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Figure 1. Comparison of image synthesis results at 1024 x 1024 resolution: Our proposed method, LSSGen, leverages latent space scaling
to achieve SOTA speed-quality optimality. LSSGen generates significantly higher-quality images than MegaFusion [44] and provides much

faster inference than FLUX.1-dev [1].

Abstract

Flow matching and diffusion models have shown impressive
results in text-to-image generation, producing photorealis-
tic images through an iterative denoising process. A com-
mon strategy to speed up synthesis is to perform early de-
noising at lower resolutions. However, traditional methods
that downscale and upscale in pixel space often introduce
artifacts and distortions. These issues arise when the up-
scaled images are re-encoded into the latent space, leading
to degraded final image quality. To address this, we propose
Latent Space Scaling Generation (LSSGen), a framework
that performs resolution scaling directly in the latent space
using a lightweight latent upsampler. Without altering the
Transformer or U-Net architecture, LSSGen improves both
efficiency and visual quality while supporting flexible multi-
resolution generation. Our comprehensive evaluation cov-

ering text-image alignment and perceptual quality shows
that LSSGen significantly outperforms conventional scal-
ing approaches. When generating 10242 images at simi-
lar speeds, it achieves up to 246% TOPIQ score improve-
ment. Code is available at: https://github.com/
inventec—-ai-center/LSSGen.

1. Introduction

Recent advances in Flow Matching (FM) and Diffusion
Model (DM) have revolutionized text-to-image synthesis,
achieving unprecedented image quality. Despite their dif-
fering mathematical foundations, both are implemented as
continuous denoising processes based on probabilistic path
learning [6]. However, this iterative nature leads to slow
generation [37], and the computational cost grows quadrat-
ically with image resolution [38].
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A common approach to this challenge is a progressive,
coarse-to-fine generation pipeline [7, 19, 44], which gen-
erates a base-resolution image and then upscales it beyond
the training resolution in pixel space. While this helps pre-
serve semantic structure at higher resolutions, pixel-space
upscaling often introduces artifacts like blurriness (Fig. 1).
These artifacts arise because re-encoding the upscaled im-
age back into the latent space distorts the underlying latent
features. Without a clear understanding of these distortions,
it remains difficult to resolve the speed-quality trade-off in
FM and DM models.

Both DM and FM generate images by gradually trans-
forming Gaussian noise into a clear image. This denois-
ing process can be viewed as predicting a velocity field that
moves the sample from a blurry state toward a sharp one.
From an information-theoretic perspective, this progression
aligns with a process that first captures low-frequency com-
ponents and then incrementally adds high-frequency de-
tails [11, 33, 45]. We hypothesize that this natural blurry-
to-sharp progression can be efficiently approximated by a
resolution-based approach: starting with a low-resolution
image that captures the scene’s structure, and progressively
increasing the resolution to introduce fine details and im-
prove visual clarity.

Building on this principle, we propose the Latent Space
Scaling Generation (LSSGen) framework, which replaces
the early stages of image generation with lower-resolution
processing. Rather than scaling images in pixel space, LSS-
Gen progressively upsamples features directly in the latent
space using a dedicated latent upsampler. This approach
avoids the artifacts commonly introduced by pixel-space
resolution changes. To further address the shift in noise
characteristics during scaling, we propose a novel noise
compensation and rescheduling strategy. This ensures con-
sistency between noise and data across stages and dynam-
ically adjusts the denoising process for improved stability
and image quality.

Notably, our latent upsampler is VAE-dependent, mak-
ing it reusable across different flow and diffusion models
that share the same VAE. This architectural decoupling al-
lows the upsampler to work purely on VAE-derived latent
features, making the upsampler agnostic to the underlying
generative architecture (e.g., U-Net or Transformer). It pro-
vides a versatile, train-once, use-across-models solution.

Extensive experiments show that LSSGen achieves a
1.5x speedup for 10242 image generation while main-
taining comparable quality across four standard evaluation
metrics: GenEval [12], CLIP-IQA [43], TOPIQ [2], and
NIQE [28]. At 20482 resolution, the benefits are even
greater due to the quadratic increase in computational cost
with image size. These results establish LSSGen as a practi-
cal and scalable solution for efficient high-resolution image
synthesis. Additionally, our experiments show that LSS-

Gen offers superior global semantic preservation compared
to previous methods, particularly when generating images
beyond the original training resolution.

