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ABSTRACT

Inference-time scaling has emerged as a major approach for improving reasoning
capabilities, and has been increasingly applied to diffusion models. However, ex-
isting inference-time scaling methods for diffusion models typically rely on exter-
nal verifiers or reward models to rank and select samples, limiting their scalability
to settings where such evaluators are available and reliable. Moreover, while re-
cent diffusion models perform sequential inference with region-wise, mixed-noise
conditioning, inference-time scaling tailored to this setting remains relatively un-
derexplored. We propose Iterative Partial Refinement (IPR), an inference-time
scaling method for sequential diffusion that requires no external verifier. Starting
from an already-generated sample, IPR re-noises a subset of regions and regen-
erates them conditioned on the remaining regions, enabling the model to revise
earlier decisions under a richer context than was available during the initial gener-
ation. This iterative partial refinement produces more globally consistent samples
without external verification. On reasoning tasks requiring global constraint sat-
isfaction, IPR consistently improves performance: on MNIST Sudoku, the valid
solution rate increases from 55.8% to 75.0%. These results show that iterative
partial refinement alone can serve as an effective inference-time scaling strat-
egy for diffusion models in sequential, mixed-noise settings. Code is available
at: https://github.com/ahn-ml/IPR

1 INTRODUCTION

Diffusion models are strong generators (Ho et al., 2020; Song et al., 2020), and a growing line of
work studies inference-time scaling—improving generations by spending additional compute at test
time (Singhal et al., 2025; Li et al., 2024b; Kim et al., 2025; Guo et al., 2025; Lee et al., 2025;
Zhang et al., 2025b; He et al., 2025). Most existing approaches perform inference-time scaling by
generating multiple candidates or trajectories and then ranking, selecting, or resampling them using
an external reward model, verifier, or task-specific scoring function. While effective, this reliance
restricts applicability to settings where such evaluators are unavailable or unreliable.

Recently, VFScale (Zhang et al., 2025a) takes an important step toward removing external evaluators
by using the diffusion model’s intrinsic energy as an internal scoring signal and scaling test-time
compute through search over denoising trajectories. However, verifier-free scaling in this form is
primarily developed for standard DDPM-style diffusion, where all regions are updated at the same
noise level at each step.

Many realistic generation problems are inherently compositional: different parts of the output must
agree with each other, so decisions made in one region constrain what is plausible in others. Such
cross-region dependencies are often the norm rather than an exception, and they call for inference
mechanisms that can exploit asymmetric conditioning between regions. Standard diffusion, with its
uniform-noise updates, offers limited structure for exploiting such dependencies.

To address these limitations, recent works have moved toward modeling noise levels independently
across different regions, decoupling the noise schedule from a single global timestep. This approach,
which we refer to as sequential diffusion (Chen et al., 2024; Wewer et al., 2025; Wu et al., 2023;
Zhang et al., 2024; Li et al., 2024a), allows different regions to evolve at varying noise levels so that
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less-noisy regions provide stable context for generating noisier ones. By training on diverse region-
wise noise configurations, these models learn mixed-noise conditional denoising behavior, making
cross-region dependencies more explicit and enabling more structured conditional generation.

Despite this promise, inference-time scaling for sequential diffusion has received relatively less
attention than its standard-diffusion counterpart. In particular, while sequential diffusion provides
a natural mechanism for conditioning across regions, it remains unclear how to allocate additional
inference-time compute to improve samples without relying on external verifiers or rewards. This
gap motivates our work.

We propose Iterative Partial Refinement (IPR), a simple inference-time scaling method for se-
quential diffusion models trained on arbitrary noise levels. Starting from an initial sample, IPR
repeatedly selects a subset of regions, re-noises them, and regenerates them conditioned on the re-
maining regions. This operation allows inference to revisit earlier decisions and correct inconsisten-
cies that would otherwise persist. IPR requires no additional training, no guidance, and no external
verifier; it simply reuses the model’s learned conditional distribution for self-improvement.

