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Abstract. Diffusion models have achieved remarkable success in im-
age generation, yet their deployment remains constrained by the heavy
computational cost and the need for numerous inference steps. Previous
efforts on fewer-step distillation attempt to skip redundant steps by train-
ing compact student models, yet they often suffer from heavy retraining
costs and degraded generalization. In this work, we take a different per-
spective: we accelerate smartly, not evenly, applying smaller speedups
to early semantic stages and larger ones to later redundant phases. We
instantiate this phase-aware strategy with two experts that specialize in
slow and fast denoising phases. Surprisingly, instead of investing massive
effort in retraining student models, we find that simply equipping the
base model with lightweight LoRA adapters achieves both efficient ac-
celeration and strong generalization. We refer to these two adapters as
Slow-LoRA and Fast-LoRA. Through extensive experiments, our method
achieves up to 5× acceleration over the base model while maintaining
comparable visual quality across diverse benchmarks. Remarkably, the
LoRA experts are trained with only 1 samples on a single V100 within
one hour, yet the resulting models generalize strongly on unseen prompts.
Code is available at https://zhuobaidong.github.io/Glance/.
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1 Introduction

Diffusion and flow matching models [2, 22, 33, 53, 55] have shown strong capa-
bilities in generating high-fidelity images, marking a significant advancement in
the field of generative modeling. Despite their impressive performance, a notable
challenge is the high inference cost due to its iterative denoising nature. To ad-
dress this issue, various methods are proposed to accelerate the sampling process
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Fig. 1: Comparison of data usage and training time. Glance achieves compa-
rable generation quality with only 1 training samples and within 1 GPU-hour,
demonstrating extreme data and compute efficiency. Note that the x-axis is in loga-
rithmic scale, and values equal to zero are therefore not representable.

of diffusion models, including improving the efficiency of samplers [26,34,36,37]
and employing model distillation techniques [15, 16, 27, 35, 50, 54] to reduce the
number of inference steps. Recent advancements in trajectory distillation meth-
ods and distribution matching techniques [51, 63, 64, 67], often enhanced by ad-
versarial learning at scale, have shown considerable promise in generating high-
fidelity images in extremely low steps such as one to four steps.

Despite significant advancements in timestep-distilled diffusion models, it re-
mains unclear how to effectively fine-tune or customize such distilled models.
Naively tuning the distilled model with diffusion loss will make the generation
results blurry. An alternative approach is to fine-tune or customize the original
diffusion model, and then repeat the diffusion distillation process to create a
distilled model variant. However, the large computation cost of diffusion distil-
lation, when compared with the customization training used for distillation (cf.,
3840 A100 GPU hours for SDXL-DMD2 [63] and 3072 A100 GPU hours for
Qwen-Image-Lightning [40]), often makes such distilled model tuning approach
less feasible.
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Fig. 2: Comparison of distill and accelerate strategies. Prior distillation
pipelines rely on large training sets and costly retraining. Glance requires only one
training sample to obtain Slow-LoRA and Fast-LoRA, providing plug-and-play accel-
eration of the base generation model.

In this work, we take a different perspective by revisiting the denoising dy-
namics of diffusion models. We observe that the generation trajectory consists of
two qualitatively distinct phases: an early semantic phase that determines global
structure, and a late redundant phase that primarily refines texture. Uniform
acceleration treats all steps equally, yet semantic steps are far more sensitive to
perturbation than redundant ones. This motivates a phase-aware acceleration
strategy that applies small speedups to semantic steps and large speedups to
redundant steps.

To realize this idea, we introduce Glance, implemented as a pair of lightweight
LoRA adapters that attach to the pretrained diffusion model. Slow-LoRA sta-
bilizes early semantic formation, while Fast-LoRA accelerates late-stage refine-
ment. Crucially, our method does not require training a new student network
and the base model remains unchanged. Both LoRA experts are trained using
only one sample on a single V100 GPU within one hour (Fig. 1).