Our main contributions are summarized as follows:

* We introduce LSSGen, a latent space scaling framework
applicable to a wide range of generative models. It in-
cludes a novel latent upsampling method and a noise
compensation and rescheduling strategy.

* We demonstrate through extensive experiments that LSS-
Gen achieves a strong balance between computational ef-
ficiency and image quality, outperforming baseline meth-
ods in both areas.

* We present a detailed analysis comparing pixel-space and
latent-space transformations, offering fresh insights into
the dynamics of multi-resolution image generation.

2. Related Work

Acceleration methods for DM and FM generally fall into
two main categories: architecture optimization and model
distillation.

Architecture optimization: Dynamic transformer [48] ad-
dresses computation redundancy across timesteps by intro-
ducing a Timestep-wise Dynamic Width strategy, which
reduces computation by adaptively adjusting the model’s
width during generation. SANA [46] employs a deep com-
pression autoencoder to map images into a smaller fea-
ture domain, and replaces standard attention in Diffusion
Transformer (DiT) [31] with linear attention for efficiency.
CLEAR [25] introduce a convolution-like mechanism to re-
duce the complexity of the attention module. These ap-
proaches improve inference efficiency by optimizing the
attention mechanisms in Transformer architectures [41].
However, they typically require training from scratch or ad-
ditional fine-tuning to accommodate architectural changes.

Model Distillation: An alternative approach to accelera-
tion is reducing the number of inference timesteps. Sali-
mans and Ho [37] propose progressive distillation by merg-
ing timesteps, while Luo et al. [27] introduce consistency
models that directly map noisy inputs to clean samples. Al-
though these methods achieve significant speedups, they
often compromise high-resolution fidelity by limiting the
gradual error correction offered by iterative denoising. Ad-
ditionally, distillation methods typically require extensive
computational resources and complex training procedures.
In contrast, our framework employs progressive resolution
upscaling to reduce computational cost while maintaining
image quality. It remains compatible with existing distil-
lation techniques, offering complementary acceleration and
quality gains when combined.

Latent Space Modeling: Direct sampling in pixel space
poses significant computational challenges, especially for



high-resolution image generation. To address this, Rom-
bach et al. [36] propose Latent Diffusion Model (LDM),
which perform denoising in the compressed latent space of
a pre-trained autoencoder [9, 21, 35]. This approach signif-
icantly reduces computational costs by leveraging dimen-
sionality reduction. Latent-space techniques have also been
adopted in flow matching [5], highlighting the general ap-
plicability of this paradigm. Recent work by Esser et al. [10]
further demonstrates the scalability of Rectified Flow (RF)
by integrating it into the LDM framework. However, a key
challenge remains: the mismatch between pixel-space and
latent-space representations complicates operations such as
interpolation and scaling [13, 29], making latent manipula-
tion less intuitive and harder to control.

Progressive Upscaling: Cascaded Diffusion [18] adopts a
multi-resolution generation strategy to reduce the cost of
high-resolution synthesis but relies on training resolution-
specific super-resolution models.  Self-Cascade Diffu-
sion [14] integrates ResNet-based plugins into UNet ar-
chitectures, conditioned on low-resolution latent features.
While it improves generation quality, it does not reduce
computational cost and requires training resolution-specific
components, adding memory overhead and limiting gener-
alizability across different architectures. MegaFusion [44]
and DiffuseHigh [19] introduce progressive upsampling
pipelines via pixel-space scaling and refinement. FM-
Boost [38] accelerates high-resolution generation by up-
scaling small diffusion outputs in pixel space before apply-
ing a flow model to refine blurry regions. I-Max [8] modi-
fies both the attention mechanism and inference pipeline of
FLUX.1-dev [1] to support 4K image synthesis. However,
these methods share two key limitations: (1) The encode-
decode cycle often leads to detail degradation [49], and (2)
Resolution scaling in pixel space introduces systematic bias
into the latent space, resulting in persistent blur artifacts,
even when additional noise is injected.

