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Abstract. Diffusion models have achieved state-of-the-art performance
across 2D, video, and 3D generation, but their sampling quality remains
heavily dependent on guidance methods. Existing training-free guidance
techniques construct a weakened auxiliary branch through static per-
turbations, yet these methods fundamentally disregard the stage-wise
structure of the denoising process: early timesteps govern magnitude-
driven global formation, whereas later timesteps refine directional ge-
ometry. We propose a principled training-free diffusion guidance with
Stage-Aware Noise Decomposition (SAND) that considers this temporal
asymmetry by decomposing Gaussian noise into orthogonal magnitude-
and direction-oriented components and modulating them with a time-
adaptive weighting schedule aligned to diffusion dynamics. The decom-
posed perturbations are injected directly into the self-attention queries,
keys, and values, forming a dynamically degraded branch that requires no
retraining while faithfully mirroring the evolving geometry of the sample.
This representation-level perturbation provides a temporally coherent
guidance signal that better balances global structure and fine detail. Ex-
tensive experiments on Stable Diffusion XL (SDXL) and Stable Diffusion
3 (SD3) demonstrate that our method consistently improves global co-
herence, sharpens fine-grained texture, and yields superior sample qual-
ity in both unconditional and conditional image generation. We further
show that SAND can be extended to the guidance-distilled image gener-
ation model FLUX.1 and the text-to-video model Wan2.2, highlighting
its broad applicability.

Keywords: Diffusion Models · Training-Free Guidance · Stage-Aware
Noise Decomposition

1 Introduction

Diffusion models [10, 16, 34, 35] have emerged as one of the most powerful tools
of generative models, enabling high-quality generation across a broad range of
domains, including 2D image [6,18,25,26,29], video [2,9,12,27], and 3D genera-
tion [5, 23, 28, 38]. Sampling guidance techniques [1, 11, 13, 17] have significantly

† : Corresponding author.

https://orcid.org/0000-0002-3773-1224
https://orcid.org/0000-0001-9866-1592
https://orcid.org/0000-0001-7450-6600
https://orcid.org/0000-0003-1805-2960


2 Kim et al.

contributed to this success. These methods commonly contain a weaker auxiliary
generation branch that produces undesirable samples and guide the denoising
trajectory away from these degraded results, effectively steering the sampling
process toward high-quality regions of the data manifold.

Among these guidance methods, Classifier-Free Guidance (CFG) has been
widely adopted, enhancing conditional generation performance by intentionally
utilizing the unconditional generation path as a weak model and guiding the sam-
pling trajectory away from unconditional predictions toward condition-consistent
results. However, CFG requires an additional training strategy and is applicable
only to conditional generation in the inference phase, as its guidance signal relies
on the difference between conditional and unconditional denoising results, which
can lead to degraded results when the guidance scale is large. As alternatives,
some methods [1,13,14,17] employ self-perturbation to mimic a weak generation,
thereby enabling guidance without relying on conditional information. For ex-
ample, Autoguidance [17] uses an earlier-trained or lower-capacity version of the
diffusion model as the weaker generator. However, Autoguidance still requires
retraining a network to obtain the weaker variant, which makes it inefficient
and impractical for large-scale or publicly released models [6,26,29]. Meanwhile,
attention-based self-perturbation methods that do not require additional train-
ing have also been explored. For instance, PAG [1] substitutes the self-attention
maps of the diffusion model with an identity matrix during inference to produce
undesirable samples. SEG [13] applies Gaussian smoothing to the self-attention
maps to construct an implicit weak generation.

However, PAG and SEG impose a fixed degradation throughout sampling,
without considering the stage-wise dynamics of diffusion. Because early steps
mainly establish the global semantic layout whereas later steps refine high-
frequency details, this fixed strategy can disrupt the sampling trajectory and
limit the model’s ability to adaptively balance global structure and fine details.

