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Figure 1: Structure- and appearance-rich training-free spatial control for text-to-image genera-
tion. We propose a training-free framework that enables high-quality spatial control for pretrained
text-to-image diffusion models under arbitrary spatial conditions. (Left) By introducing strong and
intuitive structure and appearance control, our method effectively addresses key limitations of prior
work such as Ctrl-X (Lin et al., 2024), including structure misalignment, condition leakage, and
artifacts, and (Right) achieves SOTA performance among all training-free methods; in the radar chart,
greater distance from the center indicates superior results.

ABSTRACT

Text-to-image (T2I) diffusion models have shown remarkable success in generating
high-quality images from text prompts. Recent efforts extend these models to
incorporate conditional images (e.g., canny edge) for fine-grained spatial control.
Among them, feature injection methods have emerged as a training-free alternative
to traditional fine-tuning-based approaches. However, they often suffer from
structural misalignment, condition leakage, and visual artifacts, especially when the
condition image diverges significantly from natural RGB distributions. Through an
empirical analysis of existing methods, we identify a key limitation: the sampling
schedule of condition features, previously unexplored, fails to account for the
evolving interplay between structure preservation and domain alignment throughout
diffusion steps. Inspired by this observation, we propose a flexible training-free
framework that decouples the sampling schedule of condition features from the
denoising process, and systematically investigate the spectrum of feature injection
schedules for a higher-quality structure guidance in the feature space. Specifically,
we find that condition features sampled from a single timestep are sufficient,
yielding a simple yet efficient schedule that balances structure alignment and
appearance quality. We further enhance the sampling process by introducing a
restart refinement schedule, and improve the visual quality with an appearance-rich
prompting strategy. Together, these designs enable training-free generation that
is both structure-rich and appearance-rich. Extensive experiments show that our
approach achieves state-of-the-art results across diverse zero-shot conditioning
scenarios.
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1 INTRODUCTION

With the success of text-to-image (T2I) diffusion models (Saharia et al., 2022b; Rombach et al., 2022;
Podell et al., 2024), recent research has explored integrating conditional images, e.g., depth maps
for spatial control. Early approaches, such as ControlNet (Zhang et al., 2023), rely on fine-tuning
or auxiliary networks trained on paired data, which constrains their flexibility and scalability. More
recent studies have shown that the rich structural information encoded within diffusion features can
be exploited to guide image generation without retraining, thereby enabling zero-shot control. They
either introduce additional guidance terms to minimize the feature distance between the condition
and target during denoising (Epstein et al., 2023; Bansal et al., 2023; Mo et al., 2024), or inject
features extracted from the condition image at each timestep into the target image (Hertz et al., 2023;
Tumanyan et al., 2023; Lin et al., 2024). Among them, feature injection-based methods such as
Ctrl-X (Lin et al., 2024) have shown promising performance across diverse conditioning scenarios.

However, these methods still encounter several failures, including structural misalignment, condition
leakage, and visual artifacts (Fig. 1). These issues become more pronounced when the condition
image deviates significantly from natural RGB distributions, e.g., in pose or depth maps (Fig. 5). This
suggests that a key challenge lies in the domain gap between condition and natural image features in
pretrained T2I diffusion models. We hypothesize that the injected condition features often lie outside
the distribution of natural image features, which hinders the synthesis of high-fidelity results. This
motivates us to analyze the temporal dynamics of diffusion features, observing a trade-off between
structural fidelity and domain alignment (see Figs. 2 and 3). These findings expose a fundamental
limitation in existing training-free methods (Hertz et al., 2023; Tumanyan et al., 2023; Lin et al.,
2024), which rely on condition features extracted at the same timestep during denoising. This
schedule fails to accommodate the evolving trade-off across timesteps: early features leads to loss of
structural detail, while late features result in domain mismatch and condition leakage (Fig. 3).

To address this, we generalize the sampling process of condition features and explore the design
space of the feature injection schedule. The result shows that the optimal timestep is neither the same
one as the target output image nor the latest one with the clearest features. Through a comprehensive
investigation, we identify a family of candidate schedules that share an identical last timestep, among
which a constant schedule yields consistently strong results. Building on these insights, we propose a
more flexible feature injection framework that decouples the injection timestep from the denoising
process. To further enhance control precision and visual fidelity, we apply a restart refinement
schedule that iteratively mitigates visual artifacts introduced by injected features, and incorporate
prompt augmentation to ensure semantic alignment with the condition image. Together, these designs
enable structure- and appearance-richer control of pretrained diffusion models (Podell et al., 2024).
Fig. 4 provides an overview of our framework, which consists of three key components: (i) Structure-
Rich Injection (SRI) injects condition features based on a principled sampling schedule; (ii) Restart
Refinement (RR) performs iterative forward–backward denoising; (iii) Appearance-Rich Prompting
(ARP) aligns the semantics of the appearance prompt with the condition image.

Extensive experiments validate the effectiveness of our approach across diverse types of condition
images, demonstrating improved structural consistency, visual fidelity, and semantic alignment
compared to state-of-the-art training-free methods. Furthermore, the idea of our framework can be
readily incorporated into other training-free methods, such as FreeControl (Mo et al., 2024), where it
yields notable improvements, highlighting its versatility. In summary, our contributions are threefold:
(i) We reveal the inherent limitation of existing training-free methods in sampling schedules, and
identify a spectrum of alternatives through a principled analysis of the design space. (ii) Building on
this insight, we propose a novel framework that enables structure- and appearance-rich controllable
T2I generation. (iii) Our proposed method demonstrates state-of-the-art performance in comparison
to previous training-based and training-free baselines, delivering superior structure preservation,
text-image alignment, and visual fidelity.

2 RELATED WORK

2.1 T2I DIFFUSION MODELS

Text-to-image (T2I) diffusion models (Ho et al., 2022; Saharia et al., 2022b; Ramesh et al., 2022;
Rombach et al., 2022) typically leverage U-Net (Ronneberger et al., 2015) or transformer-based
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backbones (Peebles & Xie, 2023; Esser et al., 2024; Labs, 2024) and integrate textual information via
cross-attention or classifier-free guidance (Rombach et al., 2022; Ho & Salimans, 2021; Nichol et al.,
2022). Latent diffusion models like Stable Diffusion (Rombach et al., 2022) introduce compressed
latent spaces to reduce computational cost. In addition to architectural innovations, some work
focuses on improving sampling efficiency (Song et al., 2021; Lu et al., 2022; Karras et al., 2022;
Xu et al., 2023b; Liu et al., 2023; Song et al., 2023; Zhao et al., 2023b). Restart Sampling (Xu
et al., 2023b) proposes alternating between adding noise and denoising to balance discretization error
and contraction. Our work explores sampling strategies in the context of conditional text-to-image
generation.

