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Abstract

Ultra-high-resolution (UHR) text-to-image synthesis faces
significant hurdles, including immense computational costs
and a scarcity of training data. To address these, we in-
troduce RealUHR, an efficient and scalable framework for
generating photorealistic 4K images. At its core, RealUHR
employs a Patch-Cascade Flow Matching pipeline that en-
sures global coherence without costly patch fusion by initi-
ating generation from a semantically meaningful structure.
This enables highly efficient, few-step inference for indepen-
dent patches. Our key contribution is Guidance-Consistent
Adaptation (GCA), a novel two-stage strategy to resolve the
fundamental objective mismatch in guidance-distilled mod-
els. GCA allows powerful backbones like FLUX to be effec-
tively adapted for patch-aware UHR synthesis. The frame-
work’s detail-rendering capabilities are further enhanced by
a non-uniform time schedule. Experiments show that Re-
alUHR establishes superior performance in both quality and
efficiency, and excels in zero-shot applications such as cre-
ative up-sampling and generative artifact suppression.

Introduction

Deep generative models have made impressive strides in
synthesizing high-fidelity and diverse visual content (Per-
nias et al. 2023; Podell et al. 2023; Labs 2024; Rombach
et al. 2022; Chen et al. 2023; Yu et al. 2022; Zheng et al.
2025). These advances are largely driven by powerful back-
bones such as state-of-the-art Diffusion Transformers (Esser
et al. 2024; Chen et al. 2023; Labs 2024; Peebles and Xie
2023), which excel at translating text prompts into high-
quality images. This progress has sparked growing interest
in Ultra-High-Resolution (UHR) image generation—often
targeting resolutions up to 4K or beyond—for applications
in digital art, virtual reality, scientific visualization, and
high-fidelity media production (Liu et al. 2025b,a; Yu et al.
2024, 2025a).

A direct approach to UHR synthesis involves fine-tuning
diffusion models on native high-resolution images. Training
on complete high-resolution inputs facilitates the learning
of holistic semantic structures, thereby yielding globally co-
herent outputs. However, this strategy typically requires ex-
tensive collections of curated, high-quality 4K data and sub-
stantial computational resources. Recent 4K Text-to-Image
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Figure 1: RealUHR: Pushing the Frontiers of Text-to-Image
Synthesis. Our framework generates ultra-high-resolution
images with exceptional photorealism and fine-grained de-
tail. The examples above, synthesized at up to 4K, show the
ability to render coherent scenes with intricate textures suit-
able for the most demanding applications.

(T2I) methods (Chen et al. 2023; Xie et al. 2024; Ren et al.
2024) depend on millions of images and incorporate special-
ized lightweight architectures such as linear attention (Xie
et al. 2024), compact parameter counts (Chen et al. 2023),
or aggressive feature compression (Ren et al. 2024). Such
adaptations usually hinder its accessibility and complicate
the adoption of powerful pretrained foundation models, such
as the 12B-parameter FLUX (Labs 2024), for UHR genera-
tion. Although Diffusion-4K (Zhang et al. 2025) alleviates
memory constraints by fine-tuning FLUX with a more ag-
gressive VAE compression ratio, this latent compression in-
evitably sacrifices high-frequency detail and textural real-
ism, resulting in localized blurriness and reduced detail un-
der close inspection (see Figure 4).

An alternative line of work explores training-free strate-
gies (Du et al. 2024a; Zhang et al. 2023; Huang et al. 2024;
Du et al. 2024b), which harness the generation capacity of
pretrained T2I models through progressive upscaling. For
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Figure 2: The Guidance-Consistent Adaptation (GCA) motivation and strategy. Left: The Flow Matching objective (Lcpnm) iS
incompatible with the guidance-aware student model ¢g, creating an objective mismatch during finetuning. Right: Our reverse
distillation decouples the baked-in guidance by training a new model € to explicitly output conditional and unconditional
velocity fields. The resulting model 6 becomes fully compatible with the Lcpy objective for effective patch-aware adaptation.