To address these limitations, we introduce Stage-Aware Noise Decomposition
(SAND), a novel training-free diffusion guidance designed to adaptively align the
perturbation strategy with the intrinsic temporal dynamics of the denoising pro-
cess. Unlike prior methods that rely on static and indiscriminate degradation,
our work is motivated by the key insight that diffusion timesteps exhibit se-
mantically distinct behaviors: early iterations shape global structure through
magnitude-driven modulation, whereas later iterations refine high-frequency ge-
ometry through directional adjustments. To this end, SAND decomposes Gaus-
sian noise into orthogonal magnitude- and direction-oriented components, and
modulates them via a time-adaptive weighting schedule aligned with diffusion
dynamics. These decomposed perturbations are injected directly into the self-
attention queries, keys, and values, forming a dynamically weakened branch that
guides the diffusion model toward a more desirable trajectory, while faithfully
mirroring the geometric evolution of the sample without any retraining. Exten-
sive experiments on both unconditional and conditional image generation using
SDXL [26] and SD3 [6] demonstrate that our method yields more coherent global
layouts, sharper local details, and consistently higher sample quality. Further-
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more, SAND can be seamlessly extended to CFG distillation-based models like
FLUX.1 [22] and text-to-video generation models such as Wan2.2 [37], highlight-
ing its broad applicability. To summarize, the main contributions of this work
are as follows:

– We identify the stage-wise semantic roles of diffusion timesteps and show
that early and late iterations require fundamentally different forms of per-
turbation for effective guidance.

– We propose a training-free guidance method that decomposes Gaussian noise
into magnitude- and direction-oriented components and modulates them
with a time-adaptive weighting schedule aligned to diffusion dynamics.

– We introduce a representation-level perturbation mechanism that injects
the decomposed noise into self-attention projections, yielding consistent im-
provements in global structure, local detail, and overall sample quality across
multiple diffusion models.

2 Related Works

2.1 Guidance with Trained Weak Model

Classifier-Free Guidance (CFG) [11] is a widely adopted technique for boosting
conditional generation in diffusion models, primarily by leveraging an uncondi-
tional model to serve as the weak branch. However, this approach introduces
challenges: the discrepancy in objectives between the conditional and uncondi-
tional models often results in diminished sample diversity [17].

Autoguidance [17] addresses these limitations by replacing the weak model
with a deliberately degraded version of the original model, trained with reduced
capacity to ensure alignment. This inherent alignment enables the guidance al-
gorithm to more reliably identify and correct errors by comparing the prediction
outputs of the two models. Although effective in improving sample quality while
preserving diversity, this method requires an additional training phase, which
poses a substantial practical challenge, particularly for large-scale diffusion mod-
els that are already publicly deployed.

2.2 Guidance with Training-Free Weak Model

Alternative approaches leverage the model’s own architecture to create a con-
trastive signal, specifically by degrading the self-attention blocks during in-
ference. Rather than relying on auxiliary training, these techniques induce a
weak model on-the-fly. For example, SAG [14] applies localized blurring to high-
attention zones, PAG [1] replaces attention matrices with identity matrices, and
SEG [13] smooths the attention weights with Gaussian blur. Although effective,
these methods rely on static perturbations to the attention mechanism. In con-
trast, our method introduces noise directly to the attention inputs. By injecting
decomposed, timestep-dependent noise into the query, key, and value represen-
tations, we construct a more principled and stage-aligned weak trajectory.
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Another line of training-free guidance methods modifies the guidance direc-
tion in the prediction or sampling-update space using geometric decomposition.
APG [30] decomposes the CFG update into components parallel and orthogonal
to the conditional prediction, and down-weights the parallel component to mit-
igate oversaturation and artifacts at high guidance scales. TCFG [21] analyzes
the misalignment between conditional and unconditional scores and damps the
tangential component of the unconditional score to keep the sampling trajec-
tory closer to the target manifold. TAG [3] decomposes the sampling increment
into radial and tangential components, amplifying the tangential component to
improve semantic consistency. These methods operate after the denoising pre-
diction or sampling update has been obtained. In contrast, SAND applies de-
composition before the final prediction is formed, directly in the feature space of
self-attention. Rather than reshaping an already computed guidance direction,
SAND decomposes Gaussian noise with respect to the query, key, and value fea-
tures and uses the resulting magnitude- and direction-oriented perturbations to
generate the weak prediction itself.