Our method progressively upsamples features in the la-
tent space and uses the original diffusion or flow model to
refine the final image. The upsampler is a VAE-dependent
ResNet that can be reused across different generative mod-
els. This design reduces computational cost and allows for
easy integration with various diffusion and flow-based ar-
chitectures.

3. Preliminary

Diffusion Models (DM) generate images by iteratively de-
noising Gaussian noise into a target image. Let z; denote
noisy image at timestep ¢, ¢ ~ N(0,1) denote Gaussian
noise, 8¢ € (0,1) denote a predefined noise schedule con-
trolling noise variance at time ¢, and & denote the cumu-
lative signal retention. The forward diffusion process adds

noise to the input image x( over ¢ timesteps, defined as:

t

Ty = Vauxo + V1 — ae, where &y = H(l —B:). (1)

i=1

This closed-form allows direct sampling at timestep t,
improving efficiency without simulating the full Markov
chain.

During training, the forward process g(x1.7|xo) corrupts
the clean image z( using Gaussian noise: ¢q(x¢|xg) =
N (z4; v/axo, (1 — @)I). The reverse process, parameter-
ized by a neural network with model parameters 6, learns to
reconstruct the image through denoising: pg(xi—1|z¢) :=
N(xi_1; pg(xe,t), Xo (x4, 1)), where g and Xy are the pre-
dicted mean and variance. The model is trained to minimize
the difference between the predicted noise €y and the true
noise € via the pixel-space loss:

£pixel = EI,ENN(O,l),t [“6 - 69(56157 t)”%] . 2

This formulation, introduced by Ho et al. [17] and extended
by Song et al. [39], enables high-quality image generation
through iterative refinement, with denoising accuracy im-
proving at each step.

Flow Matching (FM) [3] formulates generation as a linear
interpolation between data = and Gaussian noise €:

= (1 )z +te, 3)
where ¢ € [0, 1] represents the interpolation time.

Rectified Flow (RF) [24, 26] further specifies the flow tra-
jectory using a simple velocity field vg(xz,t) = € — xg.
This is modeled by a neural network parameterized by 6,
and trained using the velocity matching objective:

Loow =By con(0,1), [lva(ze, ) — (1 — x0)13] . D)

At inference, image samples are generated by solving the
learned flow ODE, which constructs images progressively
along the linear path defined by x;. This approach of-
fers efficient image synthesis by learning a direct transport
path from noise to data, avoiding the complexity of iter-
ative score-matching. However, accurately modeling this
path remains challenging, especially when targeting com-
plex, high-resolution distributions that require fine-grained
detail and structure.

4. Methodology

To describe our proposed LSSGen framework, we adopt the
unified formulation of diffusion and flow models introduced
by Patel et al. [30]. In this setting, the generative process is
defined by a parameterized ground-truth Markov generator
Fi(x), with the training objective:

Lo = Eto[Dx, (Fi(x), Ff (2))], ®)
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Figure 2. Overview of our Latent Space Scaling Generation (LSSGen) framework. The inference process is divided into multiple stages,
implementing a progressive upscaling methodology. This approach utilizes latent space upsampling with a pretrained upsampler &/ and
incorporates a noise compensation strategy with noise timestep initialization ojni at each stage (1 — N). Variables h and w correspond to
latent image dimensions, d represents latent channel count, while H and W denote pixel space image dimensions.

where Ff(z) is the neural network with learning parame-
ter , and D denotes the Bregman Divergence. The loss
functions of both diffusion and flow models, described in
Egs. (2) and (4), can be expressed under this unified objec-
tive. Similarly, the sampling processes in Eq. (1) and (3) can
be unified by setting \/&; = 1 — ¢ [40]. In practice, most
diffusion and flow models encode pixel space data x into
a latent representation z during training and perform infer-
ence in the latent space. Thus, we re-express the generative
trajectory in terms of z as:

2z = (1 — 0¢)z0 + oe, (6)

where o, controls the noise intensity over time.

Our proposed LSSGen framework builds on this founda-
tion by introducing three key components: (1) a probabilis-
tic perspective for resolution-autoregressive scaling (§4.1),
(2) alatent space upsampler for resolution transitions (§4.2),
and (3) a timestep rescheduling mechanism to accelerate
generation (§4.3).