2.2 TRAINING-BASED CONTROLLABLE DIFFUSION MODELS

It is difficult to convey human preferences through text descriptions alone. Training-based controllable
diffusion models mitigate this problem by training auxiliary modules or fine-tuning the model to
incorporate additional input signals to guide the generation process. According to task characteristics,
these methods can be broadly classified into three categories: (i) Image editing (Brooks et al., 2023;
Goel et al., 2024; Kim et al., 2022; Wang et al., 2023; Sheynin et al., 2024; Geng et al., 2024; Xiao
et al., 2025; Wu et al., 2025; Chen et al., 2025; Le et al., 2025; Xia et al., 2025; Xie et al., 2025; Han
et al., 2024) takes an input image and applies targeted modifications while preserving other regions of
the image; (ii) Image-to-image translation (Isola et al., 2017; Saharia et al., 2022a; Tumanyan et al.,
2022; Ouyang et al., 2025; Park et al., 2019) learns mappings between images of different domains;
(iii) Conditional text-to-image (T2I) generation methods synthesize images that satisfy both a text
prompt and a control condition. Among these approaches, some works condition the generation on
layout cues (e.g., bounding boxes) (Li et al., 2023b; Yang et al., 2023; Wang et al., 2024) or reference
images of specific subjects (Gal et al., 2023; Ruiz et al., 2023; 2024; Avrahami et al., 2023a; Po et al.,
2024; Li et al., 2023a; Zhang et al., 2024b; 2025b; Tan et al., 2025a;b; Chen et al., 2025; Xia et al.,
2025; Xiao et al., 2025; Wu et al., 2025; Le et al., 2025). Another line of work (Zhang et al., 2023;
Mou et al., 2024; Ye et al., 2023; Zhao et al., 2023a; Avrahami et al., 2023b; Zhang et al., 2024b;
2025b; Tan et al., 2025a;b; Li et al., 2024; Xiao et al., 2025; Wu et al., 2025; Chen et al., 2025; Le
et al., 2025; Xia et al., 2025; Xie et al., 2025; Han et al., 2024; Xu et al., 2025b; Zhao et al., 2025)
enables fine-grained structural control by leveraging condition images of different modalities (e.g.,
canny edges, OpenPose keypoints (Cao et al., 2019)). Despite their impressive performance, these
methods all require retraining or fine-tuning on datasets tailored to the control signal, which limits
their generalization to new model checkpoints and novel control conditions.

2.3 TRAINING-FREE CONTROLLABLE DIFFUSION MODELS

On the other hand, training-free controllable diffusion models operate at inference time to achieve
condition control without additional training on task-specific paired data. Similar to Sec. 2.2, we
categorize them into 3 groups: (i) Image editing (Cao et al., 2023; Xu et al., 2024b; Epstein et al.,
2023; Parmar et al., 2023; Zhang et al., 2024a; Tewel et al., 2025; Jia et al., 2025; Couairon et al., 2023;
Feng et al., 2025b; Dalva et al., 2024; Zhu et al., 2025; Avrahami et al., 2025; Wang et al., 2025a;
Xu et al., 2025a; 2024a; Wei et al., 2025; Titov et al., 2024; Hu et al., 2025); (ii) Image-to-image
translation (Su et al., 2023), with some works (Alaluf et al., 2024; Lin et al., 2024; Kwon & Ye, 2023;
Huang et al., 2025; Go et al., 2024; Chung et al., 2024) further conditioning the transformation on an
additional appearance image; (iii) Conditional text-to-image (T2I) generation, which generates
images consistent with both textual prompts and input control signals. These signals range from
coarse layout constraint such as bounding boxes (Xiao et al., 2024; Chen et al., 2024; Xie et al., 2023;
Li et al., 2025; Wang et al., 2025c), semantic references like subject images (Zhang et al., 2025a; Feng
et al., 2025a; Wang et al., 2025b; Ding et al., 2024; Pham et al., 2024; Rout et al., 2025), to condition
images that provide fine-grained control (Lin et al., 2024; Mo et al., 2024; Tumanyan et al., 2023;
Hertz et al., 2023; Bansal et al., 2023; Meng et al., 2022; Kim et al., 2023b; Lee et al., 2025). These
approaches enable flexible control over pre-trained diffusion models and can generalize to novel
control modalities without the cost of additional data collection or retraining. As a training-free
conditional T2I method conditioned on condition images, our approach extends this line of work
by improving both control fidelity and generation quality across diverse visual conditions.
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400 1000

Figure 2: The evolving curves of KL diver-
gence and L2 distance of self-similarity ma-
trices across diffusion timesteps. The denoising
process starts from timestep 1000 (right).

Figure 3: Visualizing diffusion features ex-
tracted from the condition and natural images
at different timesteps. We display the first prin-
cipal component computed for each time step
across all images.

3 REVISITING SAMPLING SCHEDULES OF CONDITION FEATURES

Background. Given a text prompt P and a condition image Istruct of arbitrary modality, the goal
is to generate an output image I that semantically aligns with the prompt P while preserving the
structure of Istruct. To align the structure of the generated image with that of the condition Istruct,
recent training-free approaches such as Ctrl-X (Lin et al., 2024) leverage the diffusion features of
a noisy latent xstruct

t of the condition image. Specifically, they obtain a clean latent of the xstruct
0 by

encoding Istruct using a Variational Auto-Encoder, and then obtain its noisy version xstruct
t through

DDIM inversion (Song et al., 2021) or the diffusion forward process. Intermediate features are
subsequently extracted from designated layers of the model backbone, and condition features are
injected into those of I at each timestep. We denote these condition features as f struct

l,t , where l refers
to the layer index and t denotes the timestep.

Limitations of Existing Methods. While enabling zero-shot spatial control with diverse condition
modalities, these methods often suffer from structural misalignment and condition leakage. For
instance, Ctrl-X (Lin et al., 2024) fails to preserve the structure of the panda (Fig. 1). Empirically, we
observe that these failures are further exacerbated when the condition image deviates substantially
from natural RGB images, as in the case of pose or depth maps shown in Fig. 5. This suggests that a
key challenge lies in the domain gap between the condition and natural image distributions in the
feature space of pretrained diffusion models. We hypothesize that the injected features f struct

l,t fall
outside the distribution of natural image features, thereby reducing their effectiveness in preserving
the structure of the condition image Istruct during generation.

Empirical Analysis. To validate this hypothesis, we quantitatively analyze features from 100 pairs
of condition images across five common modalities (see Appx. C). As shown by the orange curve
in Fig. 2, self-similarity distance decreases as noise is reduced, reflecting a progressive gain of fine-
grained spatial cues. However, this improved structural fidelity comes at the cost of reduced domain
alignment: the green curve in Fig. 2 shows that the KL divergence increases at lower timesteps,
indicating a widening domain gap between natural and condition features.

We further conduct principal component analysis and visualize the diffusion features in Fig. 3. There
exists a visible discrepancy between the features of the condition image and its natural counterpart,
which is more pronounced at smaller timesteps. Another notable pattern is that the primary structural
information intended to be preserved emerges in the middle stage, while modality-specific details
become more prominent in the late stage. These observations highlight the limitations of previous
methods: as the sampling schedule progresses, the early features convey only coarse structural cues,
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Structure-Rich Injection

Restart Refinement

“An image 
of a bear”

“A front shot 
image of a 
bear’s head”

Appearance-Rich Prompting

Add Noise
Sample

Inject Feature

U-Net

Inject Attention
Latent

U-Net
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Figure 4: Method overview. Given a condition image Istruct and a prompt P , our method generates an
output image I, aligning semantically with P while preserving the structure of Istruct. Our framework
consists of three key components. (i) The Structure-Rich Injection (SRI) module (blue) injects
structure-rich condition features f struct

l,g(t) and attentions Astruct
l,g(t) into the output feature space to enable

spatial control (Sec. 4.1). (ii) The Restart Refinement (RR) module (pink) iteratively adds noise to
and denoises I to refine visual details such as the eyes of the bear (Sec. 4.2). (iii) The Appearance-
Rich Prompting (ARP) module (green) derives an enriched prompt Papp based on the semantics of
the condition image Istruct to generate a reference image Iapp for appearance transfer (Sec. 4.3).

whereas late features introduce out-of-distribution details in the output image, leading to structure
misalignment and condition leakage.