3 Preliminaries

3.1 Diffusion models

Diffusion models generate samples through an iterative denoising process that
reverses a forward process, which gradually corrupts data into Gaussian noise.
The forward process that adds noise to an image x over time t ∈ [0, T ] can be
represented by a stochastic differential equation (SDE) [35]:

dx = f(x, t)dt+ g(t)dw (1)

where f and g are predefined functions representing the drift and diffusion coef-
ficients, respectively, and dw denotes the standard Wiener process. Correspond-
ingly, the denoising process can be formulated by the reverse SDE:

dx =
[
f(x, t)− g(t)2∇x log pt(x)

]
dt+ g(t)dw̄ (2)

where ∇x log pt(x) denotes the score of the noisy data distribution, and dw̄ rep-
resents the standard Wiener process in the reverse direction. The score function
∇x log pt(x) is approximated by a neural network sθ(x, t) [4, 11, 34, 35] parame-
terized by weights θ, trained using denoising score matching [36]. Therefore, the
denoising process of the diffusion model can be rewritten as:

dx =
[
f(x, t)− g(t)2sθ(x, t)

]
dt+ g(t)dw̄. (3)

3.2 Sampling Guidance

While diffusion models trained with denoising score matching are built on solid
theoretical principles, the estimated score functions are frequently imprecise be-
cause of constrained model capacity. Consequently, sampling solely based on
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the learned score often produces structurally incomplete or distorted images. To
address the problem and enhance sampling quality, sampling guidance meth-
ods [1, 11, 13, 17] incorporate weaker generation samples into the denoising pro-
cess, guiding it away from these degraded samples toward high-quality regions
of the data manifold. In particular, the denoising process in Equation (3) can be
extended as follows:

dx =
[
f(x, t)− g(t)2s̃θ(x, t)

]
dt+ g(t)dw̄ (4)

s̃θ(x, t) = γsθ(x, t)− (γ − 1)sweak
θ (x, t) (5)

where sweak
θ (x, t) is the weaker model that generates degraded samples, and γ is

a hyperparameter that controls the strength of the guidance.

4 Method

In this study, we introduce a novel training-free guidance technique, called SAND
(Stage-Aware Noise Decomposition), which decomposes Gaussian noise into di-
rectional and magnitude components and injects them into the self-attention
module to promote more stochastic and diverse guidance behaviors during sam-
pling. In the denoising process of diffusion models, the early steps primarily
establish the global semantic layout, whereas the later steps refine the struc-
tural details. The displacement of a data vector can be interpreted as moving
the corresponding point in the vector space along its direction and magnitude.
From this perspective, the early denoising steps mainly modulate the magnitude
of pixel vectors, defining the overall intensity and coarse structure. In contrast,
the later steps adjust the direction of pixel vectors to refine fine-grained appear-
ance and local geometry. To provide guidance that aligns with these distinct
denoising stages, we first decompose Gaussian noise into directional and mag-
nitude components (Section 4.1) and then adaptively regulate the contribution
of each component according to the denoising stage (Section 4.2). Finally, the
adjusted components are directly injected into the query, key, and value of the
self-attention mechanism (Section 4.3), enabling more dynamic and stage-aware
guidance generation throughout the sampling process.

4.1 Noise Decomposition

Let F ∈ RH×W×C denote an input feature map within a self-attention layer,
where H and W denote spatial dimensions and C is the channel dimension.
Each spatial position (h,w) corresponds to a feature vector F(h,w) ∈ RC . Di-
rectly adding Gaussian noise ϵ ∼ N (0, I), where ϵ ∈ RH×W×C , to F induces a
stochastic displacement of each feature vector F(h,w) in the feature space. This
noise perturbation, when applied to the self-attention layers within the weaker
model sweak

θ (x, t), can yield degraded generations. However, such indiscriminate
perturbation fails to reflect the characteristics of each denoising step, where the
early stages primarily reconstruct the global semantic layout, while the later
stages refine high-frequency and fine-grained details.
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To provide more stage-aware guidance for the denoising process, the pertur-
bation should be aligned with the distinct roles of each denoising stage. Specif-
ically, the early stages focus on magnitude modulation to define the overall in-
tensity and coarse structure, whereas the later stages perform directional adjust-
ment to refine fine-grained appearance and local geometry. Therefore, to align
the sampling guidance with these stage-specific roles, we decompose Gaussian
noise ϵ into two components:

ϵ∥(h,w) =
F(h,w)⊤ϵ(h,w)

∥F(h,w)∥22
F(h,w) (6)

ϵ⊥(h,w) = ϵ(h,w)− ϵ∥(h,w). (7)

The parallel component ϵ∥(h,w) corresponds to the portion of Gaussian noise
that is aligned with the direction of the feature vector F(h,w). Therefore, adding
ϵ∥(h,w) to F(h,w) primarily affects the magnitude of the feature vector, while
its orientation remains unchanged. Consequently, the orthogonal component
ϵ⊥(h,w) can be interpreted as directional noise that adjusts the geometric struc-
ture of F(h,w), as it is derived as the residual of the parallel component that
affects magnitude.

