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Abstract

Diffusion models have demonstrated strong generative capabilities across domains
ranging from image synthesis to complex reasoning tasks. However, most inference-
time scaling methods rely on fixed denoising schedules, limiting their ability to al-
locate computation based on instance difficulty or task-specific demands adaptively.
We introduce the challenge of adaptive inference-time scaling—dynamically adjust-
ing computational effort during inference—and propose Adaptive Bi-directional
Cyclic Diffusion (ABCD), a flexible, search-based inference framework. ABCD
refines outputs through bi-directional diffusion cycles while adaptively control-
ling exploration depth and termination. It comprises three components: Cyclic
Diffusion Search, Automatic Exploration-Exploitation Balancing, and Adaptive
Thinking Time. Experiments show that ABCD improves performance across
diverse tasks while maintaining computational efficiency.

1 Introduction

Diffusion models have become a leading class of generative models, achieving state-of-the-art
performance across diverse domains, from high-fidelity image synthesis to complex language gen-
eration [21]. A core strength of diffusion models is their ability to represent complex, multimodal
distributions through a hierarchical, multi-step denoising process [9, 27]. This iterative refinement
makes them well-suited not only for content generation but also for challenging search and reasoning
tasks, such as planning controls [1, 4], maze navigation [34, 35], and puzzle solving [7, 8].

Despite their success, a key open challenge is how to effectively realize inference-time scaling—the
ability to improve model performance by allocating additional computation during inference, either
on a per-task basis or, ideally, adaptively per instance. While several approaches have recently
explored inference-time scaling for diffusion models [15, 16, 17], they still face notable limitations.
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Among the limitations, the most critical is the prevalent reliance on fixed inference procedures. Most
existing methods—such as Best-of-N [36], Sequential Monte Carlo [24, 31], Beam Search [17],
and Search-over-Path [16]—execute a predetermined number of denoising steps along a trajectory.
Once this trajectory completes, the inference is terminated, regardless of the complexity or specific
requirements of the input instance. This rigidity fundamentally restricts the model’s ability to adapt
computation based on instance difficulty, ambiguity, or the need for higher confidence or output
quality. As a result, performance could suffer on more challenging inputs, and computation may be
either underutilized or inefficiently spent.

In this paper, we propose a novel method—Adaptive Bi-directional Cyclic Diffusion (ABCD)—to
address the challenge of adaptive inference-time scaling. This approach reframes diffusion model
inference as a flexible and efficient search process, enabling adaptive computation and instance-aware
refinement based on task difficulty and evolving solution quality. ABCD consists of three components.
Cyclic Diffusion Search (CDS) enables iterative refinement by cycling bi-directionally through the
diffusion process—alternating between denoising and re-noising steps—allowing the model to escape
local minima and explore alternative generative trajectories. Automatic Exploration-Exploitation
Balancing (AEEB) introduces a mechanism for adaptively controlling the depth of exploration by
distributing particles across multiple re-noising levels, allowing the model to implicitly identify
the appropriate amount of computation for each instance. Finally, Adaptive Thinking Time (ATT)
provides a principled stopping criterion by monitoring the evolution of solution quality over inference
cycles, ensuring computation is allocated efficiently and terminated when additional refinement yields
diminishing returns. We demonstrate the effectiveness of ABCD across a range of tasks—including
control planning, maze solving, Sudoku, and molecule generation—showing significant gains in
inference-time flexibility, computational efficiency, and solution quality.

Our main contributions of this paper are as follows: (1) We formalize the problem of adaptive
inference-time scaling in diffusion models and identify the limitations of fixed-step inference. (2)
We propose Adaptive Bi-directional Cyclic Diffusion, a novel framework that frames inference as
a flexible, search-based process with dynamic compute allocation. (3) We introduce three compo-
nents—Cyclic Diffusion Search, Automatic Exploration-Exploitation Balance, and Adaptive Thinking
Time—that enable iterative refinement, adaptive search control, and automatic stopping. (4) We
empirically validate ABCD across diverse tasks, including planning, maze solving, Sudoku, and
molecule generation, showing improvements in flexibility, accuracy, and compute efficiency.

2 Preliminaries

Diffusion model. Diffusion models [9, 25, 26, 27] have recently emerged as a powerful generative
framework that formulates sample generation as a gradual denoising process. This framework
consists of two complementary components: a fixed forward process, which incrementally injects
noise into data to transform structured inputs into nearly pure noise, and a learned reverse process,
which aims to recover clean data from noisy observations. Formally, the forward process defines
a sequence of latent variables x1;x2; : : : ;xT conditioned on the original sample x0 via a Markov
chain: q(xt+1jxt) = N (xt+1;

p
�txt; (1 � �t)I); where �t 2 (0; 1) denotes a pre-defined noise

schedule. This process ultimately transforms x0 into Gaussian noise xT � N (0; I). The forward
transition at an arbitrary step t is given by:

xt =
p

��tx0 +
p

1� ��t�; � � N (0; I);

where ��t =
Qt
s=1 �s denotes the cumulative product of the noise schedule. This expression provides

the marginal distribution of xt conditioned on x0.