To demonstrate its scalability, we distill FLUX.1-12B [28] and Qwen-Image-
20B [58] text-to-image models into 8- and 10-step students, respectively. Ex-
tensive experiments across six text-to-image benchmarks show that Glance ex-
hibits performance curves that closely track those of the base models, indicating
strong consistency under accelerated inference. On OneIG-Bench, HPSv2, and
GenEval, the performance of Glance reaches 92.60%, 99.67%, and 96.71% of
the teacher models, respectively. We further conduct dense ablation studies on
slow–fast phase decomposition, timestep allocation, and training data scaling,
all of which consistently validate the effectiveness and robustness of our design.

We summarize the contributions as follows:

– We employ a phase-aware acceleration scheme that treats semantic and re-
dundant steps differently for a more natural and stable speedup.
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Fig. 3: Visualization of Slow-Fast paradigm. In the slow stage, we sample one
timestep every two steps from the first 10 timesteps (i.e., 5 samples in total). In the
fast stage, an additional 5 timesteps are uniformly sampled from the remaining 40
steps. During inference, the slow-stage timesteps are executed prior to the fast-stage
ones.

– We introduce two lightweight adapters that plug into the base model, en-
abling effective acceleration with only one sample and one hour of training.

– Glance achieves a 5× speed-up over FLUX.1 and Qwen-Image while re-
taining teacher-level performance across six benchmarks.

2 Related Work

Diffusion Models. Recently, diffusion models (DMs) [22,53,56] have become
the leading paradigm for visual generation, achieving state-of-the-art perfor-
mance across a wide range of conditioning modalities, including images [49],
depth, edges, poses [41, 66], and text [11, 13, 21, 44, 46, 49]. Advances in large-
scale systems such as PixArt [7–9], SD3 [14], Qwen-Image [58], and FLUX [28]
further push generation quality, controllability, and multilingual rendering capa-
bilities. Despite these rapid developments, achieving high-fidelity synthesis still
requires many denoising steps, resulting in substantial inference cost and limiting
their use in real-time or resource-constrained applications.
Diffusion Distillation. Early work [38] directly regresses the teacher’s ODE
integral in a single step, but the ℓ2-based x0 regression often produces overly
smooth and blurry results. Progressive distillation methods [15, 35, 50] refine
this paradigm via multi-stage training that enlarges step size and lowers NFE
by merging teacher steps. While effective, these approaches suffer from error
accumulation and substantial computational overhead. Consistency distillation
[16,27,54] replaces x0 regression with velocity-based objectives to enforce trajec-
tory consistency, improving fidelity but requiring costly Jacobian–vector prod-
ucts (JVPs) or inaccurate finite-difference approximations. Distribution match-
ing methods [51, 63, 64, 67]instead adopt score-based or adversarial objectives
to align the student’s output distribution with the teacher’s, achieving high
perceptual quality yet prone to mode collapse and instability due to auxiliary
discriminators. Recent concurrent studies [6, 40, 57] have distilled Qwen-Image
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and FLUX into compact 4-NFE or 8-NFE versions, but these still incur high dis-
tillation costs from trajectory-level supervision and extensive teacher sampling.
In contrast, our approach achieves comparable or superior generation quality
with minimal training cost, avoiding recursive distillation and auxiliary network
overhead while maintaining stable optimization.
Efficient Tuning of Diffusion Models. LoRA [23] has been widely adopted
for efficient adaptation of diffusion models via low-rank parameter updates [19,
25,29,39,42,47,60–62,66]. Several works integrate LoRA into distillation or con-
trollable generation: DMD [65] enables faster inference through LoRA-based
distillation; ControlNeXt [43] and TC-LoRA [10] provide adaptive, time- or
condition-dependent LoRA control; Timestep Master [68] assigns LoRA experts
to different noise levels for better representation. Recent models such as Qwen-
Image-Lightning [40] and Qwen-Image-Distill-LoRA [57] embed LoRA into dis-
tilled backbones, producing compact low-step (4–8 NFE) models. However, their
generation quality remains limited. We address this by allocating slow and fast
LoRA adapters according to denoising phases, yielding substantial improve-
ments.