We evaluate IPR on globally constrained generation benchmarks: MNIST Sudoku, Even Pixels,
and Counting Polygons. Across tasks, increasing the number of IPR iterations consistently im-
proves constraint satisfaction and sample quality; on MNIST Sudoku HARD, IPR increases the
valid solution rate from 55.8% to 75.0%. Overall, these results show that enabling revision during
inference provides a simple way to scale sequential diffusion at inference time, improving global
consistency without modifying the underlying model parameters.

Our contributions, framed in the context of recursive self-improvement, are as follows:

• Inference-Time Refinement Strategy: We introduce IPR, a method that revises generated
samples by iteratively re-noising and regenerating sub-regions. By targeting the inference
phase, we enable correction of global inconsistencies without permanent parameter up-
dates.

• Self-Improvement via Intrinsic Capability: We demonstrate that the model can correct
its own errors by leveraging its native mixed-noise conditional denoising capability. This
approach achieves self-improvement using only the pre-trained model, avoiding the need
for external reward models or verifiers.

• Validation on Structured Generation: We empirically validate IPR on three globally con-
strained benchmarks (MNIST Sudoku, Even Pixels, Counting Polygons), showing that sim-
ple iterative refinement significantly boosts constraint satisfaction rates and improves the
quality of generations.

2 PRELIMINARY

2.1 DIFFUSION GENERATIVE MODELS

Let x0 ∈ RD be a data sample drawn from p0(x0). Diffusion models (Ho et al., 2020; Song et al.,
2020) and flow matching (Lipman et al., 2022) both construct a stochastic process {xt}Tt=0 that
continuously transforms data into noise. We refer to the continuous index t ∈ [0, 1] as the noise
level, where t=0 corresponds to clean data and t=1 to pure Gaussian noise. Given a noise sched-
ule (αt, σt), a pair of monotonic functions satisfying the boundary conditions α0=1, σ0=0 and
α1=0, σ1=1 (i.e., the signal-to-noise ratio αt/σt decreases monotonically from∞ to 0), the noisy
variable at noise level t is defined as the interpolation

xt = αt x0 + σt ϵ, ϵ ∼ N (0, I). (1)

A neural network ϵθ is trained to recover the noise component via the denoising objective

L(θ) = Et,x0, ϵ

[
∥ϵθ(xt, t)− ϵ∥2

]
. (2)

To generate samples, one draws x1 ∼ N (0, I) and iteratively applies the learned reverse process
pθ(xt−∆t | xt), using either deterministic updates (Song et al., 2020) or stochastic sampling (Ho
et al., 2020), progressing from t=1 down to t=0. We refer to this setup, where all regions share the
same noise level and are denoised in parallel, as standard diffusion throughout the paper.
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Figure 1: Progressive refinement on MNIST Sudoku with IPR. From left to right, Iterative Partial
Refinement (IPR) progressively corrects erroneous cells (highlighted in red), resolving global con-
straint violations and converging to a valid Sudoku solution.

2.2 SEQUENTIAL DIFFUSION MODELS

Unlike standard diffusion, where all regions share a single noise level, sequential diffusion (Chen
et al., 2024; Wewer et al., 2025; Wu et al., 2023; Zhang et al., 2024; Li et al., 2024a) assigns each
region its own noise level. Regions denoised earlier provide partially clean context for the remaining,
noisier regions, making cross-region dependencies explicit.

Formally, let an output x be partitioned into N regions {x1, . . . , xN} (for images, each region is
a patch). Let xt

i denote region i at noise level t, and t = (t1, . . . , tN ) be a vector of per-region
noise levels. Given a source configuration t′, the model predicts the denoised output at a target
configuration t (ti ≤ t′i):

pθ

(
xt1
1 , . . . , xtN

N

∣∣∣xt′1
1 , . . . , x

t′N
N

)
. (3)

Training involves diverse pairs (t′, t) so that the model learns to denoise regions conditioned on the
rest. The choice of training noise distribution determines the model’s capability: one can enforce
a fixed generation order, or sample arbitrary mixed noise levels to enable the model to capture
complex, order-agnostic dependencies.

