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Figure 1: Gallery of SEGA. SEGA unlocks the high-resolution generation capabilities of pre-trained
T2I models (Flux [1] and Qwen [2]), producing high-quality images. Best viewed zoomed in.

Abstract

Diffusion transformers (DiTs) have emerged as a dominant architecture for text-
to-image generation, yet their performance drops when generating at resolutions
beyond their training range. Existing training-free approaches mitigate this by
modifying inference-time attention behavior, often through Rotary Position Em-
beddings (RoPE) extrapolation combined with attention scaling. However, these
strategies apply a uniform and content-agnostic scaling across RoOPE components
with distinct frequency characteristics, inducing a trade-off between preserving
global structure and recovering fine detail. We introduce SEGA, a training-free
method that dynamically scales attention across RoPE components according to
the latent’s spatial-frequency structure at each denoising step. This adaptive scaling
improves both structural coherence and fine-detail fidelity. Experiments show
that SEGA consistently improves high-resolution synthesis across multiple target
resolutions, outperforming state-of-the-art training-free baselines.

Preprint.
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1 Introduction

Diffusion transformers (DiTs) [3, 4] have become the dominant approach to text-to-image (T2I)
generation, producing images with a level of quality that would have been hard to imagine just a few
years ago. Despite considerable improvements, existing T2I models remain largely constrained by
the resolution ranges used during training, typically between 10242 and 20482 resolutions, limiting
their practical applicability [5, 6, 7]. Consequently, extrapolating beyond this training resolution
at inference time often leads to notable quality degradation and even structural breakdown. A
straightforward solution is to train or fine-tune models at the target resolution [8, 9]. However, such
approaches are practically limited by the scarcity of high-resolution data, the quadratic cost of longer
token sequences, and the need for model-specific fine-tuning. These bottlenecks have motivated
growing interest in training-free high-resolution synthesis from pre-trained models [10, 11, 12, 13].

Existing training-free methods for high-resolution image generation generally fall into two categories:
(1) direct inference [14, 15, 16, 17] and (ii) multi-stage guidance-based approaches [18, 19, 20, 5, 6].
Direct inference methods attempt to extend pretrained models to higher resolutions by modifying
the denoising process or adjusting components such as positional encoding and attention without
additional training. In contrast, multi-stage approaches first generate a base-resolution image and then
use it to guide high-resolution synthesis. Although often effective, these methods introduce additional
complexity and depend heavily on the quality of the low-resolution prediction. More importantly,
they fundamentally cast high-resolution generation as a super-resolution problem, relying on external
guidance rather than improving the model’s intrinsic ability to extrapolate to higher resolutions.

In this work, we focus on direct-inference methods for resolution extrapolation in DiTs and address a
fundamental failure mode related to positional encoding. When extrapolating pre-trained DiTs to
high-resolution synthesis, the relative positional offsets in Rotary Position Embeddings (RoPE) [21]
deviate significantly from those observed at training time, causing the attention weights to become
overly diluted across the expanded token grid. This weakens spatial discrimination in attention and
leads to degraded outputs such as blurred textures, repetitive patterns, and structural breakdowns. To
counter this, previous approaches, adapted from long-context language modeling, combine RoPE
extrapolation with a uniform attention scaling to restore spatial focus [22]. Specifically, they scale the
resulting attention values uniformly across the positional encoding components. While this uniform
attention scaling improves image quality, it applies the same adjustment across RoPE components
with different frequency characteristics, treating short-wavelength components that govern fine-
grained texture identically to long-wavelength components that shape global structure. As illustrated
in Figure 2, static scaling induces an inherent trade-off, yielding different failure modes across global
structure and fine-grained detail. The problem is further compounded by two distinct variations in the
latent’s spectral characteristics. First, the spectral distribution evolves throughout denoising, with the
relative contributions of low- and high-frequency bands shifting noticeably as the image resolves from
noise to a structured form. Second, the spectral distribution differs across images, depending on their
content and structural complexity (e.g., a foggy lake versus a bustling outdoor market). Consequently,
a static, uniform scaling at inference time cannot accommodate these variations.

Building on this view, we introduce SEGA (Spectral-Energy Guided Attention), a training-free,
content-aware method that dynamically adapts attention scaling to the latent’s spectral structure by
deriving per-component scaling magnitudes at each denoising step. Our method is motivated by a
simple but consequential observation: RoPE components are coupled to spatial frequencies, as shown
in Figure 2. SEGA uses the energy in each corresponding spatial frequency band to determine the
scaling applied to each RoPE component: those associated with low-energy bands receive stronger
scaling to preserve positional discrimination at those frequencies, whereas components associated
with high-energy bands receive weaker scaling to avoid over-amplifying already prominent features.
A scalar then controls how strongly this scaling is applied, based on the spectrum’s entropy. The
result is an attention scaling that adapts to both the content of the current latent and its evolution
across denoising steps, resolving the trade-off induced by fixed global scaling.

Extensive experiments show that SEGA consistently improves structural coherence and fine-detail
fidelity and achieves superior performance across baselines and resolution settings, including ultra-
high resolutions exceeding 36 million pixels. SEGA introduces no learnable parameters, requires
no fine-tuning or architectural changes, and integrates directly into standard RoPE-based pipelines,
making it a minimal yet effective solution for stable high-resolution synthesis across a wide range of
extrapolated resolutions, as shown in Figure 1.
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Figure 2: Trade-offs in attention scaling at 40962. RoPE components are coupled to spatial
frequencies: low-frequency components support coarse detail and structure, whereas high-frequency
components support fine detail and texture. Static scaling fails to balance this trade-off, leading
to different failure modes in (a)—(c). SEGA (d) resolves them by dynamically allocating scaling
according to spectral energy. Green and red boxes indicate successful and failed regions, respectively.

2 Related Work

2.1 High-Resolution Image Synthesis

Preserving both global structure and fine-grained detail remains an open challenge in high-resolution
generation. Training-based approaches address this through progressive upsampling [23, 24, 25, 26],
latent-space super-resolution [27], or explicit retraining on high-resolution data or model-specific fine-
tuning like Diffusion-4K [20]. By contrast, training-free methods [19, 28, 29, 30] adapt pretrained
models at inference time. In U-Net architectures, methods such as DemoFusion [10], FreeScale [18],
and FreCaS [19] improve high-resolution generation through patch stitching, multi-scale fusion,
or cascaded sampling, but often introduce additional inference complexity. In DiTs, training-free
extrapolation has largely relied on more complex strategies, often involving two-stage pipelines in
which a base-resolution trajectory guides high-resolution sampling, as in I-Max [6], HiFlow [5], and
ScaleDiff [31]. While effective, these methods depend on multi-stage guidance and often introduce
additional complexity into the denoising process.

2.2 RoPE-based Length Extrapolation

The challenge of high-resolution generation in DiTs closely mirrors long-context extrapolation in large
language models (LLMs) [32, 33], largely driven by advances in RoPE [21]. Standard training-free
methods [34, 35, 22] formulate extrapolation as recalibration of RoPE’s rotary frequencies. Position
Interpolation [34] compresses position indices to fit longer sequences within the training range,
limiting phase drift. NTK [35] adjusts the RoPE base frequency to redistribute positional variation
more evenly across dimensions, thereby improving extrapolation to longer sequences. YaRN [22]
builds on both by applying frequency-band-specific interpolation strategies and introducing an
additional uniform attention scaling. Recent works adapt these principles to visual domains [36, 37].
DyPE [15] introduces step-wise, time-aware positional adjustments across the diffusion timesteps.
Ultralmage [14] alleviates repetitive artifacts by shifting the dominant frequency to align with the
training resolution and employing entropy-guided attention concentration. However, these approaches
largely rely on predefined heuristics or target-resolution alignments. In contrast, our method directly
analyzes the spectral energy of the intermediate latent to dynamically adjust attention scaling. By
amplifying high-energy bands and suppressing low-energy ones, it preserves fine-grained detail
without compromising structural fidelity. See Appendix A for more detailed related work.