The reverse process uses a neural network to predict the noise component ��(xt; t), which is then
used to estimate the clean sample: x̂0(xt) = 1√

��t

�
xt �

p
1� ��t ��(xt; t)

�
: Using this estimate, the

previous latent state is computed via update:

xt−1 =
p

��t−1 x̂0(xt) +
p

1� ��t−1 � �2
t � ��(xt; t) + �tz; z � N (0; I);

where �t controls the level of stochasticity. The reverse process can be parameterized in various
equivalent forms, including noise prediction ��(xt; t), posterior mean prediction ��(xt; t), or direct
clean-sample prediction x̂0(xt).
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Figure 1: Overview of our method. (1) Start withN particles, use jumpy denoisingxT ! xT � j ! � � � ! x0 .
(2) Replicate each particlesJ times and send each particles to multiple noise levels (AEEB). (3) Re-denoise
particles. (4) Select TopK particles. (5) We repeat steps (2)–(4) until the adaptive terminal condition is satis�ed
(CDS). The number of cycles executed in this way de�nes the Adaptive Thinking Time (ATT).

Reward-guided generation.In many practical scenarios, it is desirable not only to generate realistic
samples from a diffusion model, but also to align them with a prede�ned reward functionr (x) 2 R.
A common objective is to sample from a distribution that biases toward high-reward samples while
staying close to the original model distribution [28]. This can be formalized as:

p( � ) (x) / exp(r (x)=� ) � ppre(x),

where� > 0 is a temperature parameter controlling the trade-off between reward optimization
and �delity to the pre-trained distributionppre. As � ! 0, the distribution becomes increasingly
concentrated on reward-maximizing samples [15].

3 ABCD: Adaptive Bi-directional Cyclic Diffusion

We propose Adaptive Bi-directional Cyclic Diffusion (ABCD), a novel inference framework for
diffusion models that enablesadaptive and ef�cientscaling with respect to the available computation
budget. ABCD is designed to �exibly trade off exploration and exploitation during inference and to
dynamically determine when to terminate. The framework is composed of three core components: (i)
Cyclic Diffusion Search, (ii) Automatic Exploration , and (iii) Adaptive Thinking Time .

3.1 Cyclic Diffusion Search

The core idea of Cyclic Diffusion Search is to enable iterative inference by cycling bi-directionally
through the diffusion timeline, alternating between the denoising (reverse) and noising (forward)
processes. This approach allows the model to re�ne its predictions over time while adaptively
revisiting earlier stages of the generative process to explore alternative solution paths. Each iteration
of the cycle consists of three main stages: Denoising, Selection-and-Copy, and Noising.

Denoising.As a particle-based method, the inference process begins by sampling a set ofN particles
from the standard Gaussian prior distributionN (0; I ). Leveraging the pretrained diffusion model,
each particle is then denoised fromt = T to t = 0 using a coarse, accelerated Denoising Diffusion
Implicit Models (DDIM) [26] trajectory that skips intermediate steps. This allows us to quickly
obtain initial sample estimatesx0 from the noisy latentsxT , signi�cantly reducing the time to acquire
a preliminary solution candidate. While this fast DDIM process may yield suboptimal initial outputs,
the key idea of our framework is to mitigate this through subsequent cyclic re�nement. Unlike
some prior approaches [16] that interleave intermediate noising steps during the denoising pass, we
prioritize reachingt = 0 quickly to establish a diverse set of starting points for the cyclic search.

Selection and copy.Once all particles reacht = 0 , we evaluate them using a task-speci�c reward
function, yielding scoresr 1; r 2; : : : ; rN . To guide the subsequent search towards promising regions,
we select the top-K particles with the highest reward scores. TheseK selected particles serve as
“anchor” points for the next phase of exploration. Each of theseK particles is then replicatedJ times,
producing a total ofK � J particles.
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Algorithm 1 ABCD: Adaptive Bi-directional Cyclic Diffusion

1: procedure ABCD(verifier , T , T , max_iter , � , N , K , J )
2: Initialize N particlesf x ( i )

T g from N (0; I )
3: Denoise to obtainf x ( i )

0 g via Fast denoising
4: while less thanmax_iter do
5: Selection: Select top-K particles usingverifier
6: If Selected top-K particles come from smallesttg for � times consecutively
7: break
8: Copy: Replicate eachK particlesJ time
9: Noising: Send eachK particles to eachtg 2 T

10: Denoising: Denoise from eachtg go-backtemperature
11: end while
12: return Select best particle from top-K particles
13: end procedure

Noising. The replicated particles are then sent back to an earlier diffusion step0 � t0 � T—referred
to as thego-backtimestep—via the noising process of the diffusion model:q(x t 0jx0). This operation
reintroduces stochasticity and enables the particle to re-enter the denoising trajectory from a different
point in the diffusion space. The full cycle—denoising, selection-copy, and noising—is then repeated
iteratively until a prede�ned stopping criterion is met.

3.2 Automatic Exploration-Exploitation Balancing

A key limitation of the basic Cyclic Diffusion Search, as described above, lies in its reliance on a
�xed go-backtimestep, treated as a manually speci�ed hyperparameter. In principle, there may exist a
go-backstep that optimally balances exploration and exploitation at each stage of inference. However,
identifying this optimal step is generally dif�cult and time-consuming. Moreover, our experiments
show that the optimalgo-backstep not only varies across different instances but could also evolve
dynamically throughout the inference trajectory of a single instance. Consequently, relying on a �xed
go-backstep is both hard to tune and fundamentally suboptimal for adaptive inference.