Spatial Reasoning Models (SRMs) (Wewer et al., 2025) instantiate this framework for images,
training on patch-wise mixed-noise configurations. At inference, SRMs select which patch to de-
noise next based on prediction uncertainty, denoising confident patches first to build reliable context,
and we adopt SRMs as our sequential diffusion backbone.

3 ITERATIVE PARTIAL REFINEMENT

Sequential diffusion follows a one-pass generation trajectory. Early in sampling, the context is
formed under high noise and limited information, so stochastic updates may introduce small incon-
sistencies. Because later steps condition on this context without revisiting it, such inconsistencies
can persist and propagate to the rest of the sequence. To address this limitation, we propose Iterative
Partial Refinement (IPR), an inference-time mechanism for sequential diffusion models trained on
arbitrary noise levels. Starting from a generated sample, IPR repeatedly selects a subset of regions,
adds noise to that subset, and regenerates it conditioned on the remaining regions.

Setup. We denote the output as x = (x1, . . . , xN ), where each xi corresponds to a region. Se-
quential diffusion allows regions to reside at different noise levels, and the model pθ is trained to
perform conditional denoising under mixed noise levels.

Procedure. Given an initial sample x(0) from standard sequential inference, IPR performs R re-
finement iterations. At each iteration r = 1, . . . , R:

1. Select: Sample a random subset M(r) ⊂ {1, . . . , N} with |M(r)| = ⌊αN⌋, where α
is the resampling ratio. Regions provided as fixed input conditions are excluded from the
sampling pool.

2. Re-noise: Replace regions inM(r) with random noise, i.e., sample x
(r)

M(r) ∼ N (0, I).
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Algorithm 1 Iterative Partial Refinement (IPR)

Require: Trained sequential diffusion model pθ, iterations R, resampling ratio α, fixed condition
set C

1: Initialize x(0) via sequential diffusion inference
2: for r = 1 to R do
3: SampleM(r) ⊂ {1, . . . , N} \ C uniformly at random, |M(r)| = ⌊α(N − |C|)⌋
4: Replace x

(r−1)

M(r) with random noise ∼ N (0, I)

5: x
(r)

M(r) ∼ pθ
(
xM(r) | x(r−1)

\M(r)

)
6: x

(r)

\M(r) ← x
(r−1)

\M(r)

7: end for
8: return x(R)

3. Regenerate: Conditionally regenerate the selected regions given the remaining context
(where \M(r) denotes the complement {1, . . . , N} \M(r)):

x
(r)

M(r) ∼ pθ
(
xM(r) | x(r−1)

\M(r)

)
, (4)

x
(r)

\M(r) = x
(r−1)

\M(r) . (5)

After R iterations, the final sample x(R) is returned. If standard sequential inference requires T total
denoising steps to generate all N regions, IPR adds O(αRT ) steps, corresponding to regenerating
αN regions per iteration over R rounds. Algorithm 1 summarizes the procedure.

Intuition. Repeating this process gives inference multiple opportunities to revise earlier mistakes.
Re-noising part of the current sample undoes fixed decisions that were made under limited context,
and lets the model regenerate that part given the now more complete surrounding regions. Over it-
erations, this can rebuild contexts closer to those seen during training, making it easier to correct
inconsistencies and improve global consistency. In this way, reusing the model’s own learned dis-
tribution for iterative refinement serves as an effective inference-time scaling strategy—achieving
gains without requiring external verifiers or task-specific heuristics. A qualitative example of this
progressive correction process on MNIST Sudoku is shown in Figure 1.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Backbone and Benchmarks. We use Spatial Reasoning Models (SRMs) (Wewer et al., 2025)
as the backbone, a general framework for sequential diffusion that supports patch-wise noise con-
figurations. To ensure fair comparison, we adopt the same constrained generation benchmarks used
in the original SRMs work: MNIST Sudoku, Counting Polygons, and Even Pixels. Each benchmark
requires satisfying different types of global constraints.