4.1. Resolution-Autoregressive Scaling

From an information-theoretic perspective, the generative
path from blurry to sharp images mirrors a process that
reconstructs low-frequency components first, followed by
high-frequency details [11, 33, 45]. Our goal in high-
resolution image synthesis follows this principle: pre-
serve low-frequency structure and progressively add high-
frequency content to enhance detail and realism.
In Eq. (6), the noise coefficient o; controls the trade-off
between signal and noise ratio (SNR) [20]:
2
SNR(t) = (17;”)

O

) )

which decreases over time as noise increases. Under the
variance-preserving formulation [15], o, is recovered as:

1
Of = ————. ®)
" 1+ /SNR(t)
While diffusion and flow models usually define noise
schedules using &;, we reinterpret upsampling as a trans-
formation of SN R. For example, scaling the resolution by
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Figure 3. Upsampler architecture.

conv
de-conv
conv
conv
conv
siLU
conv

a factor of s = 2 (doubling both width and height) increases
the pixel count by 4x, which we approximate as reducing
SNR(t) to $SNR(t). This aligns with the view of bilinear
interpolation as a smoothing process that effectively adds
noise. To reflect this in the generative path, we scale the
noise coefficient after upsampling as o} = %at, providing a
more suitable initialization for denoising and better aligning
with the underlying probabilistic trajectory.

The resolution scaling process is divided into N stages
to better preserve image quality during upsampling. At
each stage n € {1,..., N}, the resolution is initialized as
ﬁ X sy (see Fig. 2). At this scale, the signal-
to-noise ratio is approximately iSN R, corresponding to a
noise coefficient of oy ~ 0.75, assuming a linear rela-
tionship between SN R and o. We adapt the probabilistic
trajectory in Eq. (0) at each stage as:

20~ (L= oim)U (20 ") + oiniee”™, 9

Tinit

where U(z) is the latent upsampler from §4.2, and " ~
N(0, 1) is Gaussian noise added at stage n.

This process iterates across IN stages, with each step
refining the previous output. The final high-resolution la-
tent z}¥ is obtained by denoising the upsampled signal
U (zév *1). Our progressive scaling approach avoids the
cost of direct high-resolution generation at every stage.
Since self-attention scales quadratically with image size,

ie, O ((H X W)2> starting generation at low resolution

and gradually scaling up provides substantial computational
savings. These savings are proportional to the square of the
scaling factor. A detailed analysis is provided in the supple-
mentary material.

4.2. Latent Space Upsampler

We use a lightweight ResNet Upsampler U/ (Fig. 3), with
roughly 500K parameters, trained for 3 epochs on the
COCO dataset[23] using a frozen, pre-trained VAE. The de-
sign supports broad compatibility with both diffusion and
flow models, based on two key observations: (1) Many la-
tent diffusion models share the same VAE, and (2) latent
transformations should ideally be independent of the spe-
cific generative backbone (U-Net or DiT). This architec-
tural decoupling allows the upsampler to operate directly
on VAE-derived latent features, making it easily reusable.
Since our method consistently applies 2x resolution scal-
ing, we use ResNet [16] blocks with stride-based decon-
volution [47], for efficient and effective upsampling. This
design ensures the upsampler can be applied across a wide
range of VAE-based generative models.

4.3. Timestep Schedule Shifting

To improve computational efficiency, we adopt a timestep
shifting strategy inspired by Stable Diffusion 3 [10], which
emphasizes the importance of early RF steps in generating
high-resolution images. In our multi-stage pipeline, more
denoising steps are allocated to the early, low-resolution
stages where computation is cheaper. Given two resolu-
tions, with the higher resolution m at timestep ¢,, and a
lower resolution n at timestep t,,, we apply the following
shift to align the schedules:

/mtn
by = —— 2 — 10
L+ (/52 =1ty (10)

This mapping increases the number of steps when spatial
resolution is low, leading to a significant reduction in overall
computation. The shift factor /™ also updates the signal-
to-noise ratio, allowing the noise coefficient o to remain
consistent with the change in resolution.