Our Insight. Motivated by these observations, we generalize the sampling schedule of condition
features, decoupling it from the denoising process, and explore the function space of feature injection
schedules. In this framework, the structure latent from which the injected feature is extracted lies
at timestep g(t), with g(t) = t covering the case in previous approaches as a special instance. We
systematically explore different forms of g(t) and evaluate their impact on structure alignment and
visual quality (see Sec. 5.3 for details).

After a principled investigation, we conclude that (i) the optimal condition timestep is neither the
output timestep nor the smallest (clearest) one, but lies in the middle stage; and (ii) schedules
with their last timestep anchored around medium timesteps consistently deliver the optimal balance
between structural fidelity and visual quality, largely independent of their functional form.

4 METHOD

Building on the insights in Sec. 3, we introduce a training-free controllable T2I generation framework
that enables flexible, structure- and appearance-richer control.

Our approach comprises three key components, as illustrated in Fig. 4: (i) Structure-Rich Injection
(SRI) injects condition features based on a principled sampling schedule, with a better balance of
structure preservation and domain alignment (Sec. 4.1); (ii) Restart Refinement (RR) schedule
performs iterative refinement to suppress visual artifacts and improve overall image fidelity (Sec. 4.2).
(iii) Appearance-Rich Prompting (ARP) enriches the original prompt P with detailed descriptions
informed by Istruct, facilitating appearance guidance (Sec. 4.3). Together, these modules enable
structure- and appearance-aware generation across diverse conditions, all in a zero-shot, training-free
manner. We now describe each component in detail.

4.1 STRUCTURE-RICH INJECTION

The structure-rich injection strategy adopts a sampling schedule where the extracted condition features
are both semantically compatible and structurally informative. Specifically, we begin by encoding
the structure condition image Istruct using the model backbone to obtain the condition features and
attention maps, as illustrated in Fig. 4. Prior work (Hertz et al., 2023; Tumanyan et al., 2023; Mo
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et al., 2024; Lin et al., 2024) typically extracts condition features f struct
l,t and attention maps Astruct

l,t at
the same timestep t as the denoising step used for generating the output image I (the bottom branch
of the U-Net in Fig. 4), where l denotes the specific U-Net layer to be injected.

According to the empirical analysis in Sec. 3, however, we select features from a separate schedule
g(t), where g(·) is a general function of the current timestep t. As shown in the blue block of Fig. 4,
the extracted features f struct

l,g(t) and attention maps Astruct
l,g(t) are then used to replace their counterparts fl,t

and Al,t in the generation backbone at timestep t:
fl,t ← f struct

l,g(t) and Al,t ← Astruct
l,g(t). (1)

Note that we only apply our structure-rich injection for timesteps t ≥ τ , where τ denotes the structure
control schedule.

Single-Step Sampling and Caching. Empirical findings in Sec. 3 demonstrate that medium-timestep
schedules consistently yield the optimal balance between structure preservation and visual quality,
largely independent of function forms, and even a constant-timestep schedule achieves competitive
results. Guided by this observation, we adopt a constant schedule g(t) = 600 for all subsequent
experiments. An additional benefit of a constant schedule is computational efficiency. Since the
features of the condition image need to be computed only once, they can then be cached and reused
throughout the denoising process. Please refer to Sec. 5 and Appx. F.1 for detailed results.

4.2 RESTART REFINEMENT

Despite a carefully designed injection schedule, structure-rich features can still introduce out-of-
distribution artifacts and condition leakage during denoising. To address this, we adopt a restart
refinement schedule inspired by diffusion-based sampling methods (Xu et al., 2023b). As illustrated
in the pink block of Fig. 4, after several rounds of structure and appearance control, we inject noise at
an intermediate timestep tmin, effectively restarting the denoising process by transitioning the latent to
tmax step. A DDIM backward step (Song et al., 2021) is then applied. This forward–backward cycle
is repeated N times within [tmin, tmax]. In the ith iteration (i ∈ {0, . . . , N − 1}), the restart proceeds
as follows:

(Forward)x(i+1)
tmax

= x
(i)
tmin

+ ϵtmin→tmax , (Backward)x(i+1)
tmin

= hDDIM(x
(i+1)
tmax

, tmax → tmin),

where the initial x(0)
tmin

is obtained by simulating the DDIM step until tmin: x(0)
tmin

= hDDIM(xT , T →
tmin), and the noise ϵtmin→tmax is sampled from the perturbation kernel from tmin to tmax. Through this
schedule, our approach achieves better visual fidelity, as demonstrated in the ablation study in Fig. 8.

4.3 APPEARANCE-RICH PROMPTING

To enhance the realism of the generated image, prior work (Mo et al., 2024; Lin et al., 2024) generates
an auxiliary appearance image Iapp and perform appearance transfer (the middle branch of the
U-Net in Fig. 4; see Appx. D for technical details). However, brief and ambiguous user prompts
sometimes hinder the establishment of semantic correspondence between the appearance image Iapp

and the output image I in existing appearance transfer methods, leading to artifacts. For example,
as illustrated in Fig. 4, the condition image is a frontal view of a cat’s head, while the text prompt
specifies ”a bear”, resulting in an appearance image Iapp that depicts a full-body bear.

To tackle this issue, we propose Appearance-Rich Prompting (ARP), a strategy that leverages
multimodal large language models (Achiam et al., 2023) to systematically align the semantics of P
with those of the conditions Istruct , as shown in the green block of Fig. 4. Illustrative examples are
provided in the ablation study in Fig. 8. Please refer to Appx. D for details of the prompt engineering
pipeline E .

5 EXPERIMENTS

5.1 SETUP

Dataset. We base our evaluation on datasets from prior work (Mo et al., 2024; Lin et al., 2024).
However, many of the condition types in prior datasets are underrepresented, resulting in an imbal-
anced distribution. To enable more consistent evaluation, we collect seven commonly used structural
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An origami 
of 

a tiger

A painting  
of a woman 

dancing

A photo of a 
tiger looking 

at a large 
white egg on 

the beach

A sculpture 
of a husky

Condition Prompt Ours Ctrl-X FreeControl PnP InfEdit ControlNet T2I-Adapter

Training-free Methods Training-based Methods

Figure 5: Qualitative comparison with existing methods. Our method effectively addresses
common failure modes observed in previous methods: structure misalignment, condition leakage,
and visual artifacts, generating high-quality images that adhere closely to the prompts with strong
spatial alignment.

Normal map An origami  
of a bear

A sculpture  
of a cat

Human pose A photo of Arthur 
Dayne walking, carrying a 

sword in one hand

A photo of Darth Vader 
walking, carrying a 

lightsaber in one hand

3D mesh A skeleton of a  
dinosaur on display  

in a museum

A cartoon of a black 
dragon, resting in a cave 

full of gold

Segmentation 
mask

A painting  
of a living room

A photo of the  
living quarters of a 

pirate ship

Scribble 
drawing

A painting of  
two slices of Pepperoni  

Pizza on a plate 

A photo of  
two slices of apple pie  

on a plate 
SMPL A photo of  

Iron Man
A photo of 

Gipsy Danger, from 
Pacific Rim

Condition Ours Condition Ours Condition Ours

Figure 6: Qualitative results for more control conditions. Our method can handle a variety of
challenging condition images and prompts, including those infeasible for training-based approaches.

conditions: canny edges, depth maps, normal maps, human poses, segmentation masks, HED edges,
and scribble drawings, and construct a more balanced dataset with over 20 image-text pairs for each
condition type.