Baseline and Evaluation. We compare IPR against the standard SRMs inference (without re-
finement) as the baseline. Common inference-time scaling strategies such as best-of-n sampling or
pass@k require external verifiers to select or rank candidates; since our goal is to evaluate whether
IPR can improve generation quality by better utilizing the learned distribution alone, we do not use
such verifiers. All experiments use the same pretrained SRMs models without additional training.

Hyperparameters. Unless otherwise specified, we fix the resampling ratio α = 0.25 and measure
performance as a function of refinement iterations R. We use R ≤ 50 in practice and do not employ
early stopping. Detailed hyperparameters for each task are provided in Appendix D.
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(a) Refinement on HARD Sudoku
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(b) Refinement on K-Corrupted Sudoku

Figure 2: IPR on MNIST Sudoku. (a) Valid Sudoku rate improves consistently with IPR iterations
on the HARD setting. (b) Recovery rate from corrupted grids with K initially swapped cell pairs,
showing robustness even under severe corruption.

4.2 MNIST SUDOKU

MNIST Sudoku follows standard Sudoku rules: each row, column, and 3× 3 subgrid must contain
the digits 1–9 without repetition. The key difference is that each cell is represented as a 28 × 28
MNIST digit image, requiring the model to generate visually coherent digits while satisfying com-
binatorial constraints. We use SRMs trained on 81 patches (one per cell) to generate the full grid
(see Appendix C.2).

HARD Setting. We evaluate on the HARD setting, where only 0–26 cells are given as clues.
During IPR, clue cells are fixed and excluded from resampling. As shown in Figure 2a, the baseline
SRMs achieves a 55.8% valid Sudoku rate, while IPR progressively improves this to over 75%. This
demonstrates that iteratively re-noising and regenerating parts of the sample allows the model to
correct inconsistencies and improve global constraint satisfaction (see Figure 6).

Robustness to K-Corrupted Sudoku. To test whether IPR can recover from more severe in-
consistencies, we start from valid Sudoku grids and introduce controlled corruption by randomly
swapping K pairs of cells (K ∈ {1, 3, 5, 7, 9}), then allow all cells to be modified during refine-
ment. As shown in Figure 2b, for small K, validity is quickly restored within a few iterations, while
for larger K, recovery is slower but continues to improve up to 50 iterations. This confirms that IPR
can recover global consistency even from severely corrupted states, given sufficient iterations (see
Figure 7).

4.3 COUNTING POLYGONS

Counting Polygons requires generating a 128×128 image containing an FFHQ (Karras et al., 2019)
face background, multiple polygons, and two digits. The digits specify the number of polygons
and their vertex count, and the generated polygons must match these values exactly. This is an
unconditional constrained generation task with no input conditions provided (see Appendix C.3 for
details). We use SRMs trained on 256 patches of size 8× 8.

Evaluation Metrics. We measure two metrics: Number Match Accuracy, which checks whether
the generated digits match the actual polygon count and vertex type, and Vertex Uniformity, which
checks whether all polygons in the image share the same number of vertices.

Results. As shown in Figure 3, both metrics improve with IPR iterations. The baseline achieves
15.4% on Number Match Accuracy and 98.8% on Vertex Uniformity; after 50 iterations, these im-
prove to 27.4% (+12 pp) and 100%, respectively. The model adjusts the digits to match the polygons,
iteratively refining the context to satisfy the constraints. Qualitatively, we also observe that the FFHQ
background and the polygon shapes become clearer alongside constraint satisfaction, suggesting that
IPR improves overall image coherence beyond just the constrained elements (see Figure 8).
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Figure 3: IPR on Counting Polygons. (Left) Number Match Accuracy improves as iterations in-
crease. (Right) Vertex Uniformity reaches 100% within 50 iterations.
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Figure 4: IPR on Even Pixels. Balance Accuracy (left) and color consistency measured by Satura-
tion/Value std (middle, right) both improve with IPR iterations.