5. Experiments

We implement our framework using the Diffuser library
[42] with PyTorch as the backend. All experiments are run
on a single NVIDIA A40 GPU.

5.1. Experimental Setup

We evaluate LSSGen on two mainstream generative meth-
ods: Rectified Flow (RF) and Diffusion Model (DM). For
RF, we use FLUX.1-dev and FLUX.1-schnell [1], two
12B-parameter models with multi-resolution capabilities.
FLUX.1-dev balances image quality and efficiency, while
FLUX.1-schnell is optimized for speed. We also include
Stable Diffusion 3.5-medium (SD3.5-m), a 2.5B parame-
ter model serving as a lightweight RF baseline. In the
DM category, we evaluate: (1) SDXL [32], trained on res-
olutions from 512 to 2048; (2) Playground-v2.5 [22], an
aesthetic-optimized variant of SDXL; (3) Stable Diffusion
1.5 (SD1.5) [36], designed for 5122 generation; and (4)
LCM-SDXL [27], a distilled model for fast inference.

We compare LSSGen with state-of-the-art (SOTA) pixel-
space upsampling methods for efficient high-resolution
generation. These include MegaFusion [44] and Diffuse-
High [19], which directly upscale images in pixel space, as
well as Self-Cascade [14], which incorporates conditional
low-resolution guidance via model finetuning. All baseline
results are reproduced using the officially released code.

Evaluation metrics: We evaluate LSSGen using four
widely adopted metrics that cover both generation quality
and computational efficiency. For text-to-image alignment,
we use GenEval [12], which contains 553 prompts. We
generate four images per prompt, following standard prac-
tice to ensure statistical robustness. To assess image qual-



Table 1. Quality and efficiency comparison on 1024 and 20482 resolutions with various generative architectures. The gray rows represent
the baseline methods without a scaling strategy.

Model Scaling | Resolution | Stage Steps | Time/img] | Speed! | TFLOPs| | GenEvalf | CLIP-IQAT | TOPIQT | NIQE|
FLUX.1-dev [1] - 50 54.38 1x 2,991 0.673 0.887 0.674 | 5.622
FLUX.1-dev-MegaFusion[44] | Pixel 1024 30, 20 33.57 1.6x 1,825 0.649 0.747 0.402 | 6.543
LSS-FLUX.1-dev (ours) Latent 25,25 35.79 1.5x 1,999 0.653 0.914 0.705 | 5.136
SD3.5-m [10] - 40 14.73 1x 576 0.676 0.862 0.635 | 4.825
SD3.5-m-MegaFusion[44] Pixel 1024 24,16 9.28 1.6x 364 0.667 0.760 0.444 | 6.294
LSS-SD3.5-m (ours) Latent 20, 21 9.97 1.5x 393 0.672 0.880 0.641 | 4.705
Playgroundv2.5 [22] - 1024 50 9.98 1x 608 0.564 0.940 0.661 3.881
LSS-Playgroundv2.5 (ours) | Latent 25,37 9.11 1.1x 529 0.559 0.942 0.665 | 3.964
SD1.5 [36] - 50 9.21 1x 285 0.416 0.863 0.628 | 3.707
SD1.5-MegaFusion++[44] Pixel 1024 40,5,5 4.09 2.3x 139 0.384 0.438 0.248 | 6.871
LSS-SD1.5 (ours) Latent 50, 37 8.82 1x 284 0.451 0.871 0.609 | 4.667
FLUX.1-schnell [1] - 1024 4 4.77 Ix 253 0.668 0.872 0.656 | 5.629
LSS-FLUX.1-schnell (ours) | Latent 2,3 4.39 1.1x 233 0.695 0.916 0.703 | 5412
SDXL [32] - 50 46.73 1x 2,415 0.468 0.699 0.532 | 4.725
SDXL-MegaFusion [44] Pixel 40, 10 24.99 1.9x 1,317 0.566 0.716 0.446 | 5.817
SDXL-Self-Cascade [14] Latent 2048 50, 50 56.20 0.8x 3,236 0.541 0.709 0.517 | 4.137
SDXL-DiffuseHigh [19] Pixel 50, 15, 15 52.38 0.9x 2,518 0.550 0.681 0.513 | 5.960
LSS-SDXL (ours) Latent 50, 37 44.61 1x 2,395 0.535 0.732 0.546 | 5.581
FLUX.I-schnell [1] - 2048 4 22.12 1x 917 0.489 0.655 0.506 | 6.481
LSS-FLUX.1-schnell (ours) | Latent 2,3 19.46 1.1x 818 0.657 0.782 0.586 | 5.042
LCM-SDXL [27] - 2048 8 5.39 1x 230 0.437 0.568 0.536 | 5.741
LSS-LCM-SDXL(ours) Latent 4,6 5.00 1.1x 206 0.502 0.586 0.545 | 5.514