Illustrative example. Consider solving a Sudoku puzzle. In the early stages, when only a few digits
are provided, global exploration is bene�cial to �ll in plausible candidates and explore a wide solution
space. In contrast, in the later stages—when most of the board is correctly �lled—aggressive global
changes can corrupt nearly-complete solutions. At that point, cautious local re�nement is preferable.
This illustrates the need to dynamically adjust the exploration-exploitation balance during inference.

Implementation. To implement automatic exploration mechanism, we modify the noising step of
the previously described cyclic diffusion search as follows. We begin by de�ning a set of prede�ned
go-backtimesteps, referred to as the “temperature pool”, denoted byT = ( t1; t2; : : : ; tM ), where
eacht i corresponds to a distinct level of exploration. A simple and effective way to constructT
is to uniformly partition the diffusion timeline intoM segments. After the select-and-copy step,
yielding K � J particles, the replicas are distributed across the prede�ned temperatures inT via
the forward (noising) process, rather than being sent to a singlego-backtimestep. This allows each
anchor particle to probe multiple exploration depths in parallel, enabling the system to implicitly
identify effectivego-backsteps through iterative feedback. After completing the re-noising, all
K � J particles are denoised back tot = 0 , and a new top-K set is selected. This way, particles
from suboptimal temperatures will automatically be discarded. This cycle continues until a stopping
criterion is satis�ed. See Figure 1 for an illustration of the algorithm.

3.3 Adaptive Thinking Time

When should we stop this cyclic inference computation? Unlike single-pass inference methods
that terminate once reachingt = 0 , ABCD's cyclic structure raises a nontrivial question of when
to conclude the iterative search. A naive solution is to impose a �xed computation budget (e.g.,
a maximum number of cycles), but this risks either underutilizing available compute or wasting
resources when further re�nement yields no bene�t.
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To address this, ABCD incorporates an implicit uncertainty measure derived from the temperature
distribution of the top-K particles. After each cycle, we record the re-noising temperatures from
which the current top-K particles originated. If high-temperature particles are present in the top-K ,
this suggests that exploration is still yielding valuable improvements. Conversely, if all top-K
particles originate from the lowest temperature, it implies that global exploration has little impact and
the search is now con�ned to local re�nement—signaling that the process may have converged.

As a practical implementation of this idea, we adopt a simple yet effective stopping rule: terminate
the inference when all top-K particles originate from the lowest temperature for� consecutive cycles.
The hyperparameter� controls the sensitivity of the termination criterion, balancing early stopping
against the opportunity for further re�nement.

4 Related works

Inference-time scaling with pre-trained diffusion models. There is growing interest in lever-
aging pre-trained diffusion models more effectively during inference, by adaptively steering the
generation process during sampling. A uni�ed perspective [3, 28] frames this as sampling from a
reward-augmented distribution of the formp(x) exp(�r (x)) . A common approach is classi�er guid-
ance [5, 10], which assumes access to a differentiable value function. For non-differentiable rewards,
derivative-free strategies such as SVDD [15], Beam Search [17], DSearch [14], and MCTS [35] have
been proposed. Alternatively, sampling-based approaches like Importance Sampling and Sequen-
tial Monte Carlo (e.g., TDS [31], FKD [24]) offer principled reward-weighted trajectory selection.
However, most methods operate under uni-directional denoising and rely on static search schedules.

Planning and reasoning with diffusion models.Diffusion models have recently gained traction for
long-horizon planning and complex reasoning tasks. Diffuser [13] reinterprets planning as conditional
generation over of�ine trajectories. Subsequent works [1, 4, 6, 36] extend this idea by using diffusion
models as world models. On the reasoning side, recent studies explore diffusion models for structured
inference. Energy-based diffusion models have been applied to symbolic reasoning tasks [7, 8, 35],
and SRM [30] applies diffusion to visual spatial reasoning.

5 Experiments

We evaluate our proposed method on a diverse suite of challenging tasks that require generating sam-
ples in sparse or previously unexplored regions at training phase: (1) toy Mixture of Gaussian(MoG),
(2) point-mass maze navigation [19], (3) Sudoku puzzle completion [18, 29], (4) path generation
on unseen pixel maze image [12], (5) molecular structure prediction [11], and (6) text-to-image
generation. These tasks present distinct challenges: MoG shows the importance of multiplego-back
temperature pool as the proof-of-concept; point-mass maze requires long-horizon planning over 1000
steps; Sudoku demands logical consistency across row, column, and block constraints; path generation
on unseen maze image tests generalization to novel environmental structures; molecular structure
prediction requires generating valid 3D conformations under chemical and physical constraints; and
image generation illustrates that our approach also operates effectively in the high-dimensional setting,
demonstrating its scalability beyond structured low-dimensional tasks. Detailed task con�gurations
are discussed in Appendix B.2.