4.4 EVEN PIXELS

Even Pixels requires generating a 32 × 32 image with exactly two colors, each occupying exactly
half of the pixels. This is an unconditional constrained generation task that tests whether the model
can satisfy a global counting constraint (see Appendix C.4). We use SRMs trained on patches of size
4× 4.

Evaluation Metrics. We evaluate two aspects: Balance Accuracy measures whether the two colors
each occupy exactly 50% of the pixels, and Saturation/Value Std measures color consistency within
each region—lower values indicate more uniform colors without noisy outliers.

Results. As shown in Figure 4, Balance Accuracy improves by approximately 5% after 50 IPR it-
erations. Beyond the balance constraint itself, the color consistency within each region also improves
significantly. The Saturation/Value Std metrics capture this effect. Over 50 iterations, Saturation Std
drops from 0.0073 to 0.0027 (63% reduction) and Value Std from 0.0047 to 0.0021 (55% reduction),
indicating that IPR produces cleaner, more uniform colors within each region. These results show
that IPR improves both constraint satisfaction and overall image quality (see Figure 9).

4.5 ABLATION STUDY

We conduct ablation studies on MNIST Sudoku (HARD setting) to analyze the key design choices
of IPR. Results are shown in Figure 5.

Resampling Ratio. The resampling ratio α controls the fraction of regions re-noised at each it-
eration. As shown in Figure 5a, setting α = 0.25 yields the best performance, improving the valid
Sudoku rate from 55.8% to 75.0% after 50 iterations. A smaller ratio (α = 0.10) leads to slower
but steady improvement, reaching 72.6%. Conversely, α = 0.50 causes performance degradation
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Figure 5: Ablation studies on IPR hyperparameters. Valid Sudoku rate (%) on MNIST Sudoku
HARD setting. (a) Resampling ratio α = 0.25 performs best. (b) Fixed Noise performs comparably
to random noise, while Fixed Region selection degrades performance.

to 54.2%, falling below the baseline. This indicates that resampling too large a fraction discards
valuable context along with errors, undermining the refinement process.

Fixed Noise vs. Random Noise. We examine whether IPR requires fresh noise sampling at each
iteration or can function with fixed noise. Instead of sampling from N (0, I) at each re-noising
step, we fix the noise to the original noise used during the initial SRMs generation. As shown in
Figure 5b, both variants achieve comparable performance, indicating that the choice of noise has
minimal impact on IPR. This suggests that the context provided by already-generated regions, rather
than the specific noise realization, is the primary factor driving refinement in sequential diffusion.

Fixed Region Selection. We further investigate whether the randomness in region selection is
essential for IPR. Instead of randomly selecting regions to re-noise at each iteration, we fix the
selection to the regions chosen in the first iteration. As shown in Figure 5b, this variant achieves only
57.0% at 50 iterations, showing negligible improvement over the baseline (55.8%). This confirms
that varying the resampled regions across iterations is crucial for effective refinement: fixing the
region selection prevents the model from propagating corrections across different regions, limiting
the refinement to a static subset of the grid.

5 RELATED WORK

A growing line of work studies inference-time scaling for diffusion models (Singhal et al., 2025;
Li et al., 2024b; Yoon et al., 2025a;b; Lee et al., 2025; Zhang et al., 2025b; He et al., 2025; Zhang
et al., 2025a). For example, Guo et al. (2025) proposes a tree-search-based path steering method
that branches into multiple candidates at each denoising step and selects among them using a value
function, while Lee et al. (2025) expands exploration by repeatedly selecting the top-K particles and
cycling them back to an intermediate noise level. SMC/Feynman–Kac approaches similarly maintain
multiple particles and perform reward-based reweighting and resampling at intermediate stages to
bias sampling toward high-reward regions (Singhal et al., 2025; Kim et al., 2025). Despite their
differences, these methods commonly rely on an external reward model or verifier (or an objective-
based scoring function) to rank, select, or preserve better samples, which limits applicability to tasks
where such verifiers are unavailable or unreliable.