3 Method

In this section, we introduce Glance, a phase-aware acceleration framework that
improves both efficiency and adaptability of diffusion models through slow–fast
paradigm. We first revisit the diffusion model and flow-matching formulation as
preliminaries, then describe our phase-aware LoRA experts and their learning
objectives.

3.1 Preliminary

Diffusion and Flow Matching. Diffusion models [22] learn data distribu-
tions by gradually transforming noise into data through a parameterized de-
noising process. The flow matching formulation [13, 35] interprets diffusion as
learning a continuous velocity field that transports a sample from Gaussian noise
x1 ∼ N (0, I) to clean data x0. At timestep t ∈ [0, 1], the intermediate state is
defined as xt = tx0 + (1 − t)x1, and the model predicts the transport velocity
vθ(xt, t, h) conditioned on guidance h (e.g., text embedding). The objective is a
mean-squared error between the predicted and target velocities:

LFM = Ex0,x1,t,h

[
∥ vθ(xt, t, h)− vt ∥22

]
,

where vt is the groundtruth velocity. To achieve superior performance, the diffu-
sion model is often designed with a large number of network parameters that are
pre-trained on large-scale web data. Apparently, it is computationally expensive
to distill such a big model for step reduction.
Low-Rank Adaptation. To alleviate the above difficulty, LoRA [23] has been
recently applied for rapid distillation diffusion models on target data [4, 68].
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Table 1: Quantitative comparisons on COCO-10k dataset and HPSv2
prompt set.

Model Distill method NFE

COCO-10k prompts HPSv2 prompts

Data align. Prompt align. Pref. align. Prompt align. Pref. align.

FID↓ pFID↓ CLIP↑ VQA↑ HPSv2.1↑ CLIP↑ VQA↑ HPSv2.1↑

FLUX.1 dev - 50 27.8 34.9 0.268 0.900 0.309 0.284 0.805 0.314

FLUX Turbo GAN 8 26.7 32.0 0.267 0.900 0.308 0.286 0.814 0.313
Hyper-FLUX CD+Re 8 29.8 33.3 0.268 0.894 0.309 0.285 0.807 0.315
π-Flow (FLUX) π-ID 8 29.0 35.4 0.268 0.901 0.311 0.285 0.810 0.316
Glance (FLUX) Slow-Fast 8 34.2 40.1 0.259 0.879 0.298 0.276 0.895 0.297
Glance (FLUX) Slow-Fast 10 30.4 37.5 0.265 0.891 0.303 0.282 0.799 0.303

Qwen-Image - 50×2 34.1 45.6 0.282 0.936 0.312 0.302 0.872 0.309
Qwen-Image - 10×2 39.1 52.1 0.265 0.918 0.287 0.288 0.835 0.305
Qwen-Image - 8×2 44.2 56.3 0.263 0.873 0.269 0.287 0.761 0.292

Qwen-Image-Lightning VSD 4 37.5 51.6 0.280 0.935 0.322 0.299 0.867 0.328
π-Flow (Qwen) π-ID 4 36.0 46.1 0.281 0.934 0.314 0.300 0.860 0.310
Glance (Qwen) Slow-Fast 8×2 38.9 52.4 0.273 0.926 0.289 0.287 0.842 0.302
Glance (Qwen) Slow-Fast 10×2 37.8 50.3 0.280 0.932 0.313 0.297 0.849 0.308

Table 2: Quantitative comparisons on OneIG-Bench. * denotes unavailable
results.