4.2 Stage-wise Weight Strategy of Decomposed Noise

To align the perturbation of the weaker model sweak
θ (x, t) with the denoising

objective of sθ(x, t), we introduce a stage-wise weight strategy that balances
the contributions of the parallel and orthogonal noise components, ϵ∥(h,w)
and ϵ⊥(h,w). The parallel component ϵ∥(h,w) dominates the early denoising
stages by governing magnitude variations, whereas the orthogonal component
ϵ⊥(h,w) gradually becomes influential in directional refinement at later stages.
To this end, we formulate the perturbation applied to each self-attention layer
of sweak

θ (x, t) as:

F(t)
ϵ (h,w) = F(t)(h,w) + λ

(t)
∥ ϵ

(t)
∥ (h,w) + λ

(t)
⊥ ϵ

(t)
⊥ (h,w) (8)

where t ∈ [0, 1] denotes the normalized diffusion timestep and the time-dependent
scaling scalars λ

(t)
∥ and λ

(t)
⊥ are defined as:

λ
(t)
∥ = α(1− t), λ

(t)
⊥ = αt. (9)

Here, α is a global coefficient balancing the overall perturbation. This formula-
tion ensures that the parallel component ϵ(t)∥ , which modulates the magnitude of
the feature vectors, dominates during the early denoising stages t → 0, while the
orthogonal component ϵ

(t)
⊥ , which adjusts their directional variation, gradually

becomes more influential in later stages t → 1.
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Algorithm 1 Sampling Guidance with Stage-Aware Noise Decomposition
Require: Initial noise xT ∼ N (0, I), timesteps t down to 1, guidance scale γ, global coefficient α
Ensure: Generated image x0

1: for t = 0, . . . , 1 do
2: Compute original score sθ(xt, t)

3: // Construct Weaker Model sweak
θ via Perturbation

4: for each self-attention layer in sweak
θ do

5: for F ∈ {Q,K,V} do
6: 1. Noise Decomposition:
7: Sample ϵ ∼ N (0, I) and decompose: ϵ∥ ← F⊤ϵ

∥F∥22
F, ϵ⊥ ← ϵ− ϵ∥

8: 2. Stage-wise Scheduling:
9: λ

(t)

∥ ← α(1− t), λ
(t)
⊥ ← αt

10: 3. Integrate Perturbation:
11: F(t)

ϵ ← F(t) + λ
(t)

∥ ϵ∥ + λ
(t)
⊥ ϵ⊥

12: end for
13: Compute perturbed attention: Oϵ ← Softmax(QϵK

⊤
ϵ /
√
C)Vϵ

14: end for
15: Let sweak

θ (xt, t) be the output using the perturbed attention layers
16: 4. Apply Extrapolated Guidance:
17: s̃θ(xt, t)← γsθ(xt, t)− (γ − 1)sweak

θ (xt, t)
18: Update xt → xt−1 using s̃θ(xt, t) via SDE/ODE solver
19: end for
20: return x0

4.3 Integrating Perturbations into Self-Attention

The perturbation in Equation 8 is applied to the self-attention operation in
sweak
θ (x, t). Specifically, in each self-attention module, the query Q(t) ∈ RH×W×C ,

key K(t) ∈ RH×W×C , and value V(t) ∈ RH×W×C are first projected from the
input features. We then perturb them to obtain Q

(t)
ϵ , K(t)

ϵ , and V
(t)
ϵ using Equa-

tion 8, where each perturbation is computed with its corresponding noise ϵ(t).
The perturbed attention map at timestep t is computed as:

A(t)
ϵ = Softmax

(
Q

(t)
ϵ K

(t)⊤
ϵ√

C

)
. (10)

The final degraded self-attention output is then given by A
(t)
ϵ V

(t)
ϵ . By perturbing

the query, key, and value rather than the attention weights, our method injects
stochasticity directly into the feature space. Consequently, the resulting attention
map A

(t)
ϵ enables more dynamic and diverse guidance signals by modulating both

magnitude and directional variations over timesteps. Moreover, A(t)
ϵ provides a

time-adaptive guidance mechanism aligned with the denoising objective of each
timestep t, effectively coupling the guidance with the diffusion dynamics for more
reliable sampling. Our method is summarized in Algorithm 1.