5.1 Baselines

We compare ABCD against several strong representative baselines:Base Diffusion: The standard
diffusion model without additional computational scaling, serving as our primary baseline.Best-of-N
(BoN): A computationally scaled variant that generatesN independent samples and selects the best
according to a task-speci�c veri�er used consistently across all models.Diffusion Beam Search
(BS) [17]: Combines diffusion with beam search to scale the denoising process, pruning unpromising
candidates during generation.Sequential Monte Carlo Diffusion (SMC) [24, 31]: Employs
resampling during the denoising process to focus computational resources on more promising
trajectories. Implementation details were adapted from [24] to suit our experimental setting.Search
over Paths (SoP)[16]: Enhances generation by allowing limited backward steps (adding noise) to
promising samples, enabling exploration of wider solution spaces compared to strictly unidirectional
approaches. Detailed Baseline con�gurations are discussed in Appendix B.3.
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Figure 2: Evaluated Tasks.(a) Mixture of Gaussian for Proof-of-concept that we need multiple go back temper-
ature. (b) Sudoku puzzle completion demanding logical consistency across multiple constraints simultaneously;
(c) Pixel Maze Path Finding testing generalization to novel environmental structures not encountered during
training; (d) Molecular structure prediction requiring physically and chemically valid 3D conformations. (e)
OGBench PointMaze navigation requiring complex planning over 1000+ steps (f) Text-to-image generation
requiring complex, high-dimensional outputs that are well aligned with the given textual descriptions;

Table 1: Left: Success rate (%) and distance to the
goal on MoG. We compare multigo-back(ABCD)
and �xed singlego-back(GB 20, 40, 60, 80).

Method Dataset 1 Dataset 2
Success Distance Success Distance

ABCD (Ours) 100 0.08 ± 0.0 100 0.03 ± 0.0
GB 20 95 0.17 ± 0.0 26 3.97 ± 6.0
GB 40 0 2.90 ± 0.6 59 1.73 ± 4.6
GB 60 0 7.80 ± 0.8 7 2.94 ± 1.1
GB 80 0 42.81 ± 6.6 0 36.46 ± 11.1

Table 2: Right: Success rate (%) and mean itera-
tion to reach the goal on MoG.Every method termi-
nates when it reaches the goal mode.

Method Dataset 1 Dataset 2
Success Mean Cyc Success Mean Cyc

ABCD (Ours) 100 3.36 100 7.02
GB 20 100 2.06 79 16.14
GB 40 8 46.38 100 6.77
GB 60 0 – 100 15.05
GB 80 0 – 6 43.33

All baselines used the same pre-trained diffusion model per tasks, and inference-time budgets were
expanded as much as possible while preserving their core operational characteristics. In BS and SoP,
inference-time compute was increased by more frequent expansion and selection, while SMC scaled
compute via higher resampling frequency, and BoN by increasing the number of particlesN . For fair
comparison, the total number of particles was set equal across all methods (except BoN). While we
primarily report wall-clock time in the main paper to analyze inference-time scaling behavior, we
additionally provide a analysis of the Number of Function Evaluations (NFEs) in Appendix B.16.
Additional experimental details for each tasks are provided in the Appendix B.6, B.8, B.10, B.12.

5.2 Mixture of Gaussian

Setup. We construct two toy datasets to illustrate the need for multiplego-backnoise levels and
terminal condition during inference re�nement (Figure 2(a)). Dataset 1 has modes clustered locally,
so small-step re�nement suf�ces; Dataset 2's modes lie in distant regions, requiring occasional large
“jumps” to escape poor initial prediction. We train separate diffusion models on each and condition
sampling on distance to a target (red star). Full details appear in Appendix B.4.

Result. We evaluate ABCD against four �xed single go-back temperatures (GB 20, 40, 60, 80)
under two inference regimes: a �xed 25-cycle budget and an open-ended budget of up to 100 cycles
with early stopping upon goal attainment. As shown in comparison with �xed 25 cycles (Table 1):
only ABCD attains 100 % success and minimal �nal distance on both datasets. Fixed smallgo-back
steps work on Dataset 1 but cannot escape poor initializations in Dataset 2, whereas �xed large
steps succeed escaping from poor initializations on Dataset 2 but over-cycle on Dataset 1 and 2 (e.g.,
reaching the goal at cycle 20 but diverging by cycle 25 after losing useful information). As shown in
comparison with up to 100 cycles with early stopping (Table 2): some �xed levels solve one dataset,
but only ABCD consistently achieves both 100 % success with comparable average cycles. These
�ndings underscore that exploration (coarse jumps) and exploitation (�ne steps) require different
go-backlevels—a balance that ABCD's adaptive termination naturally realizes.

5.3 Sudoku puzzle completion

Setup.We evaluated ABCD against baseline methods on the Sudoku puzzle completion task [18, 29],
a canonical logical-reasoning benchmark. In Sudoku, a 9×9 grid must be �lled under row, column,
and 3×3-block constraints, with each new grid �lled based on the current grid state. An adaptive
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Figure 4: Left : Sudoku Puzzle Completion result.Mean accuracy on Harder dataset (17-28 entities provided)
by giving more computational budget (sec.).Middle: Pixel maze path �nding result. Success rate on the OOD
Pixel Maze size-15 test set.Right: Molecular 3D structure prediction task result. Molecular Stability rate on
the QM9 dataset. For each method, inference-time computation was scaled as much as possible along its core
controllable axis for inference time scaling to ensure a fair comparison under expanded budgets.