Model Distill Method Training Cost NFE Alignment↑ Text↑ Diversity↑ Style↑ Reasoning↑

Data GPU hour

FLUX.1 dev - - - 50 0.790 0.556 0.238 0.370 0.257

FLUX Turbo GAN 1M * 8 0.791 0.334 0.234 0.370 0.239
Hyper-FLUX CD+Re 1.1M 800 8 0.790 0.530 0.198 0.369 0.254
π-Flow (FLUX) π-ID 2.3M 83 8 0.792 0.517 0.234 0.369 0.256
Glance (FLUX) Slow-Fast 1 0.6 8 0.774 0.284 0.196 0.353 0.208
Glance (FLUX) Slow-Fast 1 0.8 10 0.788 0.328 0.204 0.358 0.231

Qwen-Image - - - 50×2 0.880 0.888 0.194 0.427 0.306
Qwen-Image - - - 10×2 0.802 0.693 0.156 0.410 0.290
Qwen-Image - - - 8×2 0.752 0.611 0.148 0.411 0.276

Qwen-Image-Lightning VSD 0.4M 3072 4 0.885 0.923 0.116 0.417 0.311
π-Flow (Qwen) π-ID 2.3M 83 4 0.875 0.892 0.180 0.434 0.298
LoRA (Qwen) Uniform steps 1 0.8 10×2 0.621 0.332 0.097 0.298 0.193
Glance (Qwen) Slow-Fast 1 0.6 8×2 0.863 0.692 0.162 0.414 0.286
Glance (Qwen) Slow-Fast 1 0.8 10×2 0.868 0.734 0.160 0.421 0.303

Specifically, LoRA introduces low-rank decomposition of an extra matrix, Θ′ =
Θ+BA, where Θ ∈ Rd×k denotes the frozen pretrained parameters, and the low-
rank matrices A ∈ Rr×k and B ∈ Rd×r (with r ≪ d, k) constitute the learnable
LoRA parameters.

3.2 Phase-aware LoRA Experts for Phase-wise Denoising

To accelerate the denoising process of pretrained diffusion models while main-
taining generative quality, we retain the pretrained parameters Θ and introduce
a compact yet effective augmentation: a set of phase-specific LoRA adapters.
Each adapter specializes in a specific stage of the denoising trajectory, enabling
the model to adapt dynamically to varying noise levels and semantic complexities
during inference.
Beyond uniform timestep partitioning. Prior works such as Timestep
Master [68] have demonstrated the potential of using multiple LoRA adapters
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trained over different timestep intervals. However, Uniform partitioning assumes
equal contribution from all timesteps, which contradicts the intrinsic non-uniformity
of diffusion dynamics. Empirical analyses and prior studies [3] reveal that dif-
ferent timesteps exhibit markedly different levels of semantic importance: in the
early, high-noise regime, the model primarily reconstructs coarse global struc-
tures and high-level semantics (low-frequency information); in contrast, the later,
low-noise regime refines textures and details (high-frequency information).
Phase-aware partitioning via SNR. To better align expert specialization
with the intrinsic dynamics of the diffusion process, we introduce a phase-aware
partitioning strategy guided by the signal-to-noise ratio (SNR). Unlike timestep
indices, the SNR provides a physically meaningful measure of the relative dom-
inance between signal and noise, and it decreases monotonically as denoising
progresses. At the beginning of the process (t large, high-noise phase), the latent
representation is dominated by noise with a low SNR, making coarse structural
recovery the primary objective. In contrast, as t decreases and SNR rises, the
model transitions into a low-noise regime focused on texture refinement.

Based on this observation, we define a transition boundary ts corresponding
to an SNR threshold (e.g., half of the initial SNR value). Two phase-specific
experts are then employed: a slow expert specialized for the high-noise phase
(t ≥ ts) that focuses on coarse semantic reconstruction, and a fast expert for
the low-noise phase (t < ts) that enhances fine-grained details. This SNR-guided
partition allows each expert to operate in the regime where it is most effective,
forming a semantically meaningful decomposition of the denoising process.
Surprising effectiveness of extremely small training sets. To evaluate
whether phase-wise LoRAs can recover accelerated inference, we initially con-
ducted an overfitting-style experiment using only 10 training samples. Unex-
pectedly, the model rapidly learned a faithful approximation of the accelerated
sampling trajectory. Even more remarkably, reducing the dataset to a single
training sample still produced a stable acceleration behavior.