Baselines. We evaluate our method against 6 existing training-free baselines: Ctrl-X (Lin et al., 2024),
FreeControl (Mo et al., 2024), PnP (Tumanyan et al., 2023), P2P (Hertz et al., 2023), SDEdit (Meng
et al., 2022), and InfEdit (Xu et al., 2024a), as well as 2 training-based baselines: ControlNet (Zhang
et al., 2023) and T2I-Adapter (Mou et al., 2024). Experiment results on four condition types supported
by T2I-Adapter-SDXL (canny, depth, normal, and pose) are provided in Appx. F.3. Wherever
possible, we implement each method using SDXL 1.0 (Podell et al., 2024); otherwise, we use their
best-performing publicly available checkpoints. To ensure a fair comparison, we use 50 denoising
steps and 50 inversion steps for all baselines.

Evaluation Metrics. Following prior work (Mo et al., 2024; Lin et al., 2024), we employ three
widely-adopted metrics for comparison. (i) CLIP score (Radford et al., 2021) measures text-image
alignment via cosine similarity between the CLIP embeddings of the generated image and text prompt.
(ii) DINO self-similarity score (Self-sim) (Caron et al., 2021; Tumanyan et al., 2022) quantifies
structural alignment in the DINO-ViT feature space. (iii) Condition LPIPS score (LPIPS) (Zhang
et al., 2018) measures perceptual deviation between the generated image and the condition image.

In addition to traditional metrics, we further adopt three reward model metrics that more accurately
reflect human preferences. (i) DreamSim (Fu et al., 2023) evaluates the perceptual similarity of two
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a cat
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base

Condition Prompt A B C D E F G H I

Figure 7: Ablation of different injection schedules of SRI. We report quantitative (Top) and
qualitative (Bottom) results for different injection schedules.
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Figure 8: Ablation of ARP and RR. (Left) ARP mitigates incorrect appearance transfers and
reduces artifacts. (Right) RR significantly reduces condition leakage and appearance artifacts while
maintaining structural alignment. See Fig. 15 and Fig. 16 in the appendix for more cases.

images by capturing both mid-level similarities (image layout, object pose, semantic content) and
low-level attributes (color, texture). (ii) ImageReward (Xu et al., 2023a) measures image quality and
text-image alignment based on a reward model trained with human feedback. (iii) HPSv2 (Wu et al.,
2023) serves as a reliable indicator of overall generation quality aligned with human judgments. To
ensure the accuracy of the results, all quantitative comparisons and ablation studies were repeated
three times, and we report the mean results across these runs.

5.2 COMPARISON WITH STATE-OF-THE-ART (SOTA)

Analysis. Figs. 1 and 5 present quantitative and qualitative comparisons between our method and
existing baselines, respectively. While training-based approaches like ControlNet (Zhang et al., 2023)
and T2I-Adapter (Mou et al., 2024) exhibit lower Self-sim scores, they often fail to adhere to the
text prompts (e.g., origami, white egg, sculpture in Fig. 5), leading to impaired text-image alignment.
In contrast, our method achieves robust structural alignment while maintaining superior text-image
consistency.

On the other hand, training-free baselines exhibit several limitations. SDEdit (Meng et al., 2022),
PnP (Tumanyan et al., 2023), and P2P (Hertz et al., 2023) are prone to condition leakage, producing
outputs that closely resemble the condition image. FreeControl (Mo et al., 2024) and InfEdit (Xu
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A cartoon of a 
Volkswagen 

beetle

A photo of two 
colorful floral 
arrangements 

An 
embroidery of 

a bear

Condition Prompt FreeControl FreeControl+Ours

Figure 9: Integrating our method as a plug-in into FreeControl (Mo et al., 2024). Our method
consistently improves FreeControl on both quantitative and qualitative evaluations, achieving stronger
structure fidelity and perceptual quality.

Time (s) Memory (GB) Preference Rate

InfEdit (Xu et al., 2024a) 31.84 52.44 11.42%
FreeControl (Mo et al., 2024) 781.57 55.46 10.67%
Ctrl-X (Lin et al., 2024) 19.37 18.79 21.67%
Ours 18.79 18.77 56.25%

Table 1: Computational efficiency and user study. Our method achieves the fastest inference speed
(18.79s per image) among strong baselines including Ctrl-X (Lin et al., 2024) and FreeControl (Mo
et al., 2024). Moreover, 56.25% of human users prefer our method over the baselines.

et al., 2024a) yield unstable results, often generating images with inferior text-image alignment
and artifacts (rows 1-4). Ctrl-X (Lin et al., 2024) performs reliably in many cases but still suffers
structural misalignment (row 4), condition leakage (row 2), and artifacts (rows 1 and 3) as shown in
Fig. 5. In contrast, our method consistently outperforms these baselines in structural preservation,
text-image alignment, and visual quality, excelling in difficult scenarios such as abstract conditions
(e.g., pose), multi-object scenes, and challenging prompts (e.g., origami). Quantitative evaluations
further confirm the advantage of our approach. As shown in Fig. 1, our method surpasses training-free
baselines across nearly all metrics. Please refer to Figs. 19 and 20 and Tab. 4 in the appendix for
additional results.

Similar to prior studies (Fu et al., 2023; Xu et al., 2023a; Wu et al., 2023; Ma et al., 2025), we
find that reward models exhibit stronger alignment with human preferences than traditional metrics.
Accordingly, in the subsequent experiments, we primarily report results based on three reward-model
metrics.

User Study. We further conduct human evaluations to validate the effectiveness of our framework.
We compare our method against 3 strongest baselines: InfEdit (Xu et al., 2024a), FreeControl (Mo
et al., 2024) and Ctrl-X (Lin et al., 2024), and randomly sample 30 cases from the dataset. 40
participants with related backgrounds are asked to select the most preferred result for each case,
accounting for structure alignment with the condition image, semantic consistency with the prompt,
and visual quality. Tab. 1 shows the result of the human evaluation, where 56.25% of participants
prefer the results produced by our method. Again, this highlights the effectiveness of our approach.
Please refer to Appx. E for more details of experiment execution.

Computational Efficiency. While the RR module introduces more sampling steps, our single-step
sampling and caching strategy effectively eliminate redundant feature computations, ensuring high
efficiency. Tab. 1 reports the average inference time and memory used by the 4 strongest methods on
a single A800 GPU. Our method achieves the fastest inference speed and the relatively low memory
cost, confirming the computational efficiency of our method. Please refer to Appx. F for the time
consumption of each module within our method.

9
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5.3 ABLATION STUDY

Structure-Rich Injection. In this section, we explore different forms of injection schedules g(t) and
evaluate their impact on structure alignment and visual fidelity. The results are shown in Fig. 7. Our
ablation on linear schedules (Fig. 7, A–D) reveals a clear trade-off: schedules biased toward larger
timesteps (A) weaken structural alignment and increase DreamSim scores, whereas those biased
toward smaller timesteps (C–D) degrade both visual quality (lower HPSv2 and ImageReward scores)
and structural fidelity due to excessive modality-specific cues. In contrast, the medium-timestep
schedules (B) strike a favorable balance, yielding stronger structure preservation without sacrificing
visual realism.

Beyond linear functions, we further examine a family of schedules (E–I) that share the same final
timestep but differ in monotonicity, convexity, and initialization. Interestingly, all of them deliver
consistently strong performance, suggesting robustness to functional variations. Empirically, we
find that convex functions slightly outperform concave ones, and even a constant-timestep schedule
achieves competitive results.

Dream-
Sim ↓

Image-
Reward ↑ HPSv2 ↑

w/o ARP 0.558 0.799 0.308
w/o RR 0.544 0.518 0.286
Ours 0.554 0.855 0.309

Table 2: Quantitative ablation of ARP and
RR.