SDXL-Self-Cascad

SDXL-MegaFusion SDXL-DiffuseHigh

LSS-SDL (ours)

{ A
EFTE 8 ) , | |
Text prompt: a photo of a suitcase above a skis

Figure 4. Visual comparison for different generation frameworks on SDXL with random GenEval prompts at resolution 20482.

ity without losing high-resolution details, we avoid resize-
dependent metrics like FID and instead adopt: (1) CLIP-
IQA [43], which modifies CLIP [34] by replacing positional
embeddings and using a ResNet backbone for resolution-
invariant evaluation; (2) TOPIQ [2], designed for multi-
resolution quality assessment, ideal for high-resolution out-
puts; (3) NIQE [28], a traditional statistical metric based on
natural scene statistics, offering a non-learning-based per-
spective. All metrics are applied to 2,212 images generated
from the GenEval prompts, providing a thorough evaluation
across diverse scenarios.

5.2. Quality and Efficiency Comparison

Image generation at 10242 resolution: We evaluate LSS-
Gen against SOTA methods across multiple generative ar-
chitectures. All cascade methods start from 5122 and up-
scale by 1.5x or 2x to reach the target resolution. The
upper section of Table 1 summarizes these results. In RF

models, LSSGen delivers a 1.5 speedup while maintain-
ing superior image quality. On FLUX.1-dev, LSSGen im-
proves image quality by 3-8% over the baseline, with only
a slight 3% drop in GenEval alignment. In contrast, Mega-
Fusion suffers significant quality loss, with a 16% drop in
CLIP-IQA and a 40% decline in TOPIQ. Similar degra-
dations are observed in SD3.5-m. In the DM category,
LSSGen performs especially well when scaling beyond the
model’s training resolutions. On Playground-v2.5, LSSGen
reduces inference time by 10% with no loss in image qual-
ity. On SD1.5, it yields a 4% time reduction and an 8% gain
in GenEval alignment. In comparison, MegaFusion offers
2.3x speedup but causes a 61% drop in image quality and
8% decline in alignment.

Finally, LSSGen further improves timestep-distilled
models like FLUX.1-schnell, achieving a 9% speedup while
boosting both image quality and alignment performance.

Image generation at 20482 resolution: We evaluate



(a) Pixel space upsampling

(b) Latent space upsampling

(c) ResNet upsampler (ours)

Figure 5. A visual comparison of resolution scaling methods applied within the LSSGen pipeline, using the FLUX.1-dev [1] backbone.
The prompt is a laptop displays a Rubik’s cube on a table. (a) Pixel-space scaling results in significant detail degradation and blurring
artifacts, even with additional denoising steps. (b) Direct latent space interpolation yields structural inconsistencies, primarily manifesting
as edge duplication and boundary artifacts. (c) Our proposed ResNet upsampler preserves structural integrity with enhanced edge definition
and coherent object representation, demonstrating superior perceptual quality without introducing scaling-induced artifacts.

Table 2. Comparing different scaling methods on FLUX.1-dev.

Method GenEvalt CLIP-IQAT TOPIQT NIQE|
Latent Interpolation 0.605 0.885 0.651 4.588
Pixel Space Scaling 0.612 0.752 0.429 6.495
ResNet Upsampler 0.620 0.900 0.670 4.888

LSSGen against MegaFusion, Self-Cascade, DiffuseHigh,
and standard baselines using SDXL [32], and extend
our comparison to fast, timestep-distilled models like
FLUX.1-schnell and LCM-SDXL, which can generate
high-resolution images in just a few seconds. As shown in
Table 1, MegaFusion improves text-to-image alignment by
21%, while LSSGen yields a 14% gain with SDXL. How-
ever, MegaFusion’s alignment boost comes at the cost of no-
ticeable quality loss, with blur artifacts reflected in a lower
TOPIQ score and illustrated in Fig. 4. In contrast, LSSGen
maintains high perceptual quality with only a 5% increase
in speed over the baseline.