We attribute this data efficiency to the nature of flow matching. By directly
predicting the target velocity field along the diffusion trajectory, the training ob-
jective bypasses redundant score-matching steps. Consequently, essential struc-
tural knowledge for fast inference can be distilled from only a few examples.
Necessity of carefully designed timestep skipping. Despite this promis-
ing data efficiency, subsequent ablation studies reveal that timestep skipping is
far from arbitrary. Although few-step students can imitate the teacher behavior
in aggregate, not all timesteps contribute equally to the reconstruction dynamics;
naive skipping strategies can severely degrade performance.

To this end, we conducted a comprehensive investigation of different special-
ization schemes. We first explored assigning multiple timesteps to the slow stage
LoRA adapters while keeping a single adapter for the fast stage, and vice versa.
We also tested a degenerate configuration where a single LoRA was trained
across the entire trajectory. However, these variants either lacked the expres-
siveness to capture high-noise complexity or failed to exploit temporal locality
in the low-noise refinement phase.
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Fig. 4: Comparison between Image Generation Benchmarks. Glance further
shows performance trajectories that closely follow those of the corresponding base
models.

Our experiments ultimately show that separating the trajectory into a ded-
icated slow region and a dedicated fast region yields the most robust special-
ization. This design preserves sufficient capacity for modeling the challenging
high-noise dynamics while enabling lightweight refinement in later steps, achiev-
ing a compact yet effective acceleration mechanism.

Flow-matching supervision. Each phase-specific LoRA expert is trained
under a flow-matching supervision scheme that aligns its predicted denoising
direction with the underlying data flow. We denote by i ∈ 1, 2 the index of the
LoRA expert, corresponding to the two phase-specific adapters trained in our
framework. Given the noisy latent xt obtained during the diffusion process, the
i-th LoRA expert predicts a velocity field v̂Θ,Bi,Ai(xt, t, h), which is supervised
against the ground-truth flow vector v⋆t . The training objective is defined as
follows:

LFM(t; i) = Ex,t,h

[
w(t) ∥v̂Θ,Bi,Ai

(xt, t, h)− v⋆t ∥22
]
,

where w(t) denotes an optional timestep-dependent weighting function. By re-
stricting the training samples of each expert to its assigned denoising phase,
the model effectively learns to specialize on distinct noise levels. The resulting
mixture of phase-aware LoRA experts collectively improves the denoising speed,
forming the foundation of our proposed slowfast paradigm.
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Fig. 5: Visual comparison of different Slow–Fast configurations. All images
are generated from the same initial noise using the 50-step base model, our 8/10-step
students, and other few-step models. Glance preserves semantic fidelity under strong
acceleration, while additional steps progressively enhance fine details.

4 Experiments

This section presents a comprehensive evaluation of Glance on the text-to-image
generation task. We first report quantitative results compared with competitive
baselines, followed by detailed ablation analyses. We then discuss the general-
ization behavior of the model and its sensitivity to data scale.

4.1 Experimental Setup

Distillation Setup. We distill two large-scale text-to-image generators, FLUX.1-
12B [28] and Qwen-Image-20B [58], into compact Slow-Fast students. During dis-
tillation, the base parameters inherited from the teacher are kept frozen, while
only the LoRA adapters are optimized. Following Qwen-Image-Distill-LoRA [57],
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we extend the adapter placement beyond the standard attention projections.
Specifically, LoRA modules are injected not only into the query, key, value, and
output projections, but also into auxiliary projection layers and modality-specific
MLPs across both visual and textual branches. This broader integration allows
the student to more effectively capture cross-modal dependencies and retain gen-
eration fidelity despite its compact capacity. For consistency, the results reported
in Table 1 and 2 are both trained using the fox sample illustrated in Fig. 6.
Moreover, the teacher baseline adopts FlowMatchEulerDiscreteScheduler [1], the
official sampler of Qwen-Image.
Evaluation protocol. We conduct a comprehensive evaluation on 10242 high-
resolution image generation from three distinct prompt sets: (a) 10K captions
from the COCO 2014 validation set [31], (b) 3200 prompts from the HPSv2
benchmark [59], (c) 1120 prompts from OneIG-Bench [5], (d) 553 prompts from
the GenEval benchmark [18], (e) 1065 prompts from the DPG-Bench [24], and
(f) 160 prompts from the LongText-Bench [17]. For the COCO and HPSv2 sets,
we report common metrics including FID [20], patch FID (pFID) [30], CLIP
similarity [45], VQAScore [32], and HPSv2.1 [59]. On COCO prompts, FIDs are
computed against real images, reflecting data alignment. On HPSv2, CLIP and
VQAScore measure prompt alignment, while HPSv2 captures human preference
alignment. For OneIG-Bench, GenEval, DPG-Bench, and LongText-Bench, we
adopt their official evaluation protocols and report results based on their respec-
tive benchmark metrics.