In contrast, Zhang et al. (2025a) (VFScale) aims for verifier-free test-time scaling by using the
diffusion model’s intrinsic energy as an internal scoring signal. It trains the energy to correlate with
sample quality, then scales test-time compute by searching over denoising trajectories guided by
this score. However, VFScale ultimately relies on a single scalar score to drive search and selection.
For problems with complex global constraints, such a score may not reliably capture constraint
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satisfaction and long-range cross-region consistency, limiting the practical reach of score-driven
scaling.

Unlike VFScale, IPR removes scoring and candidate selection altogether. Instead, IPR scales com-
pute by repeatedly editing a single sample: it selectively re-noises a subset of regions and regenerates
them conditioned on the remaining regions under the mixed-noise structure of sequential diffusion.
By keeping parts of the sample revisable after they are generated, IPR provides verifier- and reward-
free inference-time scaling tailored to globally constrained generation in sequential diffusion.

6 DISCUSSION AND LIMITATIONS

Computational cost. IPR increases inference cost linearly with the number of refinement itera-
tions. With α=0.25 and R=50, the total computation is roughly 13× that of a single generation
pass. This trade-off is inherent to inference-time scaling: improved quality comes at the expense of
additional compute. In practice, the cost can be controlled by choosing smaller R or α depending on
the application’s latency requirements.

Sensitivity to resampling ratio. The resampling ratio α must be carefully chosen. When α is
too large (α=0.50), performance degrades below the baseline because too much useful context is
discarded along with errors. This suggests that IPR’s effectiveness relies on preserving a sufficient
amount of correct context at each iteration to guide regeneration.

Future directions. IPR currently selects regions uniformly at random. More informed strategies—
such as targeting regions that violate constraints or learning a state-dependent selection policy—may
improve efficiency. Adapting the resampling ratio or re-noising strength over iterations is another
avenue for finer-grained refinement.

7 CONCLUSION

We introduced Iterative Partial Refinement (IPR), an inference-time scaling method for sequen-
tial diffusion models trained on arbitrary noise levels. IPR repeatedly selects a subset of regions,
re-noises only the selected regions, and regenerates them conditioned on the remaining regions.
This keeps parts of the sample revisable during sampling, providing a simple way to correct incon-
sistencies that can persist under the default one-pass generation trajectory. IPR requires no additional
training, no guidance, and no external verifier; it leverages the model’s mixed-noise denoising capa-
bility to revise a generated sample and improve global consistency at inference time.

Across three constrained generation benchmarks, IPR consistently improves constraint
satisfaction—raising the valid Sudoku rate from 55.8% to over 75%, Number Match Accuracy
from 15.4% to 27.4%, and reducing color outliers in Even Pixels—while also improving overall
visual quality. By randomly varying which regions are resampled, IPR propagates contextual im-
provements across the entire sample over iterations, rather than refining only a fixed subset. The
resampling ratio is critical to balance preserving useful context with allowing meaningful revision.
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A USE OF LARGE LANGUAGE MODELS

We used large language models only for grammar checking and sentence correction.

B QUALITATIVE RESULTS

Figure 6: Generated examples on MNIST Sudoku (HARD). Each column shows the generated
image at a different IPR iteration, progressing from left to right. Red backgrounds indicate cells that
violate Sudoku constraints; violations decrease as refinement progresses.

Figure 7: Generated examples on K-Corrupted Sudoku (K ∈ {1, 3, 5}). Each row corresponds
to K = 1, 3, 5 from top to bottom. Each column shows the generated image at a different IPR itera-
tion, progressing from left to right. Red backgrounds indicate cells that violate Sudoku constraints;
violations decrease as refinement progresses.
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Figure 8: Generated examples on Counting Polygons. Each column shows the generated image
at a different IPR iteration, progressing from left to right. The digit and polygon count converge to
match the constraint.