5 Experiments

5.1 Experimental Setup

Implementation Details. We evaluate the proposed guidance mechanism us-
ing two widely adopted models: Stable Diffusion XL (SDXL) [26] and Stable
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Table 1: Quantitative comparison of guid-
ance methods on unconditional generation.
The best results are shown in bold, and
the second-best results are underlined.

Model Metric Vanilla PAG [1] SEG [13] SAND

SDXL FID↓ 126.51 100.58 83.46 75.25
IS↑ 8.61 12.94 12.52 13.90

SD3 FID↓ 101.66 102.74 83.30 75.64
IS↑ 11.09 12.10 11.69 13.37

Table 2: Quantitative comparison of guid-
ance methods on conditional generation.
The best results are shown in bold, and
the second-best results are underlined.

Model Metric Vanilla PAG [1] SEG [13] SAND

SDXL FID↓ 51.11 23.20 24.49 17.56
IS↑ 23.2 31.46 28.61 32.37

SD3 FID↓ 22.88 18.13 14.49 11.06
IS↑ 31.09 35.83 38.77 36.87

Table 3: Quantitative comparison of text-image alignment and perceptual aesthetics
on SDXL [26]. The best results are shown in bold, and the second-best results are
underlined.

Dataset Metric Vanilla PAG [1] SEG [13] SAND

DrawBench

CLIPScore↑ 19.73 22.41 22.04 23.46
PickScore↑ 20.07 20.95 20.81 21.15
HPSv2↑ 0.1694 0.2022 0.2037 0.2253
AES↑ 5.35 5.55 5.61 5.71
ImageReward↑ 0.1023 0.3069 0.2196 0.6256

Diffusion 3 (SD3) [6]. All experiments use official implementations and publicly
available weights from Hugging Face. For SDXL, we employ the Euler Discrete
Scheduler [16] with 25 denoising steps. For SD3, we follow the default settings.
The guidance scale γ was set to 3 specifically for the unconditional generation of
the SDXL model, while γ = 2 was used for all other experimental settings. The
same random seed sets are used across various comparison methods and baseline
generative models to enable fair comparisons. For more details, please refer to
Section B in the supplementary material.
Metrics. To evaluate both unconditional and conditional image generation, we
employ multiple quantitative metrics. For visual quality, we calculate the Fréchet
Inception Distance (FID) [8] and Inception Score (IS) [32] using 30k reference
images and 30k text prompts randomly sampled from the MS-COCO 2014 val-
idation set [24]. To assess text-image alignment and perceptual aesthetics, we
measure CLIP Score [7], PickScore [20], Human Preference Score (HPS v2.1) [39],
LAION Aesthetic Score (AES) [33], and ImageReward [40] using text prompts
from the DrawBench benchmark [31].

5.2 Experiment Results

Unconditional Generation. Table 1 compares our method with PAG [1] and
SEG [13] on the two models (SDXL [26] and SD3 [6]). Quantitative results in
Table 1 show that FID is substantially reduced relative to unguided sampling
and prior training-free approaches such as PAG and SEG. On SDXL, compared
to unguided sampling, FID decreases from 126.51 to 75.25, while IS increases
from 8.61 to 13.90, the highest among the compared methods. SD3 also exhibits
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(a) Vanilla (b) PAG (c) SEG (d) SAND

Fig. 1: Qualitative comparisons of our method with vanilla SDXL [26], PAG [1], and
SEG [13] on unconditional generation.

similar improvements, achieving the best FID and IS across all methods. These
results demonstrate that our approach provides superior fidelity and semantic
quality compared to baseline training-free guidance methods.