instance, DemoFusion (Du et al. 2024a) decomposes high-
resolution images into inference-manageable patches and
subsequently refining them in an iterative manner (Bar-Tal
et al. 2023; Lee et al. 2023). The patch-based workflow sup-
ports scaling to arbitrary resolutions and adapts to diverse
domains. However, to address the inconsistencies that arise
from processing local patches independently, these methods
require computationally expensive local patch fusion to en-
force coherence, thereby sacrificing runtime efficiency.
Motivated by Flow Matching (Lipman et al. 2022), which
models the generative process via straight-line trajectories in
latent space, an alternative paradigm emerges that is inher-
ently simpler, more stable, and highly efficient (Liu, Gong,
and Liu 2022). The linearity of these paths allows for by-
passing the initial denoising stages by commencing genera-
tion directly from a semi-noisy latent structure. To this end,
we propose a Patch-cascade Flow Matching pipeline to syn-
thesize high-resolution outputs through independent patch-
wise diffusion, initiated from a semi-noisy structure. Un-
like conventional methods that rely on costly local patch fu-
sion during inference, our approach begins from a semanti-
cally meaningful structure rather than pure noise. This prac-
tically ensures global coherence from the outset. Further-
more, because the underlying ODE trajectories in Rectified
Flows (Esser et al. 2024) are significantly straighter and sim-
pler than those of traditional diffusion models, numerical
solvers can employ much larger step sizes. This facilitates
high-quality generation only in 4 steps, thereby enhancing
runtime efficiency while preserving high fidelity.
Furthermore, to adapt powerful pretrained diffusion back-
bones (e.g., the 12B-parameter FLUX (Labs 2024)) to
patch-aware inference, we propose a two-stage, guidance-
consistent patch adaptation strategy as shown in Figure 2.
Initially, we eliminate dependence on the classifier-free
guidance scale embedding inherent in the original distilled
model. Subsequently, we finetune the model on a carefully
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curated hybrid dataset consisting of approximately 80K rig-
orously filtered high-quality patches and 70K full-resolution
images. This staged adaptation ensures a seamless transition
between the pretrained CFG-distilled model and the fine-
tuned patch-adapted version, preserving consistency in the
optimization objectives.

The proposed RealUHR demonstrates robust scalability,
supporting arbitrary resolutions up to 4K as shown in Fig-
ure 1, and exhibits excellent generalization capabilities in
zero-shot scenarios. It can function as a creativity-controlled
super-resolution module, allowing users to flexibly balance
image fidelity and creative variation, and also serves as an
effective post-processing filter for refining generative arti-
facts in existing T2I outputs, all without additional supervi-
sion or retraining.

In summary, our main contributions are:

We introduce RealUHR, a highly efficient patch-cascade
framework for UHR synthesis that achieves global coher-
ence without costly patch fusion techniques.

We propose Guidance-Consistent Adaptation (GCA), a
two-stage fine-tuning strategy. GCA resolves the objective
mismatch in guidance-distilled models.

Our method achieves strong performance on 2K/4K gen-
eration benchmarks, and we further demonstrate its prac-
tical utility in zero-shot applications such as creative up-
sampling and artifact suppression.

Related Work
Flow-based Diffusion Models

Text-to-image (T2I) diffusion models (Rombach et al. 2022;
Podell et al. 2023; Pernias et al. 2023; Chen et al. 2024) have
achieved remarkable progress in generating high-fidelity
and semantically aligned images from text prompts. Re-
cent developments in Flow Matching (FM) (Lipman et al.
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Figure 3: The Patch-Cascade Flow Matching pipeline. (1) Patch Initialization: Anchor patches are interpolated to generate
semantically meaningful latent patches. (2) Patch-wise Few-Step Denoising: Each patch is independently refined by a denoiser
guided by our Non-uniform Time Schedule. Finally, all patches are composed via alpha blending with Gaussian feathering.