Figure 5: Pixel Maze path �nding results on multiple maze size.Success rate comparison across maze sizes
in the Pixel Maze task. All settings involve OOD evaluation, where models are trained on smaller mazes (sizes
4� 6) and tested on larger ones. As maze size increases, the search space grows and the performance gap between
other methods widens, highlighting the importance of adaptive inference-time exploration in complex scenarios.

search strategy—broadly exploring when few clues are given and then locally re�ning once most
entries are correct—proves particularly effective. We trained all models on puzzles with 31–42 given
digits [29] and tested them on more challenging instances containing only 17–28 givens [18], thereby
measuring each method's ability to produce logically consistent solutions. See Appendix B.8 for
additional experimental details.

Figure 3: Mean accuracy across four dif-
�culty levels—Very Hard (17-19 provided),
Hard (20-21 provided), Medium (22-24 pro-
vided), and Easy (25-27 provided).

Result. Figure 4(Left) shows that ABCD consistently
outperforms all baselines, achieving higher accuracy in
less wall-clock time and displaying superior inference-
time scaling. Notably, SoP [16] never achieves perfect
accuracy (95.5 % accuracy), whereas ABCD attains 100
% accuracy in fewer cycles. Moreover, as illustrated in
Figure 3, ABCD's accuracy remains stable across all
dif�culty levels, while baseline methods exhibit marked
performance degradation on the hardest instances. We
attribute this robustness to ABCD's dynamic compu-
tation allocation: it adaptively concentrates additional
inference effort on more challenging puzzles, in contrast
to baselines that expend a �xed, uniform budget.

5.4 Path generation on unseen pixel maze image

Setup. We evaluated ABCD's adaptability on a path-generation task using mazes of previously
unseen sizes [12]. Every method leveraged the same diffusion model pretrained on small mazes (sizes
4, 5, and 6) and was then tested on larger, structurally distinct mazes [35]. This setting rigorously
probes each algorithm's capacity to generalize to novel spatial con�gurations at inference time.
Additional experimental details are provided in Appendix B.10.

Result. As shown in Figure 4(Middle), ABCD reaches near-perfect success rates signi�cantly
faster than all baselines, evidencing a superior time–accuracy trade-off. In contrast, most competing
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Figure 6: OGBench PointMaze task results.Success rates across large and giant mazes. Our ABCD approach
consistently outperforms baselines, rapidly achieving higher success rates with fewer inference time and attaining
perfect performance, particularly in the Giant maze, emphasizing its superior ef�ciency.

methods—including Base Diffusion, BoN, BS, and SMC—never exceed a 60 % success rate even
under generous computational budgets. ABCD, by comparison, attains 100 % success in substantially
less time. Figure 5 further examines performance across maze sizes 11–15 in the Pixel Maze task.
Here again, ABCD consistently dominates both success rate and inference time at every size, and
the margin over baselines widens as the search space grows. These �ndings underscore the value of
adaptive, instance-speci�c exploration strategies especially in complex search demanding tasks.

5.5 Molecule generation

Setup.We evaluate ABCD on the 3D molecule generation task using the QM9 dataset [20], which
contains 130k small molecules with annotated properties and atomic coordinates. For our evaluation,
we utilized the Equivariant Diffusion Model (EDM) [11] as the pre-trained model. We then applied
various inference-time methods to generate valid 3D conformations.

Result. As shown in the Figure 4(Right), ABCD signi�cantly outperforms all baselines by achieving
higher molecular stability with less inference wall-clock time. For instance, ABCD reaches a molecule
stability of 0.97 within approximately 20 seconds, a threshold that other baselines either fail to attain
or require considerably more computational time to approach. Notably, our method achieved a peak
molecule stability of approximately 0.99, which is about 5.32% higher than the peak stability of 0.94
achieved by SoP [16], the next best-performing baseline. Furthermore, the performance gap between
ABCD and the baselines widens at higher stability levels, emphasizing the robustness of our method
in complex molecular generation tasks. See Appendix B.12 for more details.

5.6 OGBench Point Maze

Setup.We further evaluate the ABCD framework using OGBench's PointMaze environments [19]. In
this task, agents must navigate to a speci�ed goal region. The base diffusion model follows Diffuser
[13], and is trained using the of�ine dataset provided by OGBench [19], containing trajectories
collected by a noisy expert policy. Each environment includes 5 distinct tasks with different start-goal
pairs. At inference time, the goal information is provided to the veri�er for scoring the particles. To
let the model ef�ciently plan over long horizon while reaching the goal as quickly as possible, we
employed a value guidance function [5] to minimize the distance from the �nal state to the goal.

Result. As shown in Figure 6, ABCD consistently surpasses other baselines. Moreover, only ABCD
achieves perfect performance on both mazes. It re�ects the advantages of our method: by quickly
denoising tot = 0 , it locates valid trajectories almost immediately, rather than spending compute on
uniformly long reverse sampling path. In maze giant, the gap widens because larger mazes demand
more on both global exploration (to reach the goal) and �ne re�nement (to thread tight corridors).
Further results analysis and visualization of the trajectories can be founded in the Appendix B.7.