Figure 1 illustrates generated samples from different guidance methods. Our
guidance method consistently produces images with sharper details, clearer se-
mantic structures, and richer textures compared to prior methods. While the
unguided SDXL and PAG results often exhibit desaturated colors, structural
inconsistencies, and SEG tends to generate unrealistic scenes, our method pre-
serves both local fidelity and global coherence across diverse categories. Notably,
the proposed approach recovers fine-grained details such as facial features, ob-
ject contours, and lighting variations, yielding visually realistic and semantically
consistent results.
Conditional (Text-to-Image) Generation. Table 2 presents the quantitative
results under the conditional setting. Our method achieves the best performance
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Vanilla PAG SEG SAND

Prompt:"A fire hydrant that is sitting in the grass."

Prompt:"A guy is posing for the camera with a medal around his neck."

Prompt:"A young man sits on the edge of his seat as he plays a video game."

Prompt:"a person siting on a brick wall with a tie."

Fig. 2: Qualitative comparisons of our method with unguided SDXL [26], PAG [1],
and SEG [13] on conditional generation.

across both SDXL and SD3. On SDXL, FID improves to 17.56, outperforming
both PAG and SEG, while IS increases to 32.37. For SD3, our method achieves
the lowest FID, outperforming the second-best score (FID=14.49) by a signif-
icant margin of +3. Additionally, Table 3 reports a quantitative evaluation of
text-image alignment and human preference on the DrawBench dataset. Notably,
our approach consistently outperforms all baselines. These results demonstrate
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Table 4: Ablation study on noise de-
composition. The best results are shown
in bold, and the second-best results are
underlined.

Metric ϵ∥ ϵ⊥ ϵ Ours

FID↓ 84.31 76.31 76.26 75.25
IS↑ 12.50 13.94 13.97 13.90

Table 5: Ablation study on different
noise schedules. The best results are shown
in bold, and the second-best results are
underlined.

Metric
Coupled
increase

Coupled
decrease Swap Ours

FID↓ 83.18 83.58 83.69 75.25
IS↑ 12.48 13.10 13.13 13.90

that our method offers superior prompt fidelity and image quality compared to
baseline guidance techniques.

Figure 2 presents a qualitative comparison of text-to-image generation across
four prompts using different guidance methods. Our method yields high-quality
images with sharp details, strong adherence to the textual descriptions, and
stable structural composition. In contrast, unguided SDXL, PAG, and SEG
frequently produce outputs with weakened semantic alignment, exhibiting is-
sues such as desaturated colors, distorted geometry, inconsistent textures, and
prompt mismatches. These artifacts highlight the limitations of existing base-
lines, whereas our method demonstrates improved robustness and more faithful
rendering aligned with the given prompts. These results highlight the robustness
and generalization ability of our degradation-based guidance mechanism across
diffusion architectures of different scales.

5.3 Ablation study

To validate the effectiveness of our proposed perturbation mechanism, we con-
duct extensive ablation studies. All experiments use SDXL [26] with 25 sampling
steps in the unconditional setting using 30K generated samples.
Effectiveness of Noise Decomposition. To demonstrate the necessity of de-
composing noise, we perform an ablation study on the contributions of the paral-
lel component ϵ∥ and the orthogonal component ϵ⊥. We compare our full method
against three variants: (1) parallel-only noise ϵ∥, (2) orthogonal-only noise ϵ⊥,
and (3) non-decomposed noise ϵ. In our method, the noise scales α are set to 12,
12, and 2 for the query, key, and value projections, respectively. For fairness, the
fixed scales used in the three baseline variants are matched to the time-averaged
magnitudes of our scheduling functions, resulting in strengths of 6, 6, and 1.

Figure 3 reveals a notable phenomenon during the sampling process. During
the early denoising stages, all four methods produce a comparable global seman-
tic layout. However, a clear divergence emerges in the transitional stage (third
column of Figure 3). At this point, the parallel-only variant begins to deviate
from the others, progressing toward a lower-quality trajectory characterized by
desaturated appearance and diminished detail. In contrast, the remaining three
methods continue to converge toward a high-fidelity solution.

This divergence offers strong evidence supporting our design. The parallel
component ϵ∥ is sufficient for guiding early-stage magnitude modulation that es-
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Fig. 3: Qualitative comparison between the proposed method and various noise com-
ponent combinations.

Table 6: Component-wise scheduling analysis of the parallel ϵ∥ and orthogonal ϵ⊥
perturbations on SDXL [26] for unconditional generation. The best results are shown
in bold, and the second-best results are underlined.