2022) have introduced a deterministic perspective to diffu-
sion by reformulating the process as an ordinary differential
equation (ODE), enabling improved numerical stability and
compatibility with advanced integrators (Labs 2024; Esser
et al. 2024). While both diffusion and FM approaches re-
quire multiple evaluations of a large network through dis-
cretized ODEs or SDEs, researchers have proposed vari-
ous scheduling strategies to better allocate computational re-
sources across time steps. These include shortened trajecto-
ries (Song, Meng, and Ermon 2021), high-order solvers (Lu
etal. 2022), and optimal-transport-inspired paths (Tong et al.
2024), all aimed at accelerating generation without compro-
mising output quality. We apply FM-based denoising sam-
plers and fine-tuning objectives to the pre-trained text-to-
image model FLUX to achieve photorealistic ultra-high-
resolution image generation.

Ultra-High-Resolution Image Generation

Scaling diffusion models to UHR image generation is funda-
mentally challenged by data scarcity and quadratic computa-
tional growth. One line of work confronts this by fine-tuning
models on native UHR data (Ren et al. 2024; Chen et al.
2024; Xie et al. 2024). While effective, these methods typi-
cally require specialized, lightweight architectures to remain
feasible, alongside massive datasets and GPU resources. A
more resource-efficient alternative is to employ a two-stage
pipeline, using a dedicated super-resolution model (Liang
et al. 2021; Wang et al. 2021; Yu et al. 2025b; Kang et al.
2023) to upscale a base image. This approach, however, in-
troduces a disconnect, as the SR model is often trained on
synthetic degradations (e.g., blur, JPEG artifacts (Wang et al.
2021)) and operates with an objective distinct from the ini-
tial text-to-image generation.

A complementary paradigm avoids retraining entirely,
proposing training-free solutions that adapt a single T2I
model’s inference process for progressive upscaling. Meth-
ods like DemoFusion (Du et al. 2024a) and I-Max (Du et al.
2024b) leverage techniques such as global-local denoising
and latent-space flow modeling to operate on patches. Our
work establishes a novel middle ground, bridging these two

12206

paradigms. We perform a highly efficient finetuning on a
modest dataset, yet consolidate the entire generative process
within a single T2I model, akin to training-free methods.
This hybrid strategy allows us to retain the high fidelity of
a specialized model while avoiding the architectural limita-
tions and extensive resource demands of full UHR training.

Methodology
Preliminaries

Let xg ~ p(x) denote a source distribution (e.g., isotropic
Gaussian noise) and x; ~ ¢(x) the target data distribution
(e.g., natural images). FM defines an ordinary differential
equation (ODE)-driven transformation 1, : R — R? gov-
erned by the learned velocity field u; : RY — R%:

d
3 V) = w (i (%)), tho(x) =x.

By integrating Eq. (1) from ¢ = 0 to ¢t = 1, we obtain a tra-
jectory x; = 1(xg) that deterministically transforms noise
X into data x; = 1 (xg).

Conditional FM loss. Training minimizes

ey

x¢ = (1 — t)xq + tx1, 2)

Lorm(0) = Ep xqx; |[[ua(xe,t) — u(x \xl)Hi} N E)
with target field u(x; |x;) = =5,
linear transport between x( and x; .
Uniform sampling. To sample from p(x), Eq. (1) is dis-
cretized with an explicit Euler integrator (Euler 1768). Let
T = {t;}X, be a uniform time grid with step size At =
1/N, then the approximate flow is computed:

i=0,...,N—1,

which is the optimal

“

where uy is the neural velocity field parameterized by 6. The
final state X := x;,, is returned as a sample from the model.

Xt = Xt + At ug(Xti,ti),

Patch-Cascade Flow Matching

An overview of the inference procedure for our Patch-
Cascade Flow Matching framework is presented in Figure 3.