3 Preliminaries

Rotary Position Embedding (RoPE) Positional embeddings provide spatial priors for transformer
architectures, which form the core of DiT models. They encode coordinate information into feature
representations, addressing the models’ inherent permutation equivariance. Among various designs,
ROPE [21] is a widely used scheme that encodes relative positions through rotation in the embedding
space, and it has been adopted in recent T2I models such as Flux [1] and Qwen [2].



ROoPE encodes a position n by applying a series of 2D rotations to paired dimensions, each at a
distinct angular frequency determined by the embedding dimension index. Given a vector x € R” at
position n, RoPE partitions x into D /2 two-dimensional subspaces and rotates the d-th subspace as

o ~ |cos(nfy) —sin(nby) x
P (x,n,d) = Sin(ne;i) cos(nGLil)} {372511] ’ M

where 8 € RP/2 with 3 = b=2%/P ford =0,...,D/2 — 1and b = 10,000. In practice, RoPE is
applied to the query and key vectors before the dot product operation in the attention mechanism.
Additionally, it can be shown that the dot product of two RoPE-embedded vectors depends only on
their relative distance, so attention naturally encodes relative positional information. For 2D images,
RoPE is typically applied axially: half of the hidden dimensions encode horizontal positions and the
other half encode vertical positions, enabling independent offsets along each axis [38].

3.1 Length Extrapolation Techniques and Attention Scaling

Although RoPE provides an effective positional bias within the training, models that rely on it
often degrade at unseen resolutions, where attention must operate on out-of-distribution positional
offsets. Several methods have been proposed to adapt RoPE to longer sequences at inference time,
given an extrapolation ratio s = (Lrget/Lirain), Where s > 1. Position Interpolation (PI) [34]
linearly compresses position indices via n +— n/s for position n, which uniformly transforms
all RoPE components to 6,/s so extrapolated positions remain within the training range. NTK-
aware [35] instead adjusts b to b’ = b - sP/(P=2)_which stretches the angular frequency of each
rotary dimension 4. YaRN [22] unifies these ideas by partitioning rotary dimensions and applying
a gradual interpolation-extrapolation strategy, a.k.a. NTK-by-parts [22]. Specifically, it smoothly
interpolates the modified frequencies as 6/, = (1 — A\g)% + X460, using a ramp function A4 € [0, 1].

Another key component of YaRN is attention scaling, applied to the logits before the softmax.
Notably, this effect can be implemented through RoPE by scaling the query and key vectors after
rotation, thereby changing the effective attention behavior without altering the attention mechanism
itself [22]. YaRN proposes a constant logit scaling factor 7(s) to compensate for the change in
attention behavior under extrapolation, modifying attention as

QK'

e
where Q, K, and V represent the query, key, and value matrices, respectively; dj denotes the
dimensionality of the queries and keys. The scaling factor 7(s) was determined empirically for length
extrapolation in language models by minimizing perplexity [22]. The same heuristic has since been
adopted in image generation [16]. However, this scaling remains uniform across all RoPE frequencies.
Since different ROPE dimensions exhibit distinct characteristics and contribute unevenly to spatial

structure, a constant scaling factor is suboptimal; it may over-sharpen some spatial-frequency bands
while over-smoothing others, motivating a dynamic scaling strategy.

Attn(Q, K, V) = softmax (T(s) > V, 7(s) =0.11n(s) + 1 )

4 Method

Spectral-Energy Guided Attention (SEGA) introduces content-aware dynamic scaling into DiTs by
coupling lightweight spectral analysis with RoOPE components. Our key insight is that RoPE scaling
for high-resolution extrapolation should be content-aware rather than fixed and uniform. SEGA
achieves this by deriving per-dimension scaling from the latent’s spectral structure at each denoising
step.

Formulation Overview. SEGA applies attention scaling through RoPE using a dimension-wise
scaling term my . Specifically, for a token at position n along axis a, we define

A (x,n,d) = mY - FRPE(x 0 d),  mlY = mes - MY(Z), 3)

where my, is a scalar determined by the target resolution. Here, Mfia) (Z) is our novel dynamic

modulator derived from the spectral structure of the current intermediate latent Z. It consists of two

complementary components: sfia) (Z), a per-dimension correction that determines the distribution

of scaling across RoPE dimensions, and o(Z), a global amplitude factor that sets the strength of
that adjustment. The remainder of this section describes how spectral structure is extracted from Z

(Section 4.1) and converted into s((;) and o to assemble the final formula (Section 4.2).



4.1 Spectral Analysis of the Latent

The first stage of SEGA transforms the current latent from the spatial domain to the frequency domain
to characterize the spatial frequency content. Given the latent hidden states Z € RV*¢ with N =
H - W tokens,' we reshape them back to their native 2D layout, average across channels, and subtract
the average value across the spatial dimensions to obtain a zero-centered 2D map M e RZ*W that

summarizes the spatial structure of the latent. From M we extract two complementary spectral views
from a single 2D Fast Fourier Transform Fop:

* Axis-wise profiles. For each axis a € {H,W} with length L,, we marginalize the 2D
~ 2
power spectrum ‘FQD [M]‘ over the orthogonal frequency axis to obtain a 1D profile

£, € RLE«/2] Each profile maps spectral energy to spatial frequencies along its axis.

+ Radial profile. We obtain &, by averaging the same 2D power spectrum within concentric
rings. This profile discards directional information and instead provides a rotation-invariant
summary of how energy is distributed across spatial scales.

These profiles then determine the scaling of each RoPE dimension. Because RoPE is applied
separately along the height and width axes, the axis-wise profiles capture directional differences in
spectral energy and allow the corresponding RoPE dimensions to be scaled independently, while the
radial profile determines the strength of this scaling, as described in the next section.

4.2 From Spectrum to Per-Dimension RoPE Scaling

The second stage converts the spectral profiles into the modulator M(Z), which defines the per-
dimension scaling applied to the rotary embeddings. This formulation consists of three components:
a reference scale that anchors the scaling, a per-dimension term that scales individual dimensions,
and a global gate that controls the strength of that scaling.

Reference scale. The reference scale my is a scalar determined solely by the ratio between the
target and training resolutions. Assuming Ryrget/ Rirain > 1, We adopt a power-law form,

Rtarget ) "
Meet = | 5 ) (4)
! ( Rtrain

where k£ > 0 is a small exponent chosen empirically. See Appendix H for alternative formulations.

Per-dimension correction. Each RoPE dimension governs the attention mechanism’s sensitivity at
a specific spatial wavelength, modifying the scaling at dimension d directly alters how sharply the
model can discriminate positional offsets at that wavelength, and therefore affects the corresponding
spatial frequency. This coupling motivates a per-dimension correction tied to the latent’s actual
spectral content. For each RoPE dimension d on axis a, we use its wavelength T; = 27 /6, to identify

the corresponding band in &,, retrieve the log-energy Ea(la), and standardize it across dimensions as

zc(la) = (Ec(la) — 1)) /(@) where ;(*) and v(*) denote the mean and standard deviation of £(). To

enforce a strict zero-sum redistribution, the final correction is defined as s((f) = ¢(z((1a)) —E[p(2@))],

where ¢(-) is a non-linearity, for which we use tanh. By construction, s&a) < 0 when dimension d

falls in a band with below-average energy and sgla)

energy, while the zero-mean property >, s((ia) = ( ensures that the correction adjusts the scaling
across dimensions without shifting its overall average.