5.7 Text-to-image generation

Setup.Finally, we evaluate ABCD on the image generation tasks. We adopt Stable Diffusion v1.5, a
latent diffusion model, to serve as the image prior for generating 512× 512 samplesx � p� (xjy),
conditioned on the textual prompt y. For downstream reward function, we utilize metrics including
compressibility, aesthetic evaluation (using LAION's V2 Aesthetic Predictor [22]), and human
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Figure 7: Text-to-image generation result.Average reward with respect to compressibility, aesthetic score and
human preference score.

Figure 8: (a-b) Per-instance analysis of inference-time scaling behavior across different go-back tempera-
tures. (a)Results for Sudoku instances with 14 provided entities.(b) Results for instances with 44 provided
entities.(c) Performance comparison with vs. without adaptive terminal conditionin Pixel Maze Size 15.
x-axis is the average inference time per sample.(d) Different thinking assignment per hardness in Sudoku
(provided number from 17 to 33).

preference evaluation (HPSv2 from [32]) for comprehensive evaluation. Further details regarding the
experiments can be found in Appendix B.14.

Result. Figure 7 shows that ABCD consistently outperforms two strong baselines, BoN and SoP, in
generating high-reward samples. It ef�ciently navigates the high-dimensional image space to identify
high-reward samples. As computational budget increases, all methods see reward improvements, but
ABCD bene�ts the most. For example, in all metrics, as we double or triple the inference time, BoN
barely climbs, while SoP achieves moderate gains. By contrast, ABCD can hit the same compression
level that SoP reaches at 272s in less than a quarter of the time. In addition, to reach a human
preference score of 0.2764, SoP needs over 300s, while ABCD does it in under 81s. These highlights
that its instance-speci�c exploration strategy effectively leverages additional computation to better
align generated samples. Visualizations of the generated images are provided in Appendix B.15.1.

5.8 Do we need to care aboutgo-backtemperature level?

Instance-level optimal temperature. Figure 8(a–b) plots cycle-wise accuracy for two Sudoku
instances (14 vs. 44 givens) under �xed go-back noise levels. Certain noise settings plateau after only
a few cycles and the plateau point differs between puzzles, indicating that each instance possesses its
own optimal noise level. (see Appendix C.1).

Temperature selection per cycle.Figure 9 tracks the provenance of selected particles source across
cycles for three instance types in Sudoku (17, 19, and 32 givens). Harder puzzles continue sampling
from a broad range of noise levels, while easier ones converge rapidly to low-variance perturbations.
Early iterations emphasize high-variance (global) moves; later iterations favor low-variance (local)
re�nements. These patterns demonstrate ABCD's dynamic, per-instance generative process through
adaptive exploration vs. exploitation.

5.9 Do we need adaptive terminal condition?

Ef�ciency of adaptive terminal condition. An ablation study on Pixel maze size 15 (Figure 8(c)
compares �xed cycle length inference (blue) to our adaptive terminal criterion (red) with the same
temperature pool. The adaptive policy stops early on simple puzzles—avoiding wasted compute—yet
allocates extra iterations to hard ones, yielding consistently superior time–success trade-offs.
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Figure 9: The origin of the top-10 selected particles at each cycle.The above plot shows, for different Sudoku
dif�culty cases, the origin of the Top-10 selected particles at each cycle. We observe that the behavior varies
signi�cantly across cases, and harder instances tend to require longer search. Additionally, early iterations tend
to select samples with large modi�cations, while later cycles focus on smaller re�nements. This indicates that
our model automatically expands and adjusts the diffusion generation process, resulting in a different generation
graph for each �nalx0 prediction.

ABCD automatically assigns proper thinking time. Figure 8(d) demonstrates that ABCD allocates
more thinking cycles to harder puzzles (fewer givens) and terminates earlier on simpler ones, vali-
dating that our adaptive terminal criterion scales compute with problem dif�culty. Furthermore, the
stop-�ag hyperparameter� directly controls exploration depth: larger� values enforce additional
cycles before stopping, which boosts success on challenging instances. Identical trends hold on the
Pixel Maze task. (see Appendix B.11, C.2,C.3, E for more detailed analysis).

6 Limitations and discussion

While ABCD performs well on moderately sized planning and reasoning tasks, its scalability to high-
dimensional output spaces—such as high-resolution image or video generation—remains unexplored.
Extending ABCD to such domains may require structural priors or hierarchical variants to maintain
tractability and ef�ciency. In addition, although ABCD demonstrates strong empirical performance
through its search-based inference strategy, its theoretical properties remain largely unexamined. A
deeper theoretical understanding could be gained by connecting ABCD to principled frameworks
such as Bayesian optimization or approximate inference.

A particularly promising future direction lies in amortizing the search process. The optimal re-noising
steps and decisions discovered during ABCD's iterative inference could be treated as pseudo-labels
for training a context-aware policy that predicts adaptive search strategies conditioned on the input.
Such a learned policy could retain the adaptivity of ABCD while signi�cantly reducing inference-time
cost by eliminating online search. We leave the development of such amortized inference mechanisms
to future work.