Metric ϵ∥ ↑ ϵ∥ ↓ ϵ⊥ ↑ ϵ⊥ ↓ Ours

FID↓ 94.98 84.31 79.18 83.47 75.25
IS↑ 11.10 13.60 12.42 13.40 13.90

tablishes the coarse global structure, but the orthogonal component ϵ⊥ becomes
essential for late-stage refinement of geometry and high-frequency details. The
parallel-only method fails precisely because it lacks this ϵ⊥ signal, which serves as
a critical geometric correction pathway. Meanwhile, the non-decomposed variant
retains both forms of perturbation, which allows it to outperform the parallel-
only method and achieve results similar to the orthogonal-only method. However,
compared to our decomposed approach, it still falls short in terms of fine details
and overall realism.

The quantitative comparison in Table 4 reinforces this hierarchy. Our method
achieves the best FID, followed by the non-decomposed variant ϵ and the orthog-
onal only variant ϵ⊥, while the parallel-only variant ϵ∥ performs the worst. These
results demonstrate that the two noise components contribute fundamentally
different—and non-interchangeable—roles in guiding the denoising trajectory,
providing quantitative support for our decomposition strategy.
Effectiveness of Stage-Wise Weight Schedule. Table 5 compares the quan-
titative performance of our stage-wise weight schedule with three alternative
schedules. The coupled schedules apply the same linear profile (either increasing
or decreasing) to both components simultaneously, ignoring their distinct func-
tional roles in the denoising process. The swapped schedule inverts our proposed
profiles, increasing the parallel component while decreasing the orthogonal com-
ponent over time. All three alternatives fail to align with the stage-dependent
requirements of diffusion sampling, and consequently yield noticeably worse per-
formance than our method.
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Table 7: Quantitative comparison of our guidance applied to the down, mid, and
up layers for unconditional generation on SDXL [26], evaluated using 30k generated
samples. The best results are shown in bold.

Setting Metric Vanilla Down Mid Up

Uncond. FID↓ 126.51 119.46 75.25 122.96
IS↑ 8.61 6.69 13.90 7.70

Analysis on Component-wise Scheduling Dynamics. To more directly
examine the temporal roles of the parallel and orthogonal noise components, we
evaluate four variants that apply either a linear increase (↑) or linear decrease
(↓) schedule to the magnitude-oriented parallel component ϵ∥ or the direction-
oriented orthogonal component ϵ⊥. The results are summarized in Table 6.

As reported in Table 6, the two variants that rely solely on ϵ∥ yield the
weakest performance (FID= 94.98 for ϵ∥ ↑ and FID= 84.31 for ϵ∥ ↓). This
result indicates that magnitude-only perturbations are insufficient for the detail
refinement required in the later stages of the diffusion process. In contrast, the
orthogonal-only variants achieve better results, and ϵ⊥ ↑ performs particularly
well (FID= 79.18 and IS= 12.42). This outcome demonstrates that increasing
directional influence toward the end of the sampling process is important for
reconstructing high-frequency details.

The ϵ⊥ ↓ variant (FID= 83.47) further reveals that applying directional
perturbation too early, when the features are still close to random noise, provides
little meaningful guidance. This aligns with the intuition that early stages are
dominated by global magnitude modulation rather than geometric refinement.
Taken together, these results validate the underlying principle of our method:
early diffusion steps benefit more from parallel noise, which modulates feature
magnitude and shapes coarse structure, whereas later steps rely increasingly on
orthogonal noise to adjust feature direction and recover fine details. Our full
stage-aware formulation, which couples ϵ∥ with early timesteps and ϵ⊥ with
later ones, achieves the best overall performance (FID= 75.25 and IS= 13.90),
confirming the effectiveness of the proposed noise decomposition and temporally
aligned scheduling strategy.

Layer Selection. We conducted an independent analysis of perturbing the
downsampling, mid, and upsampling layers in the U-Net backbone of SDXL [26].
Table 7 shows that our guidance achieves the best performance when perturba-
tions are applied exclusively to the mid layers throughout the entire diffusion
sampling process. Perturbing the other two layer groups provides only limited
improvements in FID and even degrades performance in IS compared with the
unguided baseline. These results highlight the importance of selecting the appro-
priate layers for perturbation. Layer selection experiments for SD3 are provided
in Section B.2 of the supplementary material.
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Table 8: Quantitative comparison of text-image alignment and perceptual aesthetics
on FLUX.1-dev [22] using text prompts from DrawBench [31]. The best results are
bold, and the second-best results are underlined.