Algorithm 1 Non-Uniform Time Scheduling Inference
1:

Input: text embedding c, step count N, schedule pa-
rameters («, p)
{t:}N5! < UNIFORMSCHEDULE(N)
fori=0to N —1do
it (L) e Eq. (7)
t; + min(max(#;,0), 1)
u < uy(xy,,1;,c)
Xt,,, < SCHEDULERSTEP(Xy,,u,t;) --- Eq. (4)
end for
return x;

R AN A

Patch Initialization. Unlike approaches (Bar-Tal et al.
2023; Du et al. 2024a) that rely on costly fusion of global
and local denoising paths, we design patch initialization to
maintain global semantic coherence across independently
processed patches. Specifically, we initialize each patch tra-

jectory with a latent formed by linearly interpolating be-

; ; ; (p)
tween a Gaussian noise xq and its anchor patch X ;.-

where each anchor patch is an overlapping subregion of the
base-resolution image Xp,se aligned to the model’s training
resolution (e.g., 1024 x 1024):

X(p) = (1 - ’Y) ’ Xz(1§c)hor +7 - Xo, &)

where v € [0, 1] controls the level of noise corruption.
Non-Uniform Time Scheduling. We observe that the patch-
wise inference of FLUX often leads to texture oversmooth-
ing (see Figure 5). To address this, we leverage a key in-
sight from diffusion model dynamics: the ODE solution tra-
jectories are not perceptually uniform. As shown by Karras
et al. (Karras et al. 2022), these trajectories exhibit signif-
icant curvature primarily in a narrow intermediate region,
while remaining nearly linear at high and low noise levels.
This suggests that reallocating computational effort to these
critical, high-curvature periods can enhance textural real-
ism. Therefore, we introduce a non-uniform time scheduling
strategy:

w; := «a - sgn(t; — 0.5) - [sin(7t;)]",
72 = ti(l + ’U)i),

(6)
(N

where « € (0,0.5) controls the warping intensity and p > 1
sharpens the pulse by concentrating the reweighting toward
the endpoints t = 0 and ¢t = 1. Since the mapping t; > t;
is strictly monotonic, it preserves the chronological order
of sampling steps, thereby maintaining compatibility with
the flow-matching formulation. The full inference procedure
is detailed in Algorithm 1. In summary, each latent patch
x(P) undergoes a 4-step, non-uniform FM sampling. The re-

sulting denoised patches {xgp )} are then blended via alpha
blending with Gaussian feathering to yield the final image.

Guidance-Consistent Patch Adaptation

The FLUX.1-dev model, which we denote as ¢g, is a highly
efficient student model. It is trained by distilling (Meng
et al. 2023) the behavior of a larger, classifier-free guided
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(CFG) (Ho and Salimans 2022) teacher model, ¢p. This
distillation process embeds the guidance scale, g, directly
into the student model’s architecture. The model ¢g learns
to approximate the teacher’s CFG-interpolated velocity field

CFG .. . . .
u,, ~ by minimizing:

2
Laisin = [[uGhe — ugs (xs,t,¢,9)| 5 (8)
where ug};G = (1 + g) *Ugpp (Xtv t, C) -9 u¢T(Xtv t)

€))

Here, uy,(x¢,t, ¢, g) is the output of the student model,
which explicitly takes the guidance scale g and condition
c as inputs. This eliminates the need for separate forward
passes, boosting sampling efficiency.

However, a challenge arises during finetuning. The stan-
dard flow matching objective (see Eq. (3)) trains a model to
predict the data-conditioned velocity field u(x; | x1), which
has no notion of the CFG structure. As illustrated in the left
panel of Figure 2, this creates a fundamental mismatch be-
tween the distillation objective of ¢g and the standard fine-
tuning objective, rendering direct finetuning ineffective.

To solve this, we propose a two-stage adaptation strategy:
Stage 1: Decoupling Guidance via Reverse Distillation.
First, we initialize a new model, 6, with the weights of the
pre-trained student model ¢g. We then finetune 6 to disen-
tangle the baked-in guidance via a “reverse distillation” pro-
cess, where ¢g acts as a static teacher. We train € by mini-
mizing the following objective:

Lrovene = E [[|uf" — uge (xi,t.e,9)[;] (10

where u§f¢ .=

(1 +g) ! u@(xt7t,c) -9 u@(xtat)'