4.2 Main Results

We compare Glance against other few-step student models distilled from the
same teacher. For FLUX, we compare against: 8-NFE Hyper-FLUX [48], trained
with consistency distillation (CD) and reward models (Re); 8-NFE FLUX Turbo
[52], based on GAN-like adversarial distillation; π-Flow (FLUX) [6], trained with
policy-based imitation distillation (π-ID). For Qwen-Image, we compare with the
4-NFE Qwen-Image Lighting based on variational score distillation (VSD) and
π-Flow (Qwen). To further evaluate under extremely low-data conditions, we
additionally implement a LoRA-based uniform timestep distillation approach
that uniformly distill time steps using only 1 sample. The results are shown in
Table 1 and 2. In Appendix A, we also explore the Qwen-Image-Edit model [58]
in the image-editing domain.
Overall Performance. As illustrated in Figure 4, Glance exhibits perfor-
mance curves that closely track those of the base models (Qwen-Image and Flux)
across all benchmarks, indicating strong consistency under the accelerated set-
ting. The detailed quantitative summaries in Table 1 and Table 2 confirm this
trend: Glance achieves nearly the same generation quality as the 50-step base
models while running 5× faster. Despite the aggressive acceleration, it main-
tains competitive FID, CLIP, and HPSv2 scores across all benchmarks, show-
ing no clear degradation in visual fidelity or prompt alignment. Moreover, even
when trained with only 1 sample within less than one GPU hour, Glance de-
livers results comparable to other few-step distillation approaches that require
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large-scale datasets and heavy computation. These results underscore the strong
efficiency–performance balance achieved by our approach, validating that
the proposed Slow-Fast LoRA framework can preserve high generation quality
under minimal supervision and limited computational resources.
Visual Fidelity. To further examine the trade-off between speed and qual-
ity, Figure 5 presents qualitative comparisons among our Glance models (8- and
10-step), the base teacher models (8-, 10-, and 50-step), and other 4-step dis-
tillation models such as Qwen-Image-Lightning and π-Flow, all under identical
noise initialization. Even at only eight steps, Glance maintains the teacher’s
global semantics and color composition with minimal loss of fidelity. Increasing
the step count gradually restores fine textures and small structures, indicating
that phase-aware LoRA adaptation preserves the denoising trajectory of teacher
despite extreme acceleration. These observations align with our quantitative find-
ings: the 5× faster model achieves nearly the same quality as the teacher
while requiring only a fraction of the computation.

4.3 Ablation Study

We conduct comprehensive ablation studies to analyze the key factors that con-
tribute to the effectiveness of the proposed Slow–Fast design. Unless otherwise
stated, all experiments are evaluated on OneIG-Bench using Qwen-image as the
teacher model.
The importance of Slow-Fast Design. To verify the effectiveness of the
proposed phase-aware design, we divide the diffusion process into two distinct
denoising stages and systematically vary the LoRA assignment strategy. Specif-
ically, we experiment with five configurations to assess the role of Slow-LoRA
and Fast-LoRA under different timestep allocations. We experiment with five
configurations: (1) phase-aware Slow3–Fast5 setup (ours), (2) Slow3 + Base5,
(3) Base3 + Fast5, (4) single LoRA at identical timesteps, and (5) single LoRA
uniformly sampled across eight timesteps.