> 0 when it falls in a band with above-average

Global amplitude factor. To regulate the magnitude of the scaling introduced by the axis profiles,
SEGA reduces the radial profile &, to a single scalar statistic that captures whether the latent’s
spectral energy is concentrated in a few dominant bands or spread evenly across all bands. For this
purpose we adopt the spectral flatness, also known as the Wiener entropy, defined as the ratio of the

!For notational simplicity, we omit the batch dimension B in our formulation, as all operations are applied independently
across the batch.
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Figure 3: SEGA scaling maps at 40962. For two representative prompts, the scaling maps show
how the horizontal-axis scaling magnitudes m  change across RoPE dimensions over denoising time.

geometric mean to the arithmetic mean of a power spectrum. Applied to &, this yields

(iso) _
exp (# Z:B '1n Eiso [b])
SF (o) = e € (0,1], 5)
i Qb Cisolt]

bins

where nt(,llfg) is the number of radial bins used to compute &;s,. We then remap the spectral flatness

through a simple nonlinearity to produce a scalar amplitude factor:
o=1-SF(&)" €10,1], 6)

where v > 1 controls how quickly o rises as the spectrum departs from flatness. Without clear
spectral structure, 0 — 0 and SEGA suppresses its scaling; as structural content resolves, ¢ — 1 and
the correction applies at full strength.

Final scaling formula. Combining the three components, we define the modulator and the resulting

per-dimension scaling m{(f) along each spatial axis a € {H, W} as

M Z)=1-0-5%,  ml = me- MP(2). )

Intuitively, my.r sets the shared magnitude across RoPE dimensions, s&“) determines which dimen-
sions are scaled above or below that reference, and o controls the strength of this redistribution. In
this way, SEGA adapts continuously to the latent’s spectral content at each denoising step, sharpening
attention at under-resolved frequencies and softening it at over-emphasized ones.

S Analysis of Spectral-Energy Guided Attention

To better understand how SEGA and spectral guidance influence denoising, we analyzed scaling
behavior and the attention focus during the denoising process. As shown in Figure 3, we visualized
the resulting scaling map, a temporal representation of how the attention scaling factors my are
distributed throughout the denoising process. When comparing the scaling maps produced for two
distinct prompts, as shown, the difference is apparent. The method yields a customized scaling map
for each image, effectively acting as a unique spectral fingerprint. This occurs because SEGA is
content-aware, dynamically adapting scaling to the latent’s spatial frequencies. In early steps where
the latent is dominated by noise and the spectrum is relatively flat, the scaling remains near the
reference scale mr. However, as distinct structural energy emerges in later steps, SEGA selectively



"A mysterious woman stands confidently in elaborate, dark armor adorned with intricate designs, holding a staff, against a backdrop of smoke and an ominous red sky, with shadowy, gothic..."

Step 3 Step 14 ’ Step 25 Final

YaRN

SEGA

Figure 4: Impact on Attention Evolution. Visual comparison of attention maps for the center latent
token in YaRN and SEGA across multiple denoising steps, evaluated on Flux at 40962.
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Figure 5: Qualitative comparison. Results on two representative prompts for Qwen and Flux at
40962 resolution show that SEGA improves structural coherence and fine detail over other methods.

redistributes scaling across RoPE dimension d to sharpen focus at under-resolved spatial frequency
bands while softening it at over-emphasized ones.

This content-aware spectral redistribution directly impacts the attention mechanism’s stability. As
visualized in Figure 4, YaRN [22], which uses fixed, uniform scaling, suffers from attention dilution,
where the model loses the ability to discriminate between positional offsets. SEGA mitigates this
failure mode by shaping the attention grid much earlier in the denoising process. By dynamically
modulating the magnitude of rotary embeddings, our method preserves semantic locality and entity
consistency that uniform scaling methods fail to maintain.

6 Experiments

Experimental Settings. We evaluated our proposed method, SEGA on both Flux [1] and Qwen [2].
Throughout the paper, we use NTK [35] as the default length extrapolation method for SEGA, unless
explicitly stated otherwise. Across all experiments, we set y to 1.5 and « to 0.08.



Table 1: Comparison of SEGA against state-of-the-art baselines on Flux across four high-resolution
settings on Aesthetic-4K [20]. Best and second-best results are shown in bold and underlined.

Method | 2048 x 4096 | 4096 x 2048

| IRt PST CSTt MSQT FID| FID,|| IRt PST CSt MSQt FID| FID,|
Base | 0.39 21.64 27.32 5296 158.86 67.31 | -0.74 20.61 2699 5092 173.18 70.65
HiFlow 1.14 22.61 27.72 4430 15224 69.23 | 0.89 22.31 28.00 4345 169.60 69.35
I-Max 1.11 2271 27.60 3258 157.82 68.21 | 0.87 22.54 2830 38.71 162.30 66.92
ScaleDiff 1.17 22.84 29.03 55.84 157.62 72.21 | 0.97 2251 2858 56.85 162.38 77.65
PI -0.83 19.77 22.87 38.73 235.83 182.50|-1.10 19.50 23.05 37.48 225.65 179.96
NTK 0.80 21.96 27.75 4832 15721 66.86 | 0.54 22.01 2793 4890 156.22 61.84
YaRN 0.97 22.63 2848 5230 156.97 83.35 | 0.30 21.82 2799 52.10 15444 7642
DyPE 1.10 22.90 28.87 53.35 159.81 85.12 | 0.53 22.15 28.26 52.85 15849 85.39
Ultralmage | 0.82 22.41 28.57 5540 15733 59.19 | 0.60 2199 28.84 55.13 15797 63.11
SEGA | 1.21 2291 29.18 53.65 15193 64.54 | 0.86 22.58 28.99 53.30 153.10 55.85
Method | 3072 x 3072 | 4096 x 4096

| IRt PST CST MSQt FID| FID,|| IRt PSt CSt MSQt FID| FID,|
Base | 0.49 23.00 28.18 4993 162.25 68.63 |-O.72 20.31 25.34 26.52 183.33 12193
HiFlow 1.26 23.22 28.48 4345 15432 64.72 | 1.26 23.17 2840 33.37 15556 60.70
I-Max 1.28 23.15 28.42 3523 151.98 64.56 | 1.26 23.10 2845 2636 151.74 64.06
ScaleDiff 1.30 23.22 28.73 53.58 153.73 7292 | 1.23 23.16 28.64 44.51 153.05 76.14
PI 0.19 21.03 25.64 48.61 200.04 155.60|-0.28 20.54 24.16 29.09 208.48 202.01
NTK 0.90 2247 2827 3599 156.10 63.25 |-0.29 20.82 2552 23.85 18229 138.61
YaRN 1.11 22.89 29.10 5049 157.04 84.31 | 0.88 2221 2830 42.87 160.48 98.52
DyPE 1.21 23.15 29.17 51.71 15691 8245 | 1.01 2256 28.79 4323 15621 97.88
Ultralmage | 1.17 22.65 2930 53.56 15592 61.61 | 0.61 21.74 28.16 43.61 167.04 63.91
SEGA | 1.30 23.26 29.30 5297 151.08 43.86 | 1.26 23.18 29.22 4573 150.05 51.28
Baselines. We evaluated SEGA across both the Flux [1] and Qwen [2] architectures. We compared

our method against two primary categories: direct inference techniques (NTK [35], YaRN [22],
DyPE [15], and Ultralmage [14]), multi-stage guidance approaches (HiFlow [5], I-Max [6], and
ScaleDiff [31]). Note that the multi-stage guidance methods are exclusively evaluated on Flux to
align with their official implementations. See Appendix F for additional methods.