Appearance-Rich Prompting. Fig. 8 demonstrates
that the ARP module effectively adapts the prompt
to capture key visual attributes of the condition im-
age. As shown in Tab. 2, removing the ARP module
decreases performance across all three metrics, ver-
ifying its effectiveness in enhancing structural preser-
vation and visual fidelity.

Restart Refinement. As shown in Fig. 8, the RR
schedule mitigates both condition leakage and arti-
facts, leading to improved generation quality while
maintaining strong structural alignment. Tab. 2 suggests that RR improves visual fidelity but partly
compromises structural alignment, which is consistent with its intended design: it relaxes overly
rigid structural constraints in order to mitigate condition leakage (see Fig. 1) and improve perceptual
quality.

5.4 IMPROVEMENT OVER PRIOR METHODS

Our pipeline can serve as a plug-in to enhance other U-Net-based conditional T2I approaches. As an
example, we applied our method to FreeControl (Mo et al., 2024), another recent conditional T2I
model. As shown in Fig. 9, our approach consistently improves FreeControl across three evaluation
metrics. Qualitative comparisons in Fig. 9 further highlight that FreeControl with our method yields
outputs with both stronger structural preservation and higher perceptual quality.

6 CONCLUSION

We propose a training-free framework for conditional text-to-image (T2I) generation. By leveraging
the features of pretrained diffusion models in a principled manner, our method balances structural
fidelity and appearance quality while automatically enhancing image realism and prompt relevance.
Our investigation facilitates the understanding of the feature space of T2I diffusion models and
achieves a strong, general, and robust solution for injection-based pipelines.

Limitations and future directions. Although we draw meaningful conclusions from principled
investigations and design an effective method, it remains a promising future direction to interpret the
empirical results theoretically. A formal explanation in a high-dimensional feature space is a non-
trivial task, and it requires further dedication from the research community. The second limitation of
our approach is that the appearance-rich prompting module requires access to a multimodal language
model. We recognize that it may raise concerns regarding privacy and safety, and hope our findings
and analysis can shed light on controllable visual content creation.
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7 STATEMENTS

Ethics statement. Although our experiments include human pose conditions, we do not involve
human faces or any personally identifiable data, so there are no direct privacy concerns. Our method
enables higher-quality and more realistic controllable generation without additional training or
optimization. However, this capability and accessibility also raise the risk of malicious use of
pretrained generative models (e.g., deepfakes). We urge the community not to misuse our method
for deceptive or harmful purposes, such as spreading misinformation or generating non-consensual
content. In response to such safety concerns, large generative models have increasingly incorporated
safeguards. Likewise, our framework can inherit these protections, as it is built on a pretrained
backbone, and its plug-and-play nature allows the open-source community to scrutinize and enhance
its safety.

Reproducibility statement. We include full implementation details and experimental setups in the
appendix to ensure reproducibility. For a complete explanation of our analysis of diffusion features,
please refer to Appx. C. We provide the implementation details of our proposed method as well as a
complete description of the experimental setups in Appx. D and Appx. E.
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APPENDIX

We first provide LLM usage statement in Appx. A. We provide preliminaries in Appx. B. In Appx. C,
we further analyze the domain gap and structure preservation of diffusion features. Then we elaborate
on the implementation details of our proposed method in Appx. D and the experimental setups in
Appx. E. We show additional experimental results in Appx. F.

A THE USE OF LARGE LANGUAGE MODELS (LLMS)

We used large language models (LLMs) to assist in refining the paper’s writing and producing the
appearance prompt in the ARP module. We used LLMs to enable ARP in the experiments. LLMs
played no significant role in the research ideation of this paper.

B PRELIMINARIES

Diffusion Models. Diffusion models are a family of probabilistic generative models characterized by
two processes.

The forward process iteratively adds Gaussian noise to a clean image x0 to obtain xt for time step
t ∼ [1, T ], which can be reparameterized in terms of a noise schedule αt where

xt =
√
αtx0 +

√
1− αtϵ, (2)

for ϵ ∼ N (0, I).

The backward process generates images by iteratively denoising an initial Gaussian noise xT ∼
N (0, I), also known as diffusion sampling (Ho et al., 2020). This process uses a parameterized
denoising network ϵθ conditioned on a text prompt P , where at time step t we obtain a cleaner xt−1

as
xt−1 =

√
αt−1x̂t +

√
1− αt−1ϵθ(xt | t,P), (3)

x̂t =
xt −

√
1− αtϵθ(xt | t,P)√

αt
. (4)

Intuitively, x̂t approximates the initial clean image, which is subsequently perturbed with an appro-
priate amount of noise to produce the input for the following timestep.

Guidance. The iterative inference of diffusion enables people to guide the sampling process on
auxiliary information. Guidance modifies Eq. (3) to compose additional score functions that point
toward richer and specifically conditioned distributions (Bansal et al., 2023; Epstein et al., 2023),
expressed as

ϵ̂θ(xt | t,P) = ϵ(xt | t,P)− sg(xt | t, y), (5)

where g is an energy function and s is the guidance strength. In practice, g can range from classifier-
free guidance (where g = ϵ and y = ∅, i.e. the empty prompt) to improve image quality and prompt
adherence for T2I diffusion (Ho & Salimans, 2021; Rombach et al., 2022), to arbitrary gradients
computed from auxiliary models or diffusion features common to guidance-based controllable
generation (Bansal et al., 2023; Epstein et al., 2023; Mo et al., 2024). Thus, guidance provides
the customizability on the type and variety of conditioning for controllable generation, as it merely
requires a differentiable loss with respect to xt. However, the need for backpropagation during
inference often leads to increased memory consumption and slower inference speed. Moreover,
guidance-based methods often fail to capture fine structural details in controllable generation tasks.

Diffusion U-Net architecture. Many pretrained T2I diffusion models are text-conditioned U-Nets,
which contain an encoder and a decoder that downsample and then upsample the input xt to predict
ϵ, with long skip connections between matching encoder and decoder resolutions (Ho et al., 2020;
Rombach et al., 2022; Podell et al., 2024). Each encoder/decoder block contains convolution layers,
self-attention layers, and cross-attention layers: The first two control both structure and appearance,
and the last injects textual information. Thus, many training-free controllable generation methods
utilize these layers, through direct manipulation (Hertz et al., 2023; Tumanyan et al., 2023; Kim et al.,
2023a; Alaluf et al., 2024; Xu et al., 2024a) or for computing guidance losses (Epstein et al., 2023;
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Figure 10: Fourier analysis of noisy latents under canny edge and depth map conditions. (Left)
Average L2 distance between natural and condition image DFT spectra over timesteps. Subfigures
(a)–(d) and (e)–(h) show the DFT spectra of four randomly selected images for both conditions at
different timesteps. In each group, (a/e) and (b/f) correspond to condition latents at tlow and thigh,
while (c/g) and (d/h) correspond to natural latents at tlow and thigh, respectively. (Right) Average
high-frequency component ratio over timesteps.

Mo et al., 2024), with self-attention most commonly used. Let fl,t ∈ RHW×c be the diffusion feature
with height H , width W , and channel size c at time step t right before attention layer l. Then, the
self-attention operation is

Q = fl,tW
Q
l , K = fl,tW

K
l , V = fl,tW

V
l ,

fl,t ← AV, A = softmax

(
QK⊤
√
d

)
,

(6)

where WQ
l ,W

K
l ,WV

l ∈ Rc×d are linear transformations which produce the query Q, key K, and
value V, respectively, and d is the dimensionality of the attention space. The softmax operation is
applied across the second (HW )-dimension (typically, c = d in diffusion models). Intuitively, the
attention map A ∈ R(HW )×(HW ) encodes how each pixel in Q corresponds to each in K, which
then rearranges and weighs V. The rich structural information embedded in U-Net features lays
the foundation for extensive training-free controllable generation approaches, and, together with the
common issues of training-free methods, motivates us to study the temporal dynamics of diffusion
features.