As summarized in Table 3, our asymmetric Slow–Fast configuration achieves
the highest performance across all metrics, demonstrating its superior bal-
ance between quality and efficiency. This confirms that aligning LoRA updates
with the semantic-to-refinement progression of denoising leads to more effec-
tive knowledge transfer. In this process, the model performs slow adaptation
during early stages and fast refinement during later stages, achieving better spe-
cialization than uniform or single-expert alternatives. Among all variants, the
Single (uniform) setup performs the worst, confirming the necessity of phase-
wise specialization. Notably, we observe that the early-stage Slow-LoRA con-
tributes more significantly to final image quality, underscoring the importance
of coarse-to-fine adaptation in guiding generation.
If more samples help? To investigate the effect of data composition on LoRA
adaptation, we first randomly select 1 text–image pairs from the Qwen-Image-
Self-Generated-Dataset [12] dataset as the minimal training set. We then scale
up the dataset while keeping the total number of training epochs fixed. As shown
in Table 4, increasing the number of training samples from 1 to 10 and further
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Table 3: Slowfast stage ablation study.

Model Alignment↑ Text↑ Diversity↑ Style↑ Reasoning↑

Slow3–Fast5 0.849 0.614 0.152 0.396 0.284
Slow3 + Base5 0.805 0.567 0.123 0.368 0.255
Base3 + Fast5 0.747 0.521 0.125 0.372 0.243
Single (identical) 0.702 0.453 0.110 0.342 0.218
Single (uniform) 0.621 0.332 0.097 0.298 0.193

to 100 does not lead to notable performance gains. Most metrics remain nearly
unchanged, while the style score even slightly declines, suggesting that simply
enlarging the dataset without enhancing its diversity or phase alignment may
weaken stylistic consistency. These results indicate that for phase-aware LoRA
adaptation, data quality and phase alignment are more crucial than scale, and
that even a single well-chosen sample can achieve effective adaptation.

Table 4: Data ablation study

Model Alignment↑ Text↑ Diversity↑ Style↑ Reasoning↑

1 sample 0.868 0.734 0.160 0.421 0.303
10 samples 0.874 0.758 0.163 0.414 0.296
100 samples 0.876 0.753 0.165 0.418 0.306

Table 5: Timestep ablation study

Model Alignment↑ Text↑ Diversity↑ Style↑ Reasoning↑

Slow3 + Fast5 0.863 0.692 0.162 0.414 0.286
Slow5 + Fast5 0.868 0.734 0.160 0.421 0.303
Slow5 + Fast10 0.874 0.813 0.175 0.422 0.305

Timestep Ablation. In this experiment, we study the influence of the num-
ber of timesteps equipped with LoRA adapters while keeping the data selection
and scale fixed at 1 text–image pairs. We progressively increase the number of
timesteps on which LoRA modules are attached, examining how temporal cov-
erage of adaptation affects generation quality. As shown in Table 5, with more
LoRA-equipped timesteps, the overall performance steadily improves, particu-
larly showing a clear gain in the text metric. This trend indicates that broader
temporal adaptation enables the model to capture more phase-specific
denoising dynamics, leading to improved reconstruction quality.

4.4 Discussion

Generalization Ability of Different Single Training Samples. We con-
duct an ablation study using four distinct single-image settings to examine the
generalization behavior of our framework under extreme data scarcity. Specifi-
cally, we first select in-distribution samples from [12], where the samples are gen-
erated from Qwen-image base model. We select three sample with representing
diverse semantic and structural characteristics: (1) Fox: an anthropomorphic fox
with vibrant red fur and white facial features, (2) Valley landscape: a unique
natural scene featuring a winding spiral valley, and (3) Bookstore: a text-rich
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Training