Figure 9: Generated examples on Even Pixels. Each column shows the generated image at a differ-
ent IPR iteration, progressing from left to right. Color regions become more uniform and balanced
across iterations.

C EXPERIMENT DETAILS

C.1 SPATIAL REASONING MODELS

We use SRMs (Wewer et al., 2025) as our sequential diffusion backbone for inference.

We use the pretrained models provided by the authors. Checkpoints were downloaded from https:
//github.com/Chrixtar/SRM/releases. The specific checkpoints used are:

• MNIST Sudoku: ms1000 28/paper/checkpoints/last.ckpt

• Counting Polygons: cp ffhq 8/paper/checkpoints/last.ckpt

• Even Pixels: ep 4/paper/checkpoints/last.ckpt

C.2 MNIST SUDOKU

C.2.1 TASK DESCRIPTION

MNIST Sudoku is a constrained generation benchmark proposed by Wewer et al. (2025) that com-
bines the visual complexity of handwritten digit generation with the combinatorial constraints of
Sudoku. Each sample is a 9 × 9 grid where every cell contains a 28 × 28 MNIST digit image. The
model must generate digits that are both visually realistic and satisfy standard Sudoku rules: each
row, column, and 3× 3 sub-grid must contain the digits 1–9 without repetition.

C.2.2 EXPERIMENTAL SETTING

The benchmark supports varying difficulty by controlling the number of pre-filled hint cells Nhint.
We adopt the HARD setting from Wewer et al. (2025), where Nhint is sampled uniformly from
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{0, . . . , 26} for each sample. The positions of the hint cells are selected uniformly at random from
the 81 cells in the grid, and the remaining 81−Nhint cells are masked and must be generated by the
model. This setting covers a wide range of difficulty, from nearly empty grids (purely generative)
to moderately constrained puzzles (completion). During IPR, hint cells are fixed and excluded from
resampling.

C.2.3 EVALUATION METHODOLOGY

Since the output consists of images, we first map each generated cell to a digit class d ∈ {1, . . . , 9}
using a pre-trained CNN classifier provided by the benchmark (Wewer et al., 2025). Let G denote
the resulting 9 × 9 symbolic grid. A generated sample is considered valid if and only if G contains
no duplicate digits in any row, column, or sub-grid. We report the Sudoku Validity Rate, i.e., the
percentage of valid solutions over the test set.

C.3 COUNTING POLYGONS

C.3.1 TASK DESCRIPTION

Counting Polygons is an unconditional constrained generation benchmark proposed by Wewer et al.
(2025). The model must generate a 128×128 image containing an FFHQ face background, multiple
polygons, and two digits. The two digits specify the number of polygons and their vertex count,
respectively, and the generated polygons must match these values exactly. Crucially, no input con-
ditions are provided: the model must jointly generate all components—background, polygons, and
digits—such that they are internally consistent.

C.3.2 TRAINING DATASET CONSTRUCTION

The training dataset is constructed by Wewer et al. (2025) as follows. Each sample is produced by
overlaying randomly generated geometric polygons onto face images from the FFHQ dataset (Karras
et al., 2019), which serve as diverse and realistic backgrounds:

• Background: A 128× 128 face image is sampled from the FFHQ dataset.

• Object Sampling: The number of polygons (Npoly) and the number of vertices per polygon
(Nvert) are sampled uniformly from predefined ranges (e.g., Nvert ∈ [3, 7]).

• Appearance & Placement: Polygons are drawn with random positions, scales, and rota-
tions. To ensure visibility against the complex background, the fill color is dynamically
selected by computing the HSV color histogram of the background image and choosing the
hue with the minimum frequency, thereby maximizing color contrast.