C ADDITIONAL ANALYSES

C.1 KL DIVERGENCE

To analyze the domain gap between natural images and condition images, we collect 20 natural
images from the ImageNet-T2IR dataset from (Tumanyan et al., 2023). Then we use the ControlNet
processor (Zhang et al., 2023) to convert these natural images into 5 conditions (canny edge, depth
map, normal map, HED edge, and scribble drawing), resulting in 100 natural-condition image pairs.

To quantify the distributional difference, we extract diffusion features at a fixed timestep for each
image, flatten them into feature maps (size (HW )×F ), and concatenate all features from each domain.
We then apply PCA to the combined feature set and retain only the first principal component. Each
image is thus projected into a 1-dimensional vector of HW values along this dominant component.

We estimate a probability distribution over these projections for each domain using Gaussian KDE.
Specifically, we sample 1000 evenly spaced points between the minimum and maximum values
observed in the two distributions. We then compute the KL divergence between the estimated
densities of condition and natural images:

KL(P∥Q) =

1000∑
i=1

p(xi) log
p(xi)

q(xi)
, (7)

20



1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133

Under review as a conference paper at ICLR 2026

where p(x) and q(x) denote the normalized KDE densities of condition and natural images, respec-
tively. We repeat this computation across timesteps to observe how the domain gap evolves during
the diffusion process.

C.2 SELF-SIMILARITY

Following (Tumanyan et al., 2022), we adopt the DINO self-similarity distance Caron et al. (2021)
to quantify structural similarity between images. In Vision Transformer (ViT) (Dosovitskiy et al.,
2021), an image is first divided into a sequence of non-overlapping patches, which are then linearly
embedded and processed as tokens. In each Transformer layer, the tokens are projected into queries,
keys, and values as follows:

Ql = Tl−1W
Q
l , Kl = Tl−1W

K
l , Vl = Tl−1W

V
l , (8)

where Tl(I) denotes the output tokens for layer l for image I, and WQ
l , WK

l , and WV
l are the

corresponding query, key, and value weight matrices, respectively.

To capture an image’s internal structure, we compute its DINO self-similarity matrix at the final
Transformer layer L:

SL(I)ij = cos sim (kL(I)i, kL(I)j) , (9)
where KL(I)=[kL(I)cls, kL(I)1, . . . , kL(I)n] are the key embeddings from the last layer for image
I (n denotes the number of patch tokens), and cos sim denotes cosine similarity.

As shown in (Tumanyan et al., 2022), this self-similarity-based descriptor can effectively capture the
structure of an image while ignoring appearance details. Given two images I1 and I2, their structural
distance is computed as the ℓ2 distance between their self-similarity matrices:

Lstruct = ∥SL(I1)− SL(I2)∥2 , (10)

where SL(I) is defined in Eq. (9).

C.3 DISCRETE FOURIER TRANSFORMATION (DFT)
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Figure 11: Average L2 distance between natural
and condition image DFT spectra over diffusion
timesteps . Results are averaged over all five con-
ditions.

As an alternative to quantifying the domain gap
between natural and condition images, we em-
ploy the Discrete Fourier Transformation (DFT)
to analyze differences in their frequency com-
ponents. Specifically, we begin by extracting
diffusion feature maps for natural and condi-
tion images at a fixed timestep, following the
method described in Appx. C.1. Since DFT
typically operates on spatial images rather than
high-dimensional feature tensors, we use the dif-
fusion decoder to transform these feature maps
back into RGB images. We then apply DFT to
the decoded images to obtain their frequency
spectra and compute the L2 distance between
the spectra of natural and condition image pairs.

This process is repeated across all diffusion timesteps, and the resulting distances are averaged over
the same 100 natural-condition image pairs as described in Appx. C.1. As shown in Fig. 11, the
average L2 distance between the frequency spectra decreases progressively as the diffusion timestep
increases. This trend indicates that the diffusion process gradually reduces the frequency-domain gap
between natural and condition images—consistent with our findings in Sec. 3.

To further investigate how frequency components evolve through the diffusion process, we conduct
a detailed analysis on two representative conditions: canny edge and depth map. Intuitively, canny
edges, characterized by sharp edges and detailed contours, are expected to exhibit a higher proportion
of high-frequency components in their DFT spectrum. In contrast, depth maps tend to be dominated
by smooth gradients, suggesting a stronger presence of low-frequency components.

As illustrated in Fig. 10, the average L2 distance between the DFT spectra of natural and condition
latents decreases over time for both conditions, consistent with the trend shown in Fig. 11. We also
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“Replace objects 

in <d1> with 

semantically-related 

objects in  ……”

Object(s): a bear

Visible part: head

Shooting angle: front shot

Object(s): a cat

Visible part: head

Shooting angle: front shot

“Identify all the 

main objects in 

the image ……”

“Modify   based 

on <d2> ……” “A front shot image 
of a bear’s head”

“An image of a bear”

<d1> <d2>

Figure 12: Illustration of the Appearance-Rich Prompting (ARP) module. Given the original text
prompt P , our module derives an appearance-rich prompt Papp by integrating semantic information
from the condition image Istruct.

visualize DFT spectra of both image types at two representative timesteps of the denoising trajectory,
denoted as tlow and thigh. In practice, we set tlow = 1 and thigh = 981. Since SDXL inference
performs 50 denoising steps, steps 1 and 981 correspond to the lowest and highest noise levels in the
denoising process. At tlow, canny edge spectra exhibit dispersed high-activation regions, indicative of
prominent high-frequency composition. In contrast, depth map spectra show energy concentrated
near the center, reflecting low-frequency dominance. Both differ markedly from the corresponding
spectra of natural images. At thigh, due to accumulated noise, the DFT spectra for all images become
visually similar.

This pattern is further confirmed by the right panel of Fig. 10, which plots the ratio of high-frequency
components—defined as the proportion of DFT energy outside a centered circle with a radius equal to
one-sixth of the image size—over timesteps. Initially, canny features are dominated by high-frequency
content, while depth exhibits more low-frequency patterns. These differences gradually converge,
reflecting a narrowing frequency-domain gap between different conditions.

D METHOD DETAILS

D.1 SPATIALLY-AWARE APPEARANCE TRANSFER

We build our method on top of the spatially-aware appearance transfer mechanism proposed in
Ctrl-X (Lin et al., 2024). Specifically, given diffusion features f out

l,t and f app
l,t from the output and

appearance branches respectively, Ctrl-X (Lin et al., 2024) computes a cross-image attention map as
follows:

A = softmax

(
QoutKapp⊤
√
d

)
,

Qout = norm(f out
l,t )W

Q
l , Kapp = norm(f app

l,t )W
K
l ,

(11)

where norm(·) is applied across the spatial dimension (HW ) and removes global statistics across
spatial dimensions to isolate structural correspondence.