7 Conclusion

We introduced Adaptive Bi-directional Cyclic Diffusion (ABCD), a novel inference framework that
enables instance-aware, compute-adaptive generation with diffusion models. By framing inference
as a �exible search process, ABCD dynamically allocates computation through bi-directional dif-
fusion cycles, adaptive exploration, and principled stopping. Across diverse domains—including
planning, reasoning, and molecule generation—ABCD improves performance and ef�ciency over
�xed-schedule baselines. This work underscores the promise of adaptive inference-time scaling.
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NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re�ect the
paper's contributions and scope?

Answer: [Yes]

Justi�cation: The claims in the Abstract and Introduction accurately summarize our contri-
butions and scope.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and re�ect how
much the results can be expected to generalize to other settings.

• It is �ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justi�cation: We discuss the limitations of our work in Limitations and Discussion section.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci�cation, asymptotic approximations only holding locally). The authors
should re�ect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should re�ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should re�ect on the factors that in�uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational ef�ciency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci�cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justi�cation: The paper does not include theoretical results.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justi�cation: We report on the Experiments and Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or veri�able.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suf�ce, or if the contribution is a speci�c model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf�cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justi�cation: We will upload the data and code for this paper.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/

public/guides/CodeSubmissionPolicy ) for more details.
• While we encourage the release of code and data, we understand that this might not be

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy ) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi�cation: We report on the Experiments part and Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical signi�cance

Question: Does the paper report error bars suitably and correctly de�ned or other appropriate
information about the statistical signi�cance of the experiments?

Answer: [Yes]

Justi�cation: We report on the Experiments part.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, con�-

dence intervals, or statistical signi�cance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
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• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not veri�ed.

• For asymmetric distributions, the authors should be careful not to show in tables or
�gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding �gures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide suf�cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi�cation: We provide suf�cient information on the computer resources (type of compute
workers, memory, time of execution) on Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethicshttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]

Justi�cation: We follow the Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justi�cation: Our work is a methodological advance in machine learning �eld and does not
introduce any direct societal impacts to discuss.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake pro�les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci�c
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef�ciency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justi�cation: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety �lters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi�cation: All third-party code, datasets, and models are cited in the references, and their
original authors are acknowledged in the manuscript.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets,paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justi�cation: All newly introduced assets are accompanied by comprehensive documentation,
which we have compiled in the Appendix.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip �le.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justi�cation: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is �ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justi�cation: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary signi�cantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti�c rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justi�cation: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A Ethic statement

Our method is a general-purpose inference-time optimization framework designed to maximize
task-speci�c reward functions. The ethical implications of its use are inherently tied to how the
reward function is de�ned. While this �exibility allows for bene�cial applications—enabling faster
and more targeted generation aligned with desirable outcomes—it also raises the potential for misuse
if the reward function encodes harmful or biased objectives. Therefore, the responsibility for ethical
deployment lies in the careful design and oversight of the reward speci�cation.

B Experiment details

B.1 Computational resource

Our implementation is built using the PyTorch framework. The experiments are conducted on 2
machines: Ubuntu 20.04 machine equipped with an Intel(R) Xeon(R) Gold 6348 CPU @ 2.60GHz
with 112 cores, 384 GB RAM, and NVIDIA GeForce RTX 4090 GPUs; Ubuntu 22.04 machine
equipped with an Intel(R) Xeon(R) Gold 6230R CPU @ 2.10GHz with 104 cores, 256 GB RAM, and
NVIDIA GeForce RTX 4090 GPUs. Each experiment is run individually on an NVIDIA GeForce
RTX 4090 GPU.

B.2 Task detail

We introduce the setting of experiments and diffusion models we used. ForMixture of Gaussian,
we constructed the two datasets generated from the mixture of gaussians. Dataset 1 is generated
from 1 region of Gaussians and Dataset 2 is generated from 2 region of the islands as you can see
on the Figure 2(a). After pre-training two diffusion models on each dataset, we guide sampling
at inference time by providing the distance to a target goal as a reward, encouraging generation
toward the desired goal state. ForOGBench Maze, we adopted the task setups from [19], running 5
sparse reward navigation tasks in each environment, each can take hundreds of steps to accomplish.
The model is trained on standard dataset collected by noisy expert policy that repeatedly reaching
randomly sampled goals. At test time, the model is required to generate proper plan using guidance
from value function. ForSudoku, the basic setting is adopted from IRED [8], where the diffusion
model is trained on SAT-Net dataset with 31 to 42 provided samples [29] and tested on harder RRN
dataset [18] with 17 to 28 provided samples. ForPixel Maze, the basic setting is adopted from
T-SCEND [35], where the dataset are generated bymaze-dataset [12], and the diffusion model is
trained with Maze sizes of 4� 4 to 6� 6 and tested with size of11� 11 to 15� 15. ForMolecule
Generation, the basic setting is adopted from EDM [11]. The diffusion model is trained to generate
3D molecular geometries using the QM9 dataset [20], which contains approximately 130k small
molecules, each with up to 9 heavy atoms. We utilized the standard splits of this dataset for training,
validation, and testing. ForText-to-Image generation, we use Stable Diffusion v1.5—a widely
adopted text-to-image diffusion model—as our pretrained backbone.

