motion completion
task, where the goal is to reconstruct missing parts of a motion sequence. We
evaluate across three distinct scenarios: “first-half prediction,” predicting the
initial segment from the latter half, “middle-half prediction,” completing the
central segment given the first and last quarters, and “last-half prediction,” the
inverse of the first-half setting. We use a U-Net-based [47] pretrained diffusion
model [23] for text-to-motion synthesis.

We compare our method against the training-based method CondMDI [8] and
training-free methods such as Reconstruction Guidance [18] and its imputation-
based variant [54]. Basically, we follow the CondMDI setup that employs a
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DDPM [16] sampler with 1,000 timesteps. For each completion scenario, we
sample 1,000 motion sequences from the HumanML3D [13] dataset and report
the average performance over 10 replications. We measure FID, Matching Score
(Match.), Top-1 R-precision (R-prec.), and Diversity (Div.) metrics, which are
widely adopted metrics in prior works [8,13]. Table 5 illustrates that the proposed
method achieves superior performance with high versatility across various human
motion completion scenarios. In Figure 6, the given frames are highlighted in
orange, while the filled frames generated by the model are shown in blue.

Table 5: Quantitative evaluation on human motion completion using the motion
sequences sampled from HumanML3D [13] dataset. Methods marked with * use impu-
tation [54]. ‘→’ indicates that closer alignment with the GT value is better.

Method Training-
free

First-half Middle-half Last-half

FID ↓ Match. ↓ R-prec. ↑ Div. → FID ↓ Match. ↓ R-prec. ↑ Div. → FID ↓ Match. ↓ R-prec. ↑ Div. →

CondMDI [8] N 0.620 4.566 0.350 8.668 0.594 4.489 0.354 8.618 0.362 4.409 0.365 9.050
Recon. Gui. [18] Y 11.342 5.230 0.284 6.101 12.806 5.152 0.299 6.041 7.322 4.866 0.319 6.804
Recon. Gui.* [18] Y 3.547 4.395 0.361 7.774 4.250 4.415 0.366 7.599 0.576 4.051 0.400 8.797
ALM (Ours) Y 0.311 4.143 0.396 8.979 0.447 4.175 0.395 8.820 0.236 4.085 0.410 9.041
ALM* (Ours) Y 0.465 4.140 0.398 8.828 0.645 4.159 0.393 8.695 0.260 4.068 0.408 9.025

Ground Truth - 0.001 3.243 0.453 9.299 0.001 3.243 0.453 9.299 0.001 3.243 0.453 9.299
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“a person continuously jogs 
counter clockwise.”

“a person walks in a wide 
winding path, creating large 

semicircular loops.”

“a person walks forward, turns, 
then sits, then stands and 

walks back”

“a person running to the right”

Fig. 6: Qualitative comparison of our method with baselines [8, 18] on human motion
completion. While baselines show unrealistic or discontinuous motions, ALM generates
plausible sequences that also align with the given text prompt.

4.5 3D Mesh Texturing
We extend our method to the 3D domain by applying it to the mesh texturing task.
Following the standard setup of prior works [24, 29], we sample 10 partially over-
lapping viewpoints around each mesh. Iterating over the viewpoints, we generate
a rendered image from the current view using the pretrained depth-conditioned
ControlNet [67], where the overlapping regions of the pre-generated views are
provided as additional conditioning. After obtaining multi-view renderings, we
bake them into a single texture map.
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For quantitative evaluation, we use 250 mesh–prompt pairs sampled from the
Objaverse dataset [10]. We compare our method against both task-specific meth-
ods [45,63,65] and synchronization-based approaches [24,29,62]. Each textured
mesh is rendered from 10 viewpoints, and the resulting images are used for eval-
uation. We report widely adopted metrics including FID [15], KID [4], and CLIP
similarity [44] between rendered images and text prompts. Reference images used
to compute FID and KID are also generated using depth-conditioned ControlNet,
based on the depth maps rendered from the same 10 viewpoints. Results are
presented in Table 6 and Figure 7-8. As shown, our method outperforms the
baselines, further highlighting its effectiveness.

Table 6: Quantitative evaluation on 3D mesh texturing. KID [4] value is scaled by 103.
Method Paint-it [63] TexPainter [65] TEXTure [45] SyncTweedies [24] SyncSDE [29] StochSync [62] ALM (Ours)

FID ↓ 200.89 191.17 184.66 156.78 165.04 163.24 155.46
KID ↓ 126.40 112.48 94.69 82.91 82.75 82.83 74.41
CLIP-Sim. ↑ 0.287 0.284 0.289 0.294 0.290 0.289 0.292
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Paint-it TexPainter TEXTure SyncTweedies SyncSDE StochSync ALM (Ours)

Fig. 7: Qualitative comparison of ALM with baselines [24,29,45,62,63,65] on 3D mesh
texturing. ALM generates high-fidelity texture maps, outperforming prior works.

“A bright blue lizard, 
glossy scales, subtle 

patterning, vivid 
reptile skin”

“realistic rough 
armadillo skin, dark 
earthy brown armor 

plates, scratched 
keratin texture, 

high-detail PBR”

“Artisan croissant, 
deep golden crust, 
reflective buttery 
glaze, cinematic 

lighting, 
photorealistic”

“A fantasy dragon, 
dark green scales, 

glowing eyes, rough 
armored skin”

“A pink horse” “Cyberpunk humanoid 
skin, glowing circuit 
lines, metallic sheen, 

neon rim light”

“A golden statue 
of a turtle”

Fig. 8: Additional qualitative results of 3D mesh texturing. ALM generates diverse and
high-fidelity textures, effectively handling detailed prompts.
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5 Conclusion

In this work, we introduce a novel, training-free sampling strategy for diffusion-
based versatile content generation. Such tasks go beyond simple generation by
producing high-quality outputs conditioned on pre-generated inputs, encompass-
ing a wide range of real-world applications. Although diffusion models achieve
remarkable performance in standard generation tasks, adapting them to such
conditional settings typically requires expensive task-specific training, which lim-
its generalizability. To overcome this limitation, we propose a broadly applicable
mechanism that transforms a wide range of pretrained generative models into a
flexible content generation framework. We synchronize pre-generated content with
unobserved variables by maximizing a likelihood-based objective that combines
a conditional likelihood term with a joint log-density term. Furthermore, we
introduce an acceleration strategy to improve computational efficiency. Extensive
experiments across diverse tasks and modalities demonstrate that our method
achieves state-of-the-art performance.
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