Here, the term ugF G represents the application of classifier-

free guidance to our new model 6, which produces separate
conditional and unconditional outputs. The loss forces this
CFG-combined output to match the single, guidance-aware
output of the original FLUX model ug,. This procedure,
illustrated in the right panel of Figure 2, effectively makes 6
independent of g as a direct input, preparing it for finetuning.
Stage 2: Patch Adaptation via Flow Matching Finetun-
ing. With the guidance mechanism successfully decoupled,
the model 6 is now fully compatible with the standard
flow matching objective. We can then proceed to finetune
it for patch-aware adaptation using the loss from Eq. (3).
The adaptation leverages a curated hybrid dataset compris-
ing 80,000 high-quality image patches and approximately
70,000 full images drawn from LAION-Aesthetics (Schuh-
mann et al. 2022) and Aesthetic-4K (Zhang et al. 2025).
Patch samples are rigorously filtered using a proposed
pipeline that removes watermarked, overly dark, blurry, low-
texture, and low-aesthetic-quality images, ensuring high vi-
sual fidelity and detail preservation.

Experiments

We validate RealUHR through comprehensive quantitative,
qualitative, and user studies, benchmarking against existing
high-resolution text-to-image methods. Ablation studies fur-
ther analyze the impact of each module. Additionally, we
show two zero-shot applications enabled by our framework.



DemolFusion

“Close-up of panda chewing bamboo, soft black-white fur, vivid green leaves, lush foliage, mouth slightly open, tongue visible.”

Figure 4: Qualitative comparison against state-of-the-art models on 4K (4096 x 4096) synthesis. Our method, RealUHR, demon-
strates superior photorealism and textural fidelity. Top row: RealUHR renders an elderly woman with striking facial realism
and intricate fabric textures, details that are absent or stylized in competing results. Bottom row: Our model excels at complex
natural scenes, capturing the fine fur of the panda and the structure of the bamboo.

Comparison with Existing Methods

Baselines. We compare our method against two categories
of baselines: training-free approaches, such as I-Max (Du
et al. 2024b), and DemoFusion (Du et al. 2024a); and
models specifically trained for UHR generation, including
Diffusion-4K (Zhang et al. 2025) and UltraPixel (Ren et al.
2024). Notably, Diffusion-4K, I-Max, and our proposed
method share the same backbone, which is the multi-modal
diffusion transformer-based model, FLUX (Labs 2024).
Quantitative Comparison. For benchmarking, we adopt
the test dataset introduced in (Zhang et al. 2025), which
contains 2,781 image-text pairs at 2K resolution and 195
pairs at 4K resolution. Our evaluation includes percep-
tual quality metrics such as FID (Heusel et al. 2017) and
KID (Binkowski et al. 2018), as well as a patch-based FID
computed over multiple 299 x 299 crops to assess high-
resolution fidelity. To evaluate text-image alignment, we em-
ploy CLIPScore (Hessel et al. 2021), while overall qual-
ity is further assessed using no-reference metrics CLIP-
IQA (Wang, Chan, and Loy 2023) and QualiCLIP (Ag-
nolucci, Galteri, and Bertini 2024).

Quantitative results are summarized in Table 1. Our
method, built on the FLUX backbone, demonstrates supe-
rior performance. At 4K resolution, it achieves the best re-
sults across nearly all perceptual and quality metrics (FID,
Patch FID, KID, CLIPIQA, and QualiCLIP) while also be-
ing the most efficient, with an inference time of just 108 sec-
onds. In the 2K benchmark, our method maintains its lead-
ing position on perceptual metrics, securing the best FID,
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Patch FID, and KID scores. Overall, our approach estab-
lishes a new benchmark for balancing high-fidelity synthesis
and computational efficiency in UHR scenarios.

Qualitative Comparison. Figure 4 provides a qualitative
comparison of our method against several state-of-the-art
baselines at 4K resolution. The results highlight RealUHR’s
superior capability in rendering photorealistic textures and
fine-grained details, which are critical for convincing UHR
synthesis. For instance, in the depiction of an ‘“elderly
woman” (top row), competing methods struggle with re-
alism: DemoFusion fails to render a coherent face, Ultra-
Pixel produces a painterly effect, and I-Max also generates
stylized results. In stark contrast, our method synthesizes a
highly realistic portrait with crisp details in both the sub-
ject’s face and the texture of her scarf. Similarly, when gen-
erating a “panda chewing bamboo” (bottom row), our model
produces exceptionally fine fur textures and realistic eye de-
tails, avoiding the artificial smoothness or blurriness seen
in the outputs of DemoFusion, UltraPixel, and Diffusion-
4K. These examples underscore our model’s effectiveness
in generating complex scenes with high fidelity and detail.