Evaluation. We used prompts and reference images from the Aesthetic-4K [20] dataset. We
also curated a “Zero-Shot” benchmark comprising detailed prompts generated by an LLM, with
results provided in the Table 5. Quantitative experiments are conducted across four high-resolution
configurations: 2048 x 4096, 4096 x 2048, 30722, and 40962. We evaluate image quality using
FID [39] and the reference-free metrics MUSIQ (MSQ) [40], and CLIP-IQA (CQA) [41]. Semantic
alignment is measured by CLIP Score (CS) [42, 43], while joint alignment and human-preferred
visual quality are assessed using ImageReward (IR) [44], PickScore (PS) [45], and HPSv2 [46].

6.1 Comparison to State-of-the-Art Methods

Qualitative comparison. When extrapolated to high resolutions, current direct-inference methods
(e.g., YaRN [22], DyPE [15], and Ultralmage [14]) often suffer from severe structural degradation,
visual artifacts, and semantic omissions. As shown in Figure 5, SEGA better preserves global
structural coherence, fine-grained semantic fidelity, and overall visual quality across both the Flux
and Qwen architectures, even for complex prompts.

Quantitative comparison. As shown in Table 1 and Table 2, SEGA establishes a new state-of-
the-art for high-resolution image generation across both the Flux and Qwen architectures. On the
Flux model, SEGA consistently achieves the highest semantic alignment and image quality across
different settings. The evaluation on the Qwen model further validates these findings. Notably, at the



Table 2: Quantitative comparison on Qwen across all four resolutions on Aesthetic-4K [20].

Resolution Method IRt  PST HPST CST MSQF CQAT FID, FID,|
Base 060 2177 025 2817 4505 064 15653  60.33
DyPE 107 2220 027 2860 4744 065 15786 7597
2048 X 4096 Gialmage 090 2161 024 2866 4721 063 15897 4177
SEGA 150 2363 030 2975 5052 072 14949 5307
Base 040 2084 023 2770 4293 063 19189 7043
DyPE 044 2139 026 2873 4806 065 15938  81.79
4096 X 2048 iiaimage 046  21.04 023 2821 4611 063 16406  40.16
SEGA 127 2309 029 2994 5123 074 14751 5110
Base 037 2317 025 2803 4307 065 16239 5861
DyPE L13 2238 028 2903 47.12 070 15171 6644
3072 X 3072 Giralmage 104 2208 026 2900 47.92 066 15350 3580
SEGA 149 2367 032 2997 4795 072 15031 4622
Base 2010 2095 021 2782 2848 054 17400 7125
DyPE 097 2204 027 2908 3739 063 15978  66.00
4096 X 4096 iiimage 081 2153 027 2855 3474 059 16704 6590
SEGA 151 2384 033 30.2 4503 074 14826  65.72

Table 3: Ablation study on Flux at 4096 x4096 resolution on Aesthetic-4K. [20]

Method | IRt  PST  HPST  CST  MSQt CQAT  FIDJ
NTK +Fixed Scaling | 0.66 2210 0270 2838 422l 0.690  162.92
SEGA W/ Axis-only 115 23.05 0290 28.86  44.08 0.701 152.98
SEGA W/ Global-only | 1.13  22.89 0286 2881 4355 0.671 153.58
YaRN + SEGA 094 2221 0280 2823 4436 0707 159.80
DyPE + SEGA 118 2278 0287  28.84  45.18 0720 15451
SEGA | 126 2235 0291 2922 4572 0725  150.05

40962 resolution, SEGA outperforms all baseline models across every evaluated metric, setting a new
benchmark for high-resolution generation.

Beyond overall image quality, SEGA exhibits robustness and consistency across a diverse range
of high resolutions, including non-square aspect ratios. While other models experience significant
performance drops as the resolution increases, SEGA maintains highly stable results. This shows that
SEGA extends generation capabilities far beyond the training resolutions of the base models.

6.2 Ablation Study

To validate our design choices, we conduct a comprehensive ablation study on the Flux architecture
at the 40962 resolution, as detailed in Table 3. First, we evaluate the core necessity of dynamic
spectral guidance by comparing SEGA against the same baseline using NTK [35] but with fixed
scaling. SEGA yields substantial improvements across all metrics, confirming that fixed scaling fails
to maintain structural integrity at extreme resolutions. Next, we ablate the design of our guidance
mechanism by restricting SEGA to either Axis-only or Global-only scaling. While applying either
axis-specific scaling or global scaling independently provides substantial improvements over the
baseline, both fall short of the complete method. Finally, we ablate our default choice of NTK [35] as
the base length extrapolation method by substituting it with YaRN [22] and DyPE [15].

7 Conclusion

We presented SEGA, a training-free method for high-resolution extrapolation in DiTs that adapts
RoPE components scaling to the spectral structure of the current latent. By making attention scaling
frequency-aware across RoPE components, SEGA addresses a key limitation of existing uniform
scaling strategies, which often trade off global coherence against fine-detail fidelity. This simple
modification requires no retraining or architectural changes, yet consistently improves structure,
semantics, and visual quality across resolutions and model architectures. More broadly, frequency-
aware attention scaling may also benefit video and other modalities where resolution extrapolation
remains challenging. We hope the spectral perspective guidance introduced here motivates further
research on modifying attention behavior, particularly for resolution extrapolation, to better unlock
the capacity of pretrained generative models.
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Appendix

A Detailed Related Work and Preliminaries

A.1 High-Resolution Image Synthesis

Training-Based Approaches An orthogonal line of work addresses high-resolution synthesis
through fine-tuning on curated high-resolution data. Diffusion-4K [20] fine-tunes latent diffusion
models on a dedicated 4K dataset using wavelet-based supervision to reinforce high-frequency fidelity,
achieving strong perceptual quality at the cost of retraining and reduced architectural generalizability.
Latent Wavelet Diffusion (LWD) [7] takes a lighter approach, introducing frequency-aware training
objectives, including a scale-consistent VAE loss and spatially adaptive denoising supervision guided
by wavelet energy maps. While these methods highlight the value of frequency-domain supervision
during training, they remain tied to the fine-tuning regime and do not generalize to arbitrary unseen
models or resolutions at inference time.

Training-Free Methods: U-Net Architectures Training-free high-resolution generation has been
studied extensively in U-Net-based latent diffusion models. DemoFusion [10] extends pretrained
models beyond their native resolution using progressive upscaling, skip residuals, and dilated sam-
pling. FreeScale [18] introduces scale fusion with selective frequency extraction, FreCaS [19] uses
frequency-aware cascaded sampling, ScaleCrafter [11] exploits dilated convolutions at inference,
DiffuseHigh [13] incorporates wavelet-domain guidance, and FouriScale [30] applies Fourier-domain
frequency rescaling to suppress repetitive patterns. These methods show that high-resolution gen-
eration can be improved at inference time, but their mechanisms are closely tied to U-Net-style
pipelines with convolutional feature maps, decoder stages, and skip connections. SEGA instead
targets RoPE-based diffusion transformers, where resolution extrapolation is governed by attention
over expanded latent token grids rather than explicit multi-scale feature hierarchies.