LSSGen excels in high-resolution generation with flow-
based models. On FLUX.1-schnell at 20482, it improves
GenEval alignment by 34%, CLIP-IQA by 19%, and
TOPIQ by 16%, while reducing NIQE by 22% and speeding
up inference by 1.1x. For LCM-SDXL, a diffusion-based
model, it achieves a 7% speedup, 14% better alignment, and
a 3% improvement in CLIP-IQA.

5.3. Ablation Study

Latent Upscaling Strategy: We evaluate three upsampling
methods: naive latent space interpolation, pixel space in-
terpolation, and our ResNet Upsampler with FLUX.1-dev
of LSSGen. As shown in Table 2, our method significantly
outperforms the others in both text-to-image alignment and
perceptual quality. Figure 5 visually highlights the differ-
ences: pixel-space interpolation introduces blur from re-

encoding, while naive latent interpolation leads to struc-
tural discontinuities and edge artifacts. Our ResNet Upsam-
pler mitigates these issues with a lightweight, pretrained ar-
chitecture, reinforcing the importance of well-designed la-
tent transformations for high-fidelity multi-resolution gen-
eration, as discussed in §4.2. However, we identify a mi-
nor limitation where at higher resolutions (e.g., 20482), the
upsampled latent can become slightly over-sharpened (see
supplementary). This characteristic may necessitate addi-
tional denoising steps in the final generation stage to ensure
optimal quality.

Initial Resolution: We examine the impact of different
initial resolutions in the LSSGen framework, with results
shown in Table 3. Our findings show a clear trade-off be-
tween speed and text-to-image alignment. Starting at 2562
yields up to 1.6x speedup for 10242 generation but re-
duces alignment quality. Despite the lower starting reso-
lution, perceptual quality remains strong across all settings.
Notably, the 5122 to 10242 setup retains nearly the same
alignment score as the native 5122 baseline, while offering
a 1.5x speedup. This suggests that text-to-image alignment
is primarily influenced by the starting resolution, not the
upscaling. The slight drop in alignment at very low reso-
lutions likely reflects the hierarchical training of foundation
models, which are often pretrained at lower resolutions and
fine-tuned on high-quality high-resolution data [4], limiting
their alignment ability.

Initial Noise Coefficient (ojni¢): As discussed in §4.1, LSS-
Gen uses the initial noise coefficient o;,;; to control the
stochastic perturbation during upsampling. Table 4 shows
how different oy, values affect the trade-off between speed
and image quality. Lower ojy; values offer greater speedups



Table 3. Impact of initial resolutions in LSSGen on FLUX.1-dev. All metrics are evaluated at the target resolution.

Init Resolution  Target Resolution

Stage N Time/img|

SpeedT  GenEvall CLIP-IQAT TOPIQT NIQE]

256 256 - 9.22
256 1024 3 34.93
512 512 - 17.61
512 1024 2 36.09
1024 1024 - 54.38

- 0.584 0.854 0.747 8.729
1.6x 0.594 0.932 0.694 5.218
- 0.652 0.899 0.728 5.820
1.5x 0.653 0914 0.705 5.136
1x 0.673 0.887 0.674 5.622

Table 4. Impact of different initial sigma in LSSGen on SD3.5-m.

Oinit | Time/img| Speed! GenEvalt CLIP-IQAT TOPIQT NIQE|

Table 5. The effects of the schedule shifting (SD3.5-m backbone)
and shortening early stage timesteps (FLUX.1-dev backbone).