User Study. To assess the effectiveness of our method in
UHR image generation, we conducted a user study focus-
ing on five evaluation criteria: text alignment, photorealism,
aesthetic, detail clarity, and an aggregate metric, Overall
Quality. Participants provided binary (positive) ratings for
each criterion. Diverse textual prompts were used to ensure
comprehensive coverage. For each method, we report the
percentage of positive ratings per criterion. As summarized



Method Backbone Perceptual metrics] Quality metricstT CLIPScoret Time(s).
FID Patch FID KID CLIPIQA  QualiCLIP
UltraPixel (Ren et al. 2024) Cascade 143.20 46.50 5.56 0.508 0.376 34.83 151
« I-Max (Du et al. 2024b) FLUX 141.25 50.99 5.83 0.433 0.303 33.96 751
Diffusion-4K (Zhang et al. 2025)  FLUX 149.33 58.44 6.25 0.478 0.266 32.99 122
Ours FLUX 139.29 46.15 3.93 0.636 0.437 34.19 108
DemoFusion (Du et al. 2024a) SDXL 41.61 28.69 12.14 0.615 0.596 13.45 147
UltraPixel (Ren et al. 2024) Cascade 43.14 32.62 10.77 0.576 0.437 13.52 40
7«‘ I-Max (Du et al. 2024b) FLUX 43.16 30.08 9.55 0.552 0.539 13.55 96
Diffusion-4K (Zhang et al. 2025)  FLUX 42.38 30.58 9.62 0.581 0.434 13.77 22
Ours FLUX 40.29 26.10 9.42 0.613 0.495 13.54 38

Table 1: Quantitative comparison of UHR text-to-image models on 4K and 2K benchmarks. Best results are in bold, and second
best are underlined. | indicates lower is better, and 1 indicates higher is better.

Figure 5: The impact of our Non-uniform Time Scheduling
on textural realism. Compared to a standard uniform sched-
uler (Left), our method (Middle) significantly enhances fine-
grained details and mitigates the texture oversmoothing ef-
fect.

in Figure 8, our approach consistently outperforms existing
methods, achieving the highest positive rating percentages
across all evaluation dimensions. Notably, our model excels
in photorealism, indicating its strong capability in generat-
ing globally coherent semantics while yielding natural and
realistic local textures.

Ablation Study

We conduct a series of ablation studies to validate the effec-
tiveness of our key contributions, with detailed results pre-
sented in Table 2 and Table 3. First, we analyze our Non-
uniform Time Scheduling against several alternatives. As
shown in Table 2, our proposed scheduler consistently out-
performs standard uniform, logarithmic, and cosine sched-
ulers, confirming that strategically reallocating computation
during inference is crucial for enhancing high-resolution de-
tail. To determine the optimal settings, we also performed a
systematic hyperparameter search for the scheduler’s warp-
ing intensity a and pulse sharpness p, identifying o = 0.15
and p = 2.0 as the ideal configuration.

In addition, we dissect the contributions of our frame-
work’s core components. As summarized in Table 3, remov-
ing the Patch Initialization (w/o Patch Init) and starting from

Figure 6: Application in generative artifact suppression. Re-
alUHR can effectively correct common defects, such as dis-
torted faces, in images generated by other models while pre-
serving the original composition and semantic integrity.

pure noise leads to a severe degradation across all metrics,
particularly the global FID score. This is due to a signifi-
cant loss of semantic coherence between the independently
generated patches. We also observe that removing the full
GCA strategy results in a notable drop in performance, as the
model is no longer effectively adapted for patch-wise syn-
thesis, leading to degraded patch-specific details. Disabling
only Stage 1 of GCA (the reverse distillation) causes a more
subtle but still drop in perceptual and quality metrics, val-
idating the importance of resolving the objective mismatch
before fine-tuning. These studies confirm that all proposed
components are critical and complementary in achieving the
final strong results.