Sample

Inference
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Fox
Valley 

Bookstore Real-WorldLandscape Gaussian Noise

Fig. 6: Qualitative results from the one-sample training setting. Even trained
on a single image, the model generalizes well to unseen prompts, producing coherent
and detailed results across diverse scenes.

storefront window densely filled with books and signage. Additionally, an out-of-
distribution (OOD) real-world image, depicting a bustling city crosswalk filled
with pedestrians moving in different directions on a clear day, is included to
assess robustness beyond the training domain. For completeness, we also exper-
iment with an extreme setting where the model is trained purely on Gaussian
noise, serving as a control to isolate the effect of meaningful visual content. All
models are trained on different samples using the same configuration to assess
their generalization ability.

From Table 6 and Fig. 6 we observe: i. While the three single-sample settings
exhibit noticeable stylistic differences, their quantitative performance remains
relatively close. ii. The Bookstore (text-rich) model exhibits the weakest gener-
alization, while the fox-trained model demonstrates the strongest. The fox-based
LoRA yields consistent improvements across all evaluation metrics, and Figure 6
further illustrates that it produces images with better convergence and richer



14 Dong et al.

Table 6: 1 data sample study.

Model Alignment↑ Text↑ Diversity↑ Style↑ Reasoning↑

Fox 0.868 0.734 0.160 0.421 0.303
Valley Landscape 0.842 0.712 0.146 0.409 0.299
Bookstore (text-rich) 0.797 0.751 0.131 0.373 0.267
Real-World (OOD) 0.857 0.728 0.153 0.420 0.298

Glance 𝟏𝟎 × 𝟐 NFEQwen-Image 𝟓𝟎 × 𝟐 NFE

Fig. 7: Text-render failure cases. Glance struggles on extremely small text, producing
blurred or distorted characters.

fine-grained details. However, the gap between them is modest. iii. Surprisingly,
the Real-world image (OOD) model also achieves competitive results, with scores
on most metrics only slightly lower than those of the Fox-based LoRA, suggest-
ing that out-of-domain samples can still provide meaningful transferable cues for
denoising adaptation. iv. When trained solely on Gaussian noise, the model fails
to produce any meaningful images, indicating that effective denoising requires
exposure to data that resembles natural image distributions.

Overall, while different samples lead to consistent performance trends, the
quantitative differences are minor. This shows that Glance is not particularly
sensitive to which single image is used for training, and can still learn transferable
denoising behaviors from extremely limited but coherent supervision.
Failure Analysis. Although Glance closely tracks base model performance
across all evaluated benchmarks, a consistent gap remains in text rendering. As
shown in Table 2 and Fig. 4, Glance falls behind Qwen-Image and FLUX by
0.154 and 0.228 on the Text-Render metric, and by 14.7 and 13.0 points on
LongText-Bench, respectively. To better understand this discrepancy, we con-
ducted a detailed inspection of the generated samples. As illustrated in Fig. 7,
failure cases predominantly occur in images containing extremely dense or very
small text, where the model struggles to preserve sharp character boundaries,
often producing blurred strokes or local artifacts. In contrast, when the text is
shorter and occupies a larger spatial extent in the image, Glance is able to repro-
duce it faithfully. These suggest that high-frequency textual details are harder
for the student to capture than general visual content, Such fine-grained details
require precise spatial alignment and are harder to capture during distillation,
especially under few-step constraints.
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5 Conclusion

We present Glance, a lightweight distillation framework that accelerates diffu-
sion inference through a phase-aware Slow–Fast design. The well-studied LoRA
adapters for distinct denoising phases efficiently capture both global semantics
and local refinements. Glance enables high-quality generation with only eight
steps, achieving an 5× speed-up over the base model. Despite being trained
with as few as one image and a few GPU hours, Glance maintains compara-
ble visual fidelity and exhibits strong generalization to unseen prompts. These
results highlight that data- and compute-efficient distillation can retain the ex-
pressive capacity of large diffusion models without sacrificing quality. We believe
Glance serves as a strong candidate for accelerating large-scale diffusion models,
particularly in data-scarce applications.
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