Training-Free Methods: Diffusion Transformers Training-free methods for DiT-based high-
resolution generation generally fall into two categories: direct inference and multi-stage guidance
approaches. Multi-stage methods condition high-resolution sampling on guidance extracted from a
base-resolution generation. I-Max [6] uses projected flows derived from native-resolution generation
to stabilize coarse structure formation. HiFlow [5] extends this idea by constructing a virtual reference
flow from the full low-resolution trajectory, providing initialization, direction, and acceleration
guidance. ScaleDiff [31] follows a similar cascade paradigm, combining upsample—diffuse—denoise
refinement with patch-level attention and latent frequency mixing. While these methods provide
strong structural priors, they also tie output quality to the fidelity of the base-resolution generation.

A.2 RoPE-Based Length Extrapolation Methods

RoPE-based extrapolation is the line of work most closely related to SEGA. As reviewed in Section 3,
existing methods modify the RoPE schedule 64, the attention scaling, or both. Below, we summarize
how these strategies extend to the 2D spatial setting of image generation.

Two-Dimensional Extrapolation Structure. For image generation, RoPE is applied axially [38],
with separate rotary schedules for the height and width components of each token. Let sy =

ngé;ct / ngi)n and sy = nggct / ngi)n denote the per-axis extrapolation ratios.

A.2.1 Position Interpolation (PI)

Position Interpolation [34] rescales positions linearly along each axis, n(* s n(®) /s, for a €
{H, W}, which is equivalent to uniformly contracting all RoPE frequencies to 64/s,. This maps
extrapolated positions back into the training range and reduces phase drift at long positions. However,
because the same compression is applied to all dimensions, PI treats coarse long-wavelength structure
and fine short-wavelength detail identically, which can weaken high-frequency positional sensitivity
at large resolutions.
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A22 NTK

NTK [35] instead modifies the RoPE base along each axis. The original 1D rule uses
b/ =p. 85/(D_2), 9(/1 — (b/)—Q(d—l)/D. (8)

In our experiments, this correction is too weak for 2D image extrapolation, where at high resolution,
the rescaled frequencies fail to provide adequate positional discrimination in attention, leading to
blurred or repetitive outputs. We therefore use a stronger variant,

Y =b.s2P/(P=2) 9)

which better preserves positional contrast across the expanded 2D token grid. Unlike PI, NTK is
dimension-dependent, but it remains a fixed function of s, and d: it does not adapt to the latent
content, the sample, or the denoising state.

A.23 YaRN

YaRN [22] refines NTK by partitioning RoPE dimensions into frequency bands and applying tailored
strategies to each. Its frequency interpolation uses a smooth ramp function Ay € [0, 1] to blend
between PI-style interpolation and unmodified extrapolation:

0
By = (1= Aa) =+ Aaba, (10)

where A\q = A(ry) is determined by the normalized wavelength ratio rq = T4/ Lyain, wWith Ty =
27 /04 the wavelength of the d-th RoPE dimension:

0, ifr<a
, otherwise.
b —a«

Although YaRN’s mixed interpolation-extrapolation strategy is highly effective in the 1D setting
of LLMs, we find that it does not transfer well to 2D image generation. In our experiments,
YaRN frequently produces spatial structure collapse and layout confusion like objects appear in
inconsistent locations, global composition breaks down, and semantically distinct regions blend
together. We attribute this to YaRN’s dimension-selective frequency blending: in a 1D sequence,
partially interpolating high-frequency dimensions while extrapolating low-frequency ones is well-
motivated by the monotonic positional structure of text. In 2D images, however, spatial structure is
encoded jointly across both axes and across multiple frequency bands simultaneously, and selectively
suppressing certain frequency dimensions disrupts the 2D positional geometry in ways that do not
arise in the 1D case. In contrast, NTK, which rescales all dimensions consistently via the base
frequency, better preserves both coarse layout and high-level spatial structure in our experiments,
making it a more reliable foundation for 2D extrapolation.

YaRN further introduces a global attention temperature correction. As discussed in Section 3.1, this
is written as a logit-level factor:

7(s) = (0.1In(s) + 1), (12)
which sharpens attention distributions at extended lengths to counteract the entropy collapse that
arises when positional offsets grow beyond the training range.

A.24 DyPE

DyPE [15] makes RoPE extrapolation timestep-adaptive. Motivated by the coarse-to-fine progression
of diffusion sampling, it replaces the fixed extrapolation ratio s with a timestep-dependent schedule
s(t) and applies it to standard RoPE corrections. For example, a Dy-NTK variant uses

V(t)=0b-s(t)P/ P2 @) = b (t)"AHD/DP, (13)

DyPE is more adaptive than PI, NTK, and YaRN; however, its adaptation is still driven by a predefined
timestep schedule rather than by the observed latent of the current sample. SEGA is complementary,
it also evolves during denoising, but derives its modulation directly from the current latent’s spectral
structure.
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"Majestic mountains bathed in pink and purple hues under a starry night sky, with a glowing tower overlooking a serene waterfall and tranquil blue pool, surrounded by dark trees and rocky terrain.”
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Figure 6: Content-Aware Spectral Evolution. The 2D power spectrum of the intermediate latents
across the denoising process for two distinct prompts. The spectral energy distribution varies depend-
ing on the image content, demonstrating the necessity of a content-aware approach. Furthermore,
the shifting concentration of energy, particularly in low-frequency bands where static over-scaling
introduces structural artifacts (as observed in Figure 2), justifies the latent’s spectral power as a
dynamic guidance signal to adaptively allocate scaling, evaluated on Flux at 40962,

A.2.5 Ultralmage

Ultralmage [14] addresses two failure modes in DiT resolution extrapolation: content repetition and
quality degradation. For repetition, it identifies a dominant frequency, a mid-band RoPE dimension
whose spatial period T,; = 2 /6 aligns with the training resolution, and applies a recursive correction
that reduces this frequency until its period exceeds the extrapolated extent, eliminating periodic
tiling artifacts. For quality degradation, it proposes entropy-guided adaptive attention concentration:
attention entropy H; = — > j A;jlog A;; is computed per head and used to assign a focus factor that
sharpens diffuse local attention while preserving globally concentrated patterns.

Ultralmage is closely related to SEGA, as both are motivated by the view that RoPE behavior and
attention degradation are central to high-resolution extrapolation in diffusion transformers. However,
the two methods differ fundamentally in both diagnosis and mechanism. Ultralmage identifies a
discrete set of dominant RoPE frequencies whose spatial periods align with the training resolution
and corrects them individually via a recursive procedure. Its attention correction is similarly discrete;
an entropy score is computed per attention head and used to assign a scalar focus factor, sharpening
heads that have become overly diffuse. Both corrections are therefore sparse and binary in nature.
In contrast, SEGA analyzes the full spectral energy distribution of the current latent and uses it to
derive a continuous, per-dimension scaling pattern that varies across all RoPE dimensions and both
image axes. This means that every RoPE dimension receives a scaling that reflects how much spatial
variation the latent currently exhibits at the corresponding frequency band, not just whether that
dimension happens to coincide with a dominant period.