Applications

Generative artifact removal. Text-to-image diffusion mod-
els often produce high-resolution outputs with local struc-
tural artifacts, such as distorted facial features, malformed
hands, or inconsistent textures. These issues are especially
common in fine-scale regions and become more promi-
nent under close inspection. RealUHR can serve as a post-
processing module to refine such generated images. By per-
forming a single denoising trajectory conditioned on the
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Figure 7: Application in creative up-sampling. RealUHR can upscale real-world images (left) by a factor of 4 x with controllable
creativity. As the noise strength parameter ~ increases from 0.3 to 0.8, the output transitions from a faithful reconstruction to
an imaginative reinterpretation, all while maintaining semantic coherence.
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Text
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Detail

Clarity Aesthetic

Figure 8: User study: percentage of positive ratings (%).

Scheduling Function FID| Patch FID] KID| QualiCLIP}
Uniform 40.97 29.72 9.69 0.494

x Logarithmic 41.22 30.15 9.75 0.489

N Cosine 40.61 27.82 9.53 0.492
Ours 40.29 26.09 9.42 0.495

Table 2: Ablation study on non-uniform time scheduling.
We compare ours against uniform, cosine, and logarith-
mic schedulers. Best results are in bold, second best are
underlined.

original image, RealUHR corrects generation-specific arti-
facts while preserving the global structure and semantics. As
shown in Figure 6, RealUHR significantly improves seman-
tic coherence in critical regions (e.g., faces, flowers) without
altering the overall composition.

Creative up-sampling. RealUHR can be used as a drop-
in, creative upsampler for any real-world input image. By
modulating a creativity control parameter, also referred to
as noise strength v € [0, 1], the degree of novel content in-
jection can be adjusted. Small values of v recover canoni-
cal super-resolution, whereas larger values progressively in-
troduce new textures and structures. Figure 7 illustrates this

12210

Ablation Variant FID] Patch FID| KIDJ QualiCLIPT
w/o GCA Stage 1 141.03 48.52 4.81 0.425

x W/o GCA (Full) 141.53 50.48 5.15 0412

™ wlo Patch Init 145.82 53.11 6.23 0.385
Ours (Full Model) 139.29 46.15 3.93 0.437
w/o GCA Stage 1 41.54 29.03 9.70 0.488

& W/o GCA (Full) 42.14 29.83 9.84 0.485

™ Wio Patch Init 43.51 31.24 10.15 0.478
Ours (Full Model) 40.29 26.10 9.42 0.495

Table 3: Ablation study validating the contributions of
our core components: Patch Initialization and Guidance-
Consistent Adaptation (GCA).

behavior for both an anime frame and a photorealistic por-
trait: as v increases from 0.3 to 0.8 (left to right), the outputs
transition smoothly from faithful reconstruction to imagina-
tive reinterpretation while preserving global semantics. Re-
alUHR is well-suited for concept exploration, asset re-use at
4K, and rapid variant generation.

Conclusion

In this paper, we present RealUHR, a novel framework
that significantly advances ultra-high-resolution (UHR) text-
to-image synthesis. By leveraging a Patch-Cascade Flow
Matching pipeline, RealUHR efficiently generates glob-
ally coherent images without requiring computationally ex-
pensive patch fusion techniques. Our core innovation, the
Guidance-Consistent Adaptation strategy, successfully over-
comes the objective mismatch inherent in guidance-distilled
models. This breakthrough enables the adaptation of pow-
erful foundation models like FLUX for high-fidelity patch-
aware generation. Our method’s effectiveness is validated by
state-of-the-art results on 2K and 4K benchmarks, where it
demonstrates a superior balance of quality and speed. The
versatility of RealUHR is further highlighted through its
successful application to zero-shot tasks, including artifact
suppression and creative up-sampling. These contributions
establish RealUHR as a robust and scalable solution for the
next generation of UHR synthesis. Future work will explore
its extension to other modalities, such as video.
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