Subsequently, attention-weighted statistics are computed from the appearance features:

M = Af app
l,t ,

S =
√
A(f app

l,t ⊙ f app
l,t )− (M⊙M),

(12)

which are then used to modulate the output features:
f out
l,t ← S⊙ f out

l,t +M. (13)

D.2 APPEARANCE-RICH PROMPTING

Directly using the original prompt for appearance transfer may lead to artifacts in the generated image,
since such prompts tend to be brief and lacking in semantic correspondence with the condition image
(see Sec. 4.3 for details). To overcome this limitation, we propose a pipeline that enriches the original
text prompt P with semantic information extracted from the structure condition image Istruct, yielding
a more appearance-rich prompt Papp for generating the final appearance image Iapp. As illustrated
in Fig. 12, we first utilize GPT-4o Achiam et al. (2023) to extract key semantic entities from the
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condition image to produce dictionary ⟨d1⟩. To facilitate semantic alignment between the condition
image and the text prompt, we further employ GPT-4o Achiam et al. (2023) to identify and associate
these extracted entities with semantically-related elements in the original text, modifying ⟨d1⟩ to
produce ⟨d2⟩. Finally, we revise the original prompt P using the extracted semantic information,
producing an enhanced appearance prompt Papp. To help the multimodal LLM correctly follow
instructions and mitigate erroneous semantic transfer, our pipeline stores intermediate information in
structured dictionaries, enabling more controlled and interpretable prompt editing. More examples of
the Appearance-Rich Prompting (ARP) module are provided in Fig. 15. For the full prompt used
with GPT-4o Achiam et al. (2023) for Appearance-Rich Prompting, see the accompanying .txt file in
the supplementary material.

E EXPERIMENT SETUP DETAILS

E.1 IMPLEMENTATION DETAILS

We implement our method with Diffusers (von Platen et al., 2022) on SDXL 1.0 (Podell et al., 2024)
and adopt the same injection layers following previous work (Lin et al., 2024). We sample I with
50 steps of DDIM sampling and set η = 1 (Song et al., 2021). For structure-rich injection, we set
τ = 400 and C = 600.

For restart refinement, we set σtmin
= 1.0, σtmax

= 2.0, N = 3, S = 5, where S is the total number
of timesteps in the restart backward process. For the restart backward process, we adopt the same
noise schedule as the base model, SDXL (Podell et al., 2024), which is:

σmin =

√
βmin

1− βmin
, σmax =

√
βmax

1− βmax
, (14)

σt = σmin − (σmax − σmin)
t

T − 1
, αt =

1

1 + σ2
t

, βt = 1− αt, (15)

where βmin = 0.00085 and βmax = 0.012.

For self-recurrence, we set t′min = 500, t′max = 900, N ′ = 2, where t′max is the self-recurrence
starting point, t′min is the self-recurrence end point, and N ′ is the number of self-recurrence (Lin et al.,
2024). We run most experiments on NVIDIA Tesla V100 GPUs. For FreeControl (Mo et al., 2024),
InfEdit (Xu et al., 2024a), and computational efficiency comparisons, we run the experiments on
A800 GPUs.

For any input condition image Istruct, we preprocess it with a dilation and unsharp masking operation.
Specifically, we binarize the image, perform a distance transform operation to detect the minimum
line width w. If wmin ≤ w ≤ wmax, we dilate Istruct with kernel size ke. On the other hand, if the
inverted image meets the standard, we erode Istruct. We set wmin = 25, wmax = 50 and ke = 10. Then
we perform unsharp masking (1+γ) · Idilate−γ ·B to modify the dilated (eroded) image, where Idilate

denotes the dilated (eroded) input condition image, γ = 50, and B is the Gaussian blur operation
with blur radius r = 3. We empirically find the two operations beneficial for highlighting object
boundaries and improving structure preservation.

E.2 DATASET DETAILS

We construct our dataset based on the conditional generation datasets from Ctrl-X (Lin et al., 2024)
and FreeControl (Mo et al., 2024). Specifically, for conditions canny edge, depth map, normal map,
HED edge, and scribble drawing, we select condition-prompt pairs from both datasets and merge
them. We collect a total of 15 condition images per condition and form 22 condition-prompt pairs for
canny edge and 21 pairs for each of the remaining four conditions.

For human pose and segmentation map, since both original datasets contain limited examples, we
supplement them by collecting additional human pose images from the web and segmentation masks
from the ADE20K (Zhou et al., 2017) dataset. We obtain 15 images for each of these two conditions
and pair them with text prompts using a combination of templates and hand annotation, resulting in
21 image-prompt pairs for human pose and 23 for segmentation mask.
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Figure 13: Screenshot of the user study interface. Participants are presented with the inputs and
asked to select the best result from four randomly shuffled candidates.

E.3 USER STUDY DETAILS

We hereby provide the detailed protocol used for our subjective user study. For each case, participants
with relevant expertise are asked to select the best image from four anonymous, randomly shuffled
results according to a holistic criterion. The instruction provided in the questionnaire is: Please select
the best image, considering its structural alignment with the Input Image, semantic consistency with
the Input Text, and visual quality. Fig. 13 shows the interface of the user study.

E.4 COMPUTATIONAL EFFICIENCY EXPERIMENT DETAILS

We evaluate the baselines on our dataset to compare their average inference time and memory usage.
Specifically, we implement FreeControl (Mo et al., 2024), Ctrl-X (Lin et al., 2024), and our method
using SDXL 1.0 (Podell et al., 2024) checkpoints. For InfEdit (Xu et al., 2024a), we utilize the LCM
Dreamshaper v7 (Luo et al., 2023) checkpoint (based on SD1.5), as it is the only model provided
in their official codebase. To ensure a fair comparison, we generate 1024× 1024 images using 50
sampling steps for all methods.

F ADDITIONAL EXPERIMENTAL RESULTS

F.1 COMPUTATIONAL EFFICIENCY

Complementing the overall efficiency comparison against prior works in Tab. 1, we further analyze
the specific runtime contribution of each module within our pipeline in Tab. 3. The SRI module,
which dominates the computation (85.1%), represents the core injection framework responsible for
handling both condition and appearance image features. Notably, the additional latency introduced
by the RR and ARP modules is marginal, accounting for only 6.8% and 8.1% of the total inference
time, respectively. Despite their low computational overhead, these components play a critical role in
significantly enhancing image quality, as evidenced by the ablation study in Tab. 2.

Table 3: Proportion of inference time consumed by each module of our method.

Module Percentage of Inference Time

SRI 85.1%
RR 6.8%
ARP 8.1%
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Table 4: Additional quantitative comparison of controllable T2I. Our method consistently sur-
passes all training-free baselines in structure preservation, image-text alignment, and visual diversity.
The best results are in bold, and the second best are underlined.

Method Self-sim ↓ CLIP ↑ LPIPS ↑ Dream-
Sim ↓

Image-
Reward ↑ HPSv2 ↑

ControlNet (Zhang et al., 2023) 0.067 0.309 0.701 0.509 0.298 0.285
T2I-Adapter (Mou et al., 2024) 0.116 0.287 0.728 0.636 -0.050 0.261

SDEdit (Meng et al., 2022) 0.154 0.259 0.315 0.734 -1.374 0.189
P2P (Hertz et al., 2023) 0.197 0.251 0.266 0.724 -1.786 0.168
PnP (Tumanyan et al., 2023) 0.157 0.256 0.151 0.724 -1.789 0.168
InfEdit (Xu et al., 2024a) 0.135 0.296 0.357 0.636 -0.202 0.244
FreeControl (Mo et al., 2024) 0.116 0.320 0.667 0.626 0.554 0.285
Ctrl-X (Lin et al., 2024) 0.104 0.315 0.650 0.579 0.291 0.283
Ours 0.096 0.322 0.662 0.558 0.897 0.313

F.2 ADDITIONAL QUALITATIVE RESULTS

We provide additional qualitative comparisons with baselines in Fig. 19 and additional qualitative
results for a broader range of condition types in Fig. 20. Our method demonstrates strong generation
performance across both common and challenging conditions. It also handles diverse and complex
text prompts effectively. As a training-free approach, it generalizes effortlessly to various in-the-
wild conditions without any additional training cost, producing high-quality outputs. This level of
zero-shot generalization is often unattainable for training-based methods.