0.3 4.59 3.2x 0.659 0.874 0.626  5.931
0.4 5.30 2.8x 0.659 0.884 0.631 5.541
0.5 6.39 2.3x 0.660 0.885 0.636 5217
0.6 7.46 2x 0.663 0.884 0.639  5.025
0.7 8.90 1.7x 0.675 0.882 0.641 4.848
0.75 9.97 1.5x 0.672 0.880 0.641 4.705
0.8 11.02 1.3x 0.673 0.879 0.641 4718
0.9 13.53 1.1x 0.677 0.876 0.640 4.622
1.0 14.73 1x 0.676 0.862 0.635 4.825

with minimal loss in semantic alignment. AS oy ap-
proaches the theoretical optimal value of 0.75, perceptual
quality improves steadily, though at the cost of reduced ef-
ficiency. We find that values in the range [0.7, 0.8] offer
the best balance between image quality and a 1.3 to 1.7x
speedup over the baseline. This supports our theoretical in-
sight that oy ~ 0.75 is optimal for half-resolution initial-
ization. However, the framework also offers flexibility for
applications where throughput is the primary concern. By
setting ojnir to lower values, a slight degradation in percep-
tual quality can be exchanged for more significant compu-
tational gains. For example, using a oy, between 0.3 and
0.5 can achieve a 2.3x to 3.2x speedup. Conversely, oiyi¢
values exceeding 0.8 yield diminishing quality gains with
significantly higher computational cost, confirming that our
framework effectively captures the trade-offs in resolution-
aware noise scheduling.

Impact of Schedule Shifting: We evaluate the effect of the
shifting strategy from §4.3 in the LSSGen framework using
SD3.5-m, with results shown in Table 5. Shifting reduces
inference time by 26%, achieving a 1.5x speedup over the
baseline—compared to 1.1x without shifting. It also im-
proves perceptual quality by about 3%. Although NIQE
slightly worsens by 3%, this is a reasonable trade-off for the
overall gains in efficiency and quality. These results support
our theoretical insight that concentrating more timesteps
in early, low-resolution stages improves efficiency without
compromising image fidelity, making shifting a natural fit
for resolution-aware generation.

Shorten intermediate steps: We investigate the possibility
of reducing sampling steps in lower-resolution where the
denoising process is expected to be less complex. The sam-
pling step reduction at lower resolution stages is according

Setting  |Time/img] Speed| GenEvall CLIP-IQAT TOPIQT NIQE.
Shift 997s 15x 0672 0.880  0.641 4.705
No Shift | 13.53s LIx  0.653 0.852  0.621 4.546

Shorten Steps| 35.79s  1.5x  0.653 0.914 0.705 5.136
Regular Steps| 44.81s  1.2x  0.658 0.910 0.700 5.246

to the stage n, with 77 = T/ (Q(N*")). Table 5 demon-
strates that shortened steps at early stages of LSSGen yield
efficiency gains (1.2x to 1.5x) with minimal impact on
generation quality. Computational gains emerge with negli-
gible quality impact, illuminating the potential to compress
the generation process in a resolution-dependent manner.

6. Conclusion

This paper presents LSSGen, a general and efficient frame-
work for accelerating inference in both diffusion and flow-
based generative models. The core idea is to shift the early
generation steps to a low-resolution latent space and pro-
gressively upscale the result to the target resolution. This
design enables high-resolution synthesis with significantly
reduced computation while preserving visual fidelity.

Unlike previous pixel-space upsampling methods, LSS-
Gen operates entirely in latent space, requiring no architec-
tural changes or model retraining. It offers a lightweight and
generalizable ResNet-based latent upsampler and a princi-
pled schedule-shifting mechanism to maximize efficiency
during denoising. Extensive experiments across multiple
SOTA models (e.g., FLUX, SDXL, SD1.5, Playground-
v2.5, and LCM) and resolutions (10242 and 20482) show
that LSSGen achieves up to 246% improvement in percep-
tual quality, 1.5x speedup, and stronger semantic align-
ment, even on models not trained for high resolutions.

In addition to strong empirical results, the paper provides
theoretical formulations for resolution-aware SNR adjust-
ment, initialization strategies, and probabilistic path plan-
ning for dynamic latent upscaling. These insights help
bridge the gap between efficiency and fidelity.

Future work includes extending LSSGen to more com-
plex tasks such as video generation, image editing, and in-
painting, where latent-space resolution dynamics are even
more critical. We also plan to explore adaptive scaling
schedules for further gains.
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