B Additional Analysis of Spectral-Energy Guided Attention

B.1 Content-Dependent Spectral Structure of Latent Representations

A central premise of SEGA is that the spectral energy distribution of the latent Z is not fixed. it varies
across prompts, semantic content, and denoising timesteps, and this variation carries meaningful
signal about how attention scaling should be allocated across RoPE dimensions. Figure 6 provides
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Figure 7: Attention Entropy. The delta of attention entropy value between different methods and
the baseline image generated at 10242 resolution on Flux. A smaller difference indicates a closer
attention structure to the baseline image generated without any RoPE extrapolation and scaling
methods.

direct empirical support for this premise. Each heatmap shows the normalized 2D power spectrum of
the intermediate latent tokens across the denoising trajectory, from pure noise (bottom, ¢ ~ 1) to the
final generated image (top, ¢t ~ 0), for two prompts with markedly different visual characteristics: a
landscape scene with large-scale spatial structure (top heatmap) and a portrait scene with dense local
texture and fine detail (bottom heatmap).

Two observations are immediately apparent. First, the spectral energy distributions differ between
the two prompts. The landscape latent develops a broader spread of energy into mid- and high-
frequency bands, reflecting its detailed textures (water, foliage, rocks), whereas the portrait latent
concentrates more sharply in the low-frequency region, consistent with its smoother large-scale
structure. This inter-prompt variability directly motivates the content-aware design of SEGA: a fixed,
globally-defined RoPE scaling, as used by YaRN and DyPE, cannot simultaneously be optimal for
both spectral profiles. Applying the same frequency schedule to both prompts inevitably over-scales
some bands and under-scales others, depending on where the image’s structural energy actually
resides.

Second, within each prompt, the spectral energy distribution evolves across the denoising trajectory.
Early in denoising (bottom of each heatmap), when the latent is dominated by noise, the spectrum
is highly variable across frequency bins, with no clear concentration in some specific bands. As
denoising proceeds, low-frequency components emerge first and become increasingly dominant,
establishing the coarse global structure of the image, while the high-frequency region remains
comparatively low-energy, with its residual content varying subtly depending on the image’s texture
complexity. By the end of the trajectory (top of each heatmap), energy is sharply concentrated in the
low-frequency region, with a smaller but content-dependent contribution in the higher bands. This
temporal evolution, from an irregular noise-dominated spectrum to a structured one shaped by image
content, further motivates SEGA’s design of recomputing the spectral profile at each denoising step
rather than fixing it at the start of sampling.

B.2 Attention Entropy Analysis

A useful signal of extrapolation quality is how closely the attention structure at high resolution resem-
bles that of the model within its training distribution. When attention entropy deviates substantially
from the baseline, the model’s capacity to allocate focus appropriately is compromised, either through
excessive diffusion of attention mass (high-entropy, diluted attention) or through concentration on
a small number of tokens (low-entropy, collapsed attention). DyPE [15] has shown that resolution
extrapolation typically induces a shift in attention entropy relative to the training distribution, and
that methods which minimize this shift tend to produce higher-quality outputs.

Figure 7 reports the delta attention entropy, the difference in mean attention entropy between each
extrapolation method and the baseline Flux model operating at its native 1024° resolution as a
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function of the denoising timestep, averaged across different seeds, prompts from Aesthetic-4K [20],
and all attention layers and heads. All methods are evaluated at 40962 resolution.

B.3 Additional Attention Evolution Results

To further illustrate how SEGA’s content-aware scaling affects attention behavior at the token level,
Figure 8 extends the attention map analysis from Section 5 to additional spatial locations, specifically
the top-center, middle-left, and bottom-center latent tokens, comparing YaRN and SEGA across
multiple denoising steps at 40962 resolution, consistent with the findings reported for the center token
in Section 5. The consistency of this behavior across spatially diverse token positions, covering the
corners, edges, and interior of the latent grid, confirms that SEGA’s improvements are not localized
to a particular region of the image but reflect a global improvement in attention structure throughout
the high-resolution token grid.

C Additional Implementation Details

All image generation experiments were conducted using the Flux and Qwen diffusion transformer
architectures. For the Flux model, we specifically utilized the dev.Krea checkpoint. To maintain
high numerical precision without incurring unnecessary memory overhead, all model weights and
latent activations were cast to bfloat16. The experiments, including both standard generation and
high-resolution extrapolation, were executed on NVIDIA H100 GPUs. Because SEGA operates
entirely at inference time and requires no parameter updates, we did not employ any training or
fine-tuning infrastructure. We followed the standard inference settings provided by the official model
implementations of Flux and Qwen, using their default samplers, number of denoising steps, and
guidance scales. SEGA was applied at every denoising step throughout the entire trajectory, with
no warmup, scheduling, or step-dependent gating beyond what is induced naturally by the spectral
flatness factor.

D Limitation and Discussion

While SEGA enables stable high-resolution synthesis well beyond the native training regime, it
has several limitations. First, SEGA modulates the magnitude of rotary embeddings but does not
extend RoPE’s positional range; it is therefore composed with an underlying length-extrapolation
method (NTK in our experiments) and partially inherits its structural priors. Second, although SEGA
can scale up to 81922, perceptual quality continues to degrade at the most extreme extrapolation
factors, where the limitation is the model’s intrinsic capacity rather than the positional encoding alone.
Third, while SEGA itself is computationally negligible, generating multi-megapixel images remains
expensive: the underlying transformer’s attention cost grows quadratically with the number of tokens,
making ultra-high-resolution synthesis demanding regardless of which extrapolation method is used.
More broadly, SEGA shows that the latent’s spectral structure can serve as a useful signal for guiding
ROPE scaling at inference time, and we hope the coupling it reveals between RoPE dimensions and
spatial frequencies inspires future work on inference-time adaptation of pretrained generative models.

E Societal Impact and Safeguards

Generative modeling, particularly for images and videos, has substantial potential for both beneficial
and harmful use. Improvements in high-resolution generation can support creative workflows, design,
visualization, and research by enabling more realistic and detailed synthesis without additional
training. At the same time, increased realism may heighten risks of misuse, including disinformation,
impersonation, non-consensual synthetic imagery, and amplification of existing social biases. Al-
though SEGA does not introduce a new generative model, dataset, or training procedure, it improves
the inference-time capabilities of existing text-to-image systems and may therefore amplify risks
already associated with those systems. SEGA does not introduce new model-level safeguards or safety
filters. Its responsible use therefore depends on the licenses, acceptable-use policies, access controls,
and safety mechanisms of the underlying models and deployment platforms. In this work, we evaluate
SEGA on existing models such as Flux and Qwen for research purposes. Black Forest Labs states
that its Flux models and services are governed by usage policies and responsible-Al safeguards, while
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Table 4: Comparison of SEGA against state-of-the-art baselines on SDXL [47] and Diffusion-4K
across four high-resolution settings on Aesthetic-4K [20]. Best and second-best results are shown in
bold and underlined.