Veri�ers. ForOGBench Maze, we employ a soft veri�er that scores each generated plan based on
the proportion of collision-free states throughout the trajectory and the proximity to the goal at the end
of the trajectory. ForSudoku, we use the ratio of correct answer that matches the ground truth label.
ForPixel Maze, we use weighted sum of Precision, Recall, F1 score with rate of success score which
indicates whether the path reaches the goal without passing the wall. ForMolecule Generation,
we use the Negative Log-Likelihood (NLL) to evaluate the generated molecular structures. For
Text-to-Image generation, we use three veri�er scores: compressibility [2], aesthetic [22], and
human preference score [33].

Evaluation metrics. ForOGBench Maze, we used the success rate (whether the planned trajectory
reaches to the goal or not) of the actual rollouts from the generated trajectory plans. ForSudoku,
we use the ratio of correct answer that matches the ground truth label. ForPixel Maze, we use
success score (0 or 1) which indicates whether the path reaches the goal without passing the wall.
For Molecule Generation, we use molecule stability (0 or 1), the proportion of generated molecules
for which all atoms are stable. ForText-to-Image generation, we use three evaluation metrics:
compressibility [2], aesthetic [22], and human preference score [33]—which correspond to speci�c
veri�ers, respectively.
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B.3 Baseline detail

We compare ABCD (ours) to several representative methods capable of inference-time scaling.

Base Diffusionis the most basic baseline, which generates samples without any additional com-
putation during inference. When a differentiable value function is available, we includeClassi�er
Guidance[5] as a base diffusion baseline.

Best-of-N(BoN)generatesN samples from the pre-trained diffusion model and returns the sample
with the highest reward score according to the veri�er.

Search over Paths (SoP)[16] is a recently proposed method that performs inference-time scaling by
alternating backward(noising) and forward(denoising) transitions in the denoising space. Starting
from M particles, the method perturbs each particle withK different noise moving to� f steps
backward, resulting inM � K expanded candidates (expansion). Each of these is then denoised
forward for� bsteps. After reaching the new states, each particles are scored using a veri�er, and the
topM are selected to continue (selection). This process is repeated until the particles reacht = 0 ,
with the constraint that� f < � b to ensure overall forward progression.

Diffusion Beam Search (BS)[17] is another baseline that performs inference-time search over
denoising trajectories. Starting fromM initial particles, the method branches each intoK candidate
continuations everyp denoising steps, and retains the topM candidates based on reward estimates.
This beam-style selection continues until the denoising process reachesx0. Our implementation is
inspired by [17], with necessary modi�cations for our setting.

Sequential Monte Carlo Diffusion (SMC)[24] is a sampling-based method that employs Sequential
Monte Carlo (SMC) to steer diffusion trajectories toward high-reward regions[31]. Inspired by
the Feynman-Kac Steering Diffusion framework (FKD) [24], it begins with an initial set ofN
proposal particles and performs iterative resampling everyp steps during the denoising process, using
importance weights de�ned by tailored potentials. These potentials are designed to approximate the
reward-weighted posterior distributionp(x)p(c j x) (where the reward encodes the target condition),
effectively guiding particle evolution toward desirable outputs. Our implementation follows the
general structure of FKD, with modi�cations to accommodate our conditional generation setting.
Speci�cally, we de�nep(c j x) using the task-speci�c veri�er score to guide the sampling process.
As this is a sampling-based approach, we select the highest-scoring particle from the �nal set ofN
samples drawn from the guided distribution.

ABCD's inference-time termination is controlled by three hyperparameters: the percentage threshold,
the maximum iteration bound (max_iter ), and the persistence parameter� . The percentage threshold
de�nes the minimum fraction of top-K particles that must originate from the zerogo-backnoise level
in order to raise a termination �ag. Inference is terminated once this condition holds for� consecutive
iterations. We scale inference-time computation by varying both the percentage threshold and� ,
which jointly determine the strictness of the stopping condition. Additionally, we adjustmax_iter
to cap the total number of iterations. As these hyperparameters increase, the termination criterion
becomes more conservative, typically leading to longer inference time and improved performance
through extended re�nement.

Unless otherwise speci�ed, in both SoP, BS and SMC, since we have reward function de�ned onx0
space, the reward evaluations at each stepx t are performed using a predicted clean samplex̂ 0(x t )
(approximation ofEx 0 � ppre[x0jx t ]), which is then passed into the veri�er[14, 15, 24]. With this
choice, we get the intermediate rewardr (x t ; c) = r (x0 = x̂ t ; c). This ensures that reward signals
are consistent across trajectories and noise levels.

B.4 MoG experiment detail

We constructed two Mixture of Gaussians datasets: Dataset 1 has 36 modes concentrated in a single
region, while Dataset 2 distributes 36 modes across two regions (18 modes each). Two separate
diffusion models were pretrained on each datasets using 100 denoising steps. In each experiment,
we initialize withM = 2 particles sampled from the prior, and useK = 4 distinct noise samples to
guide the particles backward.
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