C.3.3 EVALUATION METHODOLOGY

Since this is an unconditional generation task, evaluation focuses on the internal consistency of the
generated image. We employ a fine-tuned ResNet-50 classifier, provided by the benchmark (Wewer
et al., 2025), to predict three attributes from the generated image: polygon count, vertex count, and
uniformity. We report two metrics: Number Match Accuracy, which checks whether the generated
digits match the actual polygon count and vertex type, and Vertex Uniformity, which checks whether
all polygons in the image share the same number of vertices.

C.4 EVEN PIXELS

C.4.1 TASK DESCRIPTION

Even Pixels is a constrained generation benchmark designed to test the model’s ability to satisfy
precise constraints on pixel-level statistics. Each sample is a 32 × 32 image composed of exactly
two distinct colors. The global constraint is that each color must occupy exactly 50% of the pixels.
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C.4.2 DATASET CONSTRUCTION

The Even Pixels dataset (Wewer et al., 2025) is constructed to isolate the challenge of generating a
balanced hue distribution while maintaining constant saturation and value.

• Color Selection: Images are generated in the HSV color space. A base hue h1 is sampled
uniformly from [0, 0.5). The second hue is set to h2 = h1 + 0.5, ensuring the two colors
are separated by 180◦ in the color wheel to maximize contrast. Saturation (S) and Value
(V ) are fixed to constant values (e.g., S = 1.0, V = 0.7) across the entire image.

• Pixel Assignment: A random binary mask M ∈ {0, 1}32×32 is generated such that∑
i,j Mi,j = 512. Pixels corresponding to 0 are assigned h1, and those corresponding

to 1 are assigned h2.

C.4.3 EVALUATION METHODOLOGY

Evaluating the generated images requires verifying whether the two dominant colors appear in ex-
actly equal proportions. The benchmark employs a histogram-based clustering approach to robustly
count pixels for each color without assuming predefined color values.

Procedure.

1. Color Space Conversion: The generated RGB image is converted to the HSV color space.
The analysis focuses on the Hue (H) channel.

2. Histogram Analysis: A histogram of the Hue channel (256 bins) is computed, and the two
most prominent peaks, p1 and p2, are identified.

3. Dynamic Thresholding: Decision boundaries b1, b2 between the two colors are determined
by finding the midpoints between the peaks in the circular Hue space:

b1 =
p1 + p2

2
, b2 =

p1 + p2 + 256

2
(mod 256). (6)

4. Pixel Counting: All pixels with hue values falling between b1 and b2 are assigned to one
cluster. Let Nc1 be the pixel count of this cluster.

Metrics. Balance Accuracy is defined as the percentage of images where the pixel count error
|Nc1 − 512| is exactly 0. Additionally, Saturation/Value Std is measured to assess internal color
consistency within each region.

D INFERENCE HYPERPARAMETERS

We summarize the inference-time hyperparameters used in our experiments.

D.1 PARAMETER DEFINITIONS

• init overlap ratio: Controls the degree of scheduling overlap between regions dur-
ing the initial generation (SRM). Larger values allow more concurrent denoising.

• init steps per patch: The number of denoising steps allocated to each region dur-
ing the initial generation.

• ipr overlap ratio: The scheduling overlap ratio used during IPR refinement.

• ipr steps per patch: The number of denoising steps applied to each re-sampled re-
gion during IPR refinement.

• stochasticity: Controls the amount of randomness injected during diffusion sampling
(for both initial generation and refinement).

• resampling ratio: Controls the fraction of regions re-noised at each IPR iteration.

• iteration: The total number of IPR refinement iterations performed.
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D.2 TASK-SPECIFIC SETTINGS

For all experiments, we fixed the following hyperparameters for each task and varied
resampling ratio and iteration to analyze their effects.

Table 1: Fixed inference hyperparameters for each task.

Hyperparameter MNIST Sudoku Counting Polygons Even Pixels
init overlap ratio 0.0 0.9 0.9
init steps per patch 3 10 30
ipr overlap ratio 0.8 0.9 0.9
ipr steps per patch 10 10 30
stochasticity 0.5 0.5 0.5
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