Method \ 2048 x 4096 \ 4096 x 2048
| IRt PST CST MSQt FID| FID,| | IRt PSt CST MSQt FID| FID,|
Diffusion-4K | 0.71 21.89 27.94 3576 156.68 55.95 | 0.48 21.89 27.92 36.97 154.68 55.03

DemoFusion | 0.41 22.03 28.73 4839 16557 77.62 |-0.30 21.56 27.27 53.46 169.48 81.01
FreCas 0.93 2234 28.89 55.21 156.14 100.80 | 0.47 21.62 28.73 53.05 15895 99.78
FreeScale 0.89 2223 28.78 5094 162.86 98.66 | 0.69 21.92 2897 44.61 170.32 94.87
DiffuseHigh | 0.73 22.44 28.29 4544 15873 8273 | 0.49 22.18 2898 48.03 160.31 77.27

SEGA |1.21 2291 29.18 53.65 151.93 64.54 | 0.86 22.58 28.99 53.30 153.10 55.85
3072 x 3072 | 4096 x 4096
| IRt PST CST MSQt FID| FID,| | IRt PSt CSt MSQt FID| FID,|
Diffusion-4K | 0.87 2229 28.28 34.49 154.83 55.79 | 0.52 21.74 27.48 24.13 161.62 70.05
DemoFusion | 0.89 23.00 29.35 51.45 153.65 76.56 | 0.88 22.99 29.45 4127 156.94 72.86
|

Method ‘

FreCas 1.13 23.12 2920 51.70 15598 91.26 | 1.06 2290 29.82 3932 156.57 82.27
FreeScale 1.05 22.78 29.74 43.63 170.63 86.80 | 1.06 22.82 29.75 33.94 167.83 74.72
DiffuseHigh | 091 23.17 29.59 49.48 15933 7397 | 093 23.16 29.21 36.44 160.43 63.19

SEGA |1.30 2326 29.29 51.89 151.08 43.86 | 1.26 23.18 29.22 45.72 150.05 51.28

Table 5: Quantitative comparison at 40962 resolution on the zero-shot benchmark. Methods are
grouped by backbone model; best and second-best results are bolded and underlined within each
group. T denotes a closed-source proprietary model.

Backbone Method IRt PST CSt HPS?T MSQt
Base -1.50 19.41 22.17 0.23 25.83
NTK -0.30 20.66 25.36 0.25 29.23
YaRN 0.70 21.83 28.95 0.27 41.18
Flux DyPE 0.78 22.01 29.65 0.27 41.62
Ultralmage 0.42 21.36 28.35 0.28 39.29
SEGA 1.05 22.50 29.26 0.28 42.36
Base 0.13 21.33 28.89 0.27 30.90
Qwen DyPE 1.13 22.58 29.55 0.29 39.10
Ultralmage 0.71 21.60 29.62 0.27 35.71
SEGA 1.58 23.86 30.06 0.30 45.27
Prop. | Nano Banana 2 1.37 23.43 30.02 0.30 42.03

Qwen provides a usage policy for its Al products and services [1, 2]. We therefore recommend using
SEGA only in ways consistent with the underlying models’ licenses and usage policies, together with
appropriate content moderation, provenance, and misuse-monitoring mechanisms when deployed.

F Additional Quantitative Results

F.1 Generalization to Alternative Backbones

To assess the generalizability of SEGA beyond Flux-based models, Table 4 reports quantitative results
on an alternative backbone across four high-resolution settings on Aesthetic-4K [20]. We compare
against a broad set of state-of-the-art baselines, including methods built on SDXL [47], as well
as Diffusion-4K, which relies on model fine-tuning. The baselines include fine-tuning (Diffusion-
4K) and multi-stage guidance (DemoFusion, FreCas, FreeScale, DiffuseHigh). SEGA consistently
achieves the best or second-best performance across the majority of metrics and resolution settings,
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Table 6: Quantitative comparison at 51202 resolution on Aesthetic-4K [20]. Methods are grouped by
backbone model; best and second-best results are bolded and underlined within each group.

Backbone  Method IRt PST CSt HPST MSQT CQAT  FID|
Base 203 1822 1643 021 2572 037 35173
NTK 005 2131 2453 025 2796 048  244.52
Flux YaRN 040 2153 2674 026  40.11 061 23533
DyPE 0.58 21.85 2798 026  40.40 0.66 22530
Ultralmage 024 2134 2639 027 3625 074  251.02
SEGA 113 2322 2892 029  40.64 072  221.99
Base 054 2008 2552 024  21.90 048  270.94
Qwen DyPE 037 2034 2472 024 2058 041 25045
Ultralmage  0.18  20.88 26.13 025  23.13 049 25524
SEGA 139 2394 2955 030  41.62 074  218.47

Table 7: Quantitative comparison at 61442 resolution on Aesthetic-4K [20]. Methods are grouped by
backbone model; best and second-best results are bolded and underlined within each group.

Backbone = Method IRT PStT CSt HPST MSQtT CQAT FIDJ
Base -2.25 17.06 1248 0.19 25.77 0.31 453.97

NTK 203 17.11 10.83 0.19 23.79 0.34 528.45
Flux YaRN -0.33  20.18  24.16 0.24 35.28 0.56 288.66
DyPE -223  16.78  11.68 0.18 27.65 0.34 274.82

Ultralmage  -0.74  20.27  25.29 0.26 36.15 0.69 290.75
SEGA 0.75 2247  27.92 0.27 43.43 0.65 232.18

Base -0.95 19.78  23.96 0.23 22.50 0.44 279.78

Qwen DyPE -0.88  19.64  23.75 0.23 36.15 0.35 279.77
v Ultralmage  -047  20.14 2394 0.24 21.89 0.43 254.09
SEGA 1.36 2397  28.75 0.30 38.77 0.74 210.21

demonstrating that its spectral-energy-guided scaling transfers effectively across different model
architectures without any architecture-specific tuning.

F.2 Zero-Shot Benchmark

A potential concern with evaluating on Aesthetic-4K [20] is that some models, particularly those
with large-scale pretraining data, may have encountered images from this dataset during training,
which could favor their performance on distribution-specific metrics. To mitigate this risk and assess
generalization, we construct a dedicated zero-shot benchmark.

Specifically, we use an LLM to generate 200 curated, high-detail prompts covering a diverse range of
scenes, lighting conditions, subjects, artistic styles, and compositional structures, with care taken to
minimize overlap with the Aesthetic-4K dataset. This benchmark is designed to evaluate whether
performance differences observed on Aesthetic-4K reflect genuine generalization capability or are
partly attributable to dataset familiarity. We additionally include Nano Banana 2 [48], a closed-source
proprietary model, in this evaluation as a reference point for the performance ceiling achievable by
large-scale commercial systems.

Table 5 reports results on this zero-shot benchmark at 40962 resolution. SEGA achieves the best
performance across all metrics on both the Flux and Qwen backbones. Notably, SEGA on the Qwen
backbone achieves an ImageReward score of 1.58 and a PickScore of 23.86, approaching and in some
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metrics matching or even better than the performance of Nano Banana 2 (IR: 1.37, PS: 23.43), which
represents a strong closed-source commercial baseline.

F.3 Extreme Resolution: 51202 and 61442

Tables 6 and 7 extend the main evaluation to extreme resolutions of 51202 and 61442, corresponding
to approximately 26 and 38 million pixels respectively, resolutions that represent a 25x and 36 x
area extrapolation factor beyond the 10242 training resolution of Flux. Due to the time and cost
of generation at these scales, we evaluate on a randomly selected subset of 20 prompt—image pairs
from Aesthetic-4K. The results show that SEGA remains substantially more consistent as resolution
increases, while competing methods degrade significantly under stronger extrapolation. Its superiority
is most pronounced at ultra-high resolutions, where it achieves the strongest overall performance
while better preserving structural coherence and semantic fidelity.

G Additional Qualitative Results

As shown in Figure 9, SEGA performs consistently across both vertical and horizontal aspect ratios.
This figure compares YaRN, DyPE, Ultralmage, and SEGA on both Flux and Qwen, demonstrating
that SEGA preserves the intended image geometry without stretching or distorting objects along
either spatial axis. The generated images remain sharp and visually coherent, while also maintaining
strong alignment with the input prompts.

On the zero-shot prompt set, we compare YaRN, DyPE, Ultralmage, and SEGA on both Flux and
Qwen, shown in Figure 10. The results show that SEGA avoids common high-resolution failure
modes such as repeated structures, distorted layouts, and loss of semantic clarity. In particular, SEGA
maintains high prompt fidelity and fine-grained visual detail without sacrificing global composition
or overall image realism.