Metric Vanilla PLADIS SAND CFG CFG+SAND

CLIPScore↑ 26.61 26.93 22.65 27.37 27.29
PickScore↑ 22.76 22.78 22.83 22.82 22.83
HPSv2↑ 0.2869 0.2876 0.2890 0.3006 0.3008
AES↑ 5.72 5.70 5.68 5.83 5.81
ImageReward↑ 0.8357 0.8741 0.8884 0.9935 1.004

Vanilla PLADIS SAND CFG CFG+SAND

Prompt:"A sign that says ’Google Brain Toronto’."

Fig. 4: Qualitative comparisons of our method with unguided FLUX.1-dev [22],
PLADIS [19], CFG, and CFG+SAND on text-to-image generation.

5.4 Generalization to Other Models

In this section, we evaluate the generalizability of SAND on the image generation
model FLUX and the video generation model Wan2.2. Detailed implementations
and experiment settings are provided in Section B of the supplementary material.
FLUX with CFG Distillation. We further extend SAND to a CFG-distilled
FLUX model using a one-forward inference scheme. Instead of performing two
separate forward passes, we compute the original and degraded attention outputs
within the selected MMDiT blocks and add their weighted difference to the
original attention output. As shown in Table 8, SAND improves several metrics
when applied to both vanilla and CFG-distilled FLUX, with a particularly large
gain in ImageReward. It also outperforms PLADIS [19] on several metrics, such
as PickScore, HPSv2, and ImageReward. This is consistent with the qualitative
results in Figure 4, where SAND produces images with better prompt alignment
and visual coherence.
Text-to-Video Model. To further verify the extensibility of SAND beyond im-
age generation, we apply it to the Wan2.2 text-to-video model. We compare the
vanilla Wan2.2 model with its SAND-guided variant using six VBench quality
metrics [15]: subject consistency, background consistency, motion smoothness,
dynamic degree, aesthetic quality, and imaging quality. As shown in Table 9,
SAND consistently improves all six metrics over the vanilla model, demonstrat-
ing that the proposed guidance is also effective for video generation. The qual-
itative comparisons in Fig. 5 further show that SAND produces videos with
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Table 9: Quantitative comparisons on Wan2.2 [37]. The best results are shown in
bold.

Method Subj.Cons. ↑ BG Cons. ↑ Mot. Smooth. ↑ Dyn. Deg. ↑ Aes. Qual. ↑ Img. Qual. ↑

Vanilla 0.9216 0.9453 0.9912 0.64 0.4530 0.5975
SAND 0.9236 0.9478 0.9913 0.67 0.4713 0.6134

V
an

il
la

SA
N

D

t = 1 t = 2 t = 3 t = 4 t = 5

Fig. 5: Qualitative comparison between Vanilla Wan2.2 and SAND. Each column
shows frames extracted at different timestamps. The text prompt is "A cat is hid-
ing under the table, then it suddenly jumps out and starts scratching the furniture."

more coherent subjects, stable backgrounds, and improved visual quality. These
results confirm the general applicability of SAND to text-to-video models.

6 Conclusion

We presented a principled training-free guidance framework that revisits dif-
fusion sampling through a stage-aware lens. By recognizing that early and late
timesteps fulfill fundamentally different semantic functions, we decomposed Gaus-
sian noise into magnitude- and direction-oriented components and introduced a
time-adaptive weighting schedule that aligns these perturbations with the dif-
fusion dynamics. Injecting the decomposed noise directly into the self-attention
projections yields a dynamically weakened branch that requires no retraining
yet faithfully tracks the geometric evolution of the sample. Extensive experi-
ments on both unconditional and conditional settings demonstrate consistent
improvements in global coherence, fine-grained detail, and overall sample qual-
ity over existing training-free guidance techniques. Beyond its practical effec-
tiveness, our work highlights the value of temporally structured perturbations
in diffusion models and opens up new opportunities for stage-aware guidance,
representation-level regularization, and geometry-informed generative modeling.
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