We further compare SEGA against guidance-based high-resolution approaches, as described in
Appendix A. As shown in Figure 11, we compare against ScaleDiff, I-Max, and HiFlow. These
guidance-based methods often improve resolution by relying on an upsampled or guided low-
resolution generation, which can preserve coarse structure but may leave artifacts, uneven detail, or
inconsistencies between foreground and background regions. In contrast, SEGA directly improves
the high-resolution denoising process, allowing both the main subject and the surrounding scene to
benefit from the same content-aware attention scaling. This leads to more realistic image components,
clearer local textures, and more coherent global structure.

At higher resolutions such as 5K and 6K, SEGA continues to provide clear benefits in visual sharpness,
structural consistency, and prompt alignment, as shown in Figures 12 and 13. These figures compare
SEGA against direct-inference baselines, including DyPE and Ultralmage, and demonstrate that
SEGA remains effective even in challenging extrapolation regimes where other methods may produce
severe artifacts or fail to generate a coherent image. For example, in Figure 13, DyPE fails to
produce a reliable output, whereas SEGA generates a clean, consistent, and prompt-aligned image,
highlighting its robustness under extreme resolution extrapolation.

Finally, Figure 14 shows fine details from an ultra-high-resolution generation produced by SEGA.
The zoomed-in regions illustrate that SEGA preserves local texture and object-level detail while
maintaining the broader structure of the image. This suggests that SEGA’s spectral-energy-guided
scaling benefits both fine-scale fidelity and global coherence, rather than improving one at the expense
of the other.

H Additional Ablation: Choice of Baseline Scaling 1.¢

The reference scale myr in Eq. 4 sets the anchor magnitude of the rotary scaling shared across all
RoPE dimensions. As discussed in Sec. 4.2, my is a function of the resolution ratio s = Riarget/ Rirain
between target and training images. We consider two common formulations for this design choice:

power K log

pawer — ", mes =1+ rlogs, (14)
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where x > 0 is a small exponent (we use x = 0.08 in all reported experiments). Both formulations
reduce to mys = 1 at s = 1 (no extrapolation) and grow monotonically with s. The two forms behave
similarly in the moderate-extrapolation regime (s ~ 1-2), but diverge as s grows.

Why the choice matters at high s. As the target resolution increases, the token grid grows sub-
stantially, making positional offsets harder to discriminate even with RoPE extrapolation. Attention
therefore becomes increasingly prone to dilution at large extrapolation factors. A larger mys acts as a
stronger anchor for positional discrimination, sharpening attention more aggressively to compensate
for the expanded grid. Empirically, we find that ultra-high-resolution generation (e.g., 51202 or
61442) requires a stronger anchor than moderate extrapolation, and the power-law form provides this
naturally because s grows faster than 1 + « log s. Table 8 illustrates this divergence: the two forms
are nearly identical at small s, but the power-law value becomes meaningfully larger as s increases.

Table 8: Values of mys produced by the two formulations as a function of the resolution ratio
s. Computed with kK = 0.08. The power-law form grows faster at large s, providing a stronger
positional-discrimination anchor at extreme extrapolation factors.

s |1 2 4 8 16 32
mP 1 1.000  1.057 1.118 1.182 1.249 1.320

ref

m° | 1.000 1.055 1.111 1.166 1222 1.277

ref

Empirical comparison. We compare the two formulations under identical SEGA settings on FLUX
at 40962, 51202, and 61442. Table 9 shows that the two forms perform similarly at 40962, with a
small but consistent advantage for the power-law variant. The gap widens at 51202 and remains
clear at 61442, where the power-law form yields lower FID and stronger alignment across most
metrics. Overall, the power-law baseline extrapolates more stably as resolution increases, matching
the trend in Table 8. We therefore adopt the power-law form, which grows faster than a logarithm
while remaining more moderate than a linear scaling.

Table 9: Comparison of power-law and logarithmic forms for m,.¢ on Flux. SEGA hyperparameters
are held constant at v = 1.5, x = 0.08. Best results per resolution are in bold.

Resolution | mysform | CST  ImageRewardt HPS® PickScoret FID| MUSIQ T

logarithmic | 28.46 123 020 2310  150.16  44.65
4096 > 4096 ‘ power-law | 29.22 126 029 2318  150.05 4573
logarithmic | 28.41 0.80 028 2293 26501 4636
5120 %5120 ‘ power-law | 28.92 113 029 2322 22199  40.64
logarithmic | 27.54 0.67 027 2237 26958 429
6144 > 6144 ‘ power-law | 27.92 0.75 027 2247 23218 4343
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Figure §8: Impact on Attention Evolution (Other Tokens). Further visual comparison of attention
maps for the top-center, middle-left, and bottom-center latent tokens in YaRN and SEGA across
multiple denoising steps, evaluated on Flux at 40962.

22



"4 silhouetted pagoda stands against a large red moon, surrounded by dark mountains and trees, with some stylized birds flying in the sky. Stars twinkle in the night backdrop.”

Flux

Ultralmage SEGA

" stone bridge with arched spans reflects golden light on the water, flanked by buildings and a leafy tree under a clear blue sky

SEGA

YaRN DyPE Ultralmage

Figure 9: Qualitative comparison (non-square resolutions). Results on two non-square resolutions
(2048 x 4096 and 4096 x 2048) on Qwen and Flux show that SEGA’s ability to preserve the shape

of contents in different aspect ratio.
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"A cat and a bunny sitting on a table having a tea party.”

Flux

"A staircase made of stacked books leading up 1o a glowing door.”

SEGA

Ultralmage

DyPE

YaRN
Figure 10: Qualitative comparison (Zero-Shot Dataset). Results on prompts from the zero-shot
dataset for Qwen and Flux at 4096 resolution show that SEGA handles complex environments,

objects and areas with reflection, contents with challenging lighting, and preserves the shapes of the

objects.
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" train driving through a tunnel made of giant colorful candy."

Flux

Flux

ScaleDiff I-Max HiFlow SEGA

Figure 11: Qualitative comparison (with guidance-based approaches). Results on two representa-
tive prompts for Flux at 4096 resolution in comparison with top guidance-based approaches show
that SEGA is not limited to the synthesized image at base resolution and provides fine details and

high-quality textures.

"A serene lake reflecting mountains and forested hills under a dramatic sky, with sunlight illuminating the trees on the opposite shore and rocky banks lining the water's edge.”

Qwen

Flux

DyPE Ultralmage SEGA

Figure 12: Qualitative comparison (at 51202 resolution). Results on two representative prompts
for Qwen and Flux at 51202 resolution show that SEGA elaborates on coarse and fine details as the

resolution of the images increases.
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" picturesque riverside scene featuring a medieval castle atop a hill, surrounded by vibrant autumn foliage, with colorful homes lining the waterfront and several boats docked along the river."

DyPE Ultralmage SEGA

Figure 13: Qualitative comparison (at 61442 resolution). Results on two representative prompts
for Qwen and Flux at 6144 resolution show that SEGA makes image synthesis at this resolution
possible while baselines struggle with noise and collapse of global structures.
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Figure 14: Visualizing Fine-Grained Details at Extreme Resolutions. Sample generated at 61442
resolution by SEGA on Qwen. The model successfully preserves high-frequency local textures and
sharp structural boundaries without experiencing structural collapse or repetition artifacts typical of
long-context length extrapolation.
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