F.3 ADDITIONAL QUANTITATIVE RESULTS

Since T2I-Adapter-SDXL (Mou et al., 2024) supports only four (canny, depth, normal, and pose) out
of the seven condition types in our dataset, we further conduct a quantitative comparison limited to
these four types. As shown in Tab. 4, our method outperforms all baselines across almost every metric.
Notably, these metrics jointly assess both structure preservation (e.g., DINO self-similarity (Tumanyan
et al., 2022), DreamSim (Fu et al., 2023)) and generation quality (e.g., ImageReward (Xu et al.,
2023a), HPSv2 (Wu et al., 2023)), highlighting the effectiveness of our approach.

F.4 ADDITIONAL ABLATION STUDY

We present additional ablation studies on key components of our proposed method to validate our
design choices. The results are shown in Fig. 14, Fig. 15, and Fig. 16.

Structure-Rich Injection. As a complementary study to the SRI ablation presented in Sec. 5.3,
we further investigate the choice of constants in the case of constant injection. Specifically, we
evaluate the effects of the injection schedule g(t) = C across various C values. As shown in
Fig. 14, lower C values result in severe conditional leakage due to a pronounced domain gap (e.g.
C = 0). In contrast, higher values of C (e.g. C = 800) produce more natural appearances with
higher fidelity but compromise structural control. Empirically, C = 600 achieves the best balance
between appearance fidelity and structure control, significantly outperforming the synchronous
injection baseline by enhancing structural alignment, suppressing condition leakage and reducing
visual artifacts simultaneously.

Appearance-Rich Prompting. Fig. 15 demonstrates the effectiveness of appearance-rich prompting
in enhancing semantic alignment between the structural condition and the appearance image. This
strategy helps recover missing semantic elements (e.g., “building” in row 1 and “hand” in row 3),
significantly reducing visual artifacts and improving the overall quality of the generated images.

Restart Refinement. Fig. 16 illustrates the efficacy of restart refinement in mitigating visual artifacts
(e.g., the duplicated eye on the rabbit’s body and the incorrect eyes in the husky’s background).
Additionally, it alleviates condition leakage under abstract conditions (e.g., pose), further improving
generation fidelity.
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The number of restart iterations N . We also conduct an ablation study of restart iterations N . As
shown in Fig. 17, setting N = 1 is not adequate for suppressing visual artifacts, and both N = 3
and N = 5 yield high-quality outputs. Consequently, we set N = 3 for optimal visual quality and
computational efficiency.

An image of a 
castle

An embroidery 
of a goldfish

A toy of a violin

A pattern of a 
castle

Condition Prompt 0 200 400 600 800

A video-game 
of a bear

A toy of a tuna

A cartoon of a 
pickup

Figure 14: Additional ablation of Structure-Rich Injection (SRI). For asynchronous injection
g(t) = C, lower C suffers from conditional leakage, while higher values improve appearance fidelity
at the cost of structural control. The optimal trade-off is achieved at C = 600, outperforming the
synchronous schedule (g(t) = t).
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A photo of a tiger

A front shot photo 
of a tiger. A water 

tank and a building 
in the background

An image of a 
hummingbird

A side-shot image 
of a hummingbird. 

A hand in the 
background

A front-shot 
image of a bear’s 

head

An image of a 
bear

Condition Prompt Appearance Output Prompt Appearance Output

w/o ARP w/ ARP

A front shot 
image of a violin's 
full body. A book 
in the background.

An image of a 
violin

An image of a 
goldfish

A side-shot image 
of a goldfish’s full 

body

Figure 15: Additional ablation of Appearance-Rich Prompting (ARP). This module improves
semantic alignment with the condition image by adapting prompts to better capture key visual
attributes, thereby mitigating incorrect appearance transfers and reducing artifacts.

A man dancing 
on the stage

A couple 
walking on the 

beach

A rabbit A pattern of a 
husky

Condition Prompt w/o RR w/ RR Condition Prompt w/o RR w/ RR

A family 
walking in the 

park
A toy of a 

violin

Figure 16: Additional ablation of Restart Refinement (RR). This strategy significantly mitigates
condition leakage and appearance artifacts, improving generation quality while maintaining structural
alignment.
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A photo of a man 
dancing on the 

stage

A photo of 
Arthur Dayne 

walking, carrying 
a sword in one 

hand

Condition Prompt

Figure 17: Additional ablation of restart iterations N . Setting N = 1 is not adequate for
suppressing visual artifacts, and both N = 3 and N = 5 yield high-quality outputs. Consequently,
we set N = 3 for optimal visual quality and computational efficiency.

F.5 EXPERIMENTS ON DIT-BASED ARCHITECTURES

While our main experiments focused on U-Net-based models (e.g., SDXL, SD1.5) for conditional
T2I generation, we conducted exploratory experiments to extend our feature injection paradigm
to the Diffusion Transformer (DiT) architecture, specifically FLUX (Labs, 2024). We adopted
two distinct strategies to select effective injection layers. First, following the recent analysis by
Avrahami et al. (2025), we injected condition features exclusively into the identified “vital layers”1

of FLUX. As shown in Fig. 18, this strategy resulted in negligible structural alignment, indicating
that the control signal was insufficient to modulate the deep multimodal attention layers of DiT. To
strengthen the control, we subsequently attempted feature injection across all 56 layers. However,
this setting resulted in severe condition leakage: the model over-prioritized the condition features,
reproducing only the coarse structure of the input while failing to generate coherent textures, leading
to significantly degraded appearance quality.

Identifying the optimal injection layers for structure and appearance control within FLUX is a non-
trivial task, given the combinatorial search space of 256 possible subsets and the complex text–image
interactions inherent in its multimodal attention layers. Designing a robust, training-free structure-
and-appearance control framework for DiT requires extensive investigation that lies beyond the scope
of this work. We therefore leave this exploration to future work.

A toy of a 
panda

A photo of a 
jeep

A sculpture 
of a cat

A photo of a 
church

Condition Prompt Vital Layers All Layers Condition Prompt Vital Layers All Layers

Figure 18: Results of feature injection for structure control in DiT. Injecting vital layers (Avrahami
et al., 2025) results in inadequate structure alignment, whereas injecting all layers leads to severe
condition leakage.

1The authors of StableFlow (Avrahami et al., 2025) identified nine vital layers for training-free image editing
in FLUX through removal-influence analysis. They are layers 0, 1, 17, 18, 25, 28, 53, 54, 56.

28



1512
1513
1514
1515
1516
1517
1518
1519
1520
1521
1522
1523
1524
1525
1526
1527
1528
1529
1530
1531
1532
1533
1534
1535
1536
1537
1538
1539
1540
1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556
1557
1558
1559
1560
1561
1562
1563
1564
1565

Under review as a conference paper at ICLR 2026

C
on

di
tio

n
Pr

om
pt An origami 

of a 
goldfish

An 
embroidery 

of a 
minivan

A photo 
 of a man 
running a 
marathon

A toy of a 
violin

A photo 
of a castle

A photo of a 
speedboat in 

front of a 
waterfall

A painting 
of a 

medieval 
castle

O
ur
s

C
trl

-X
Fr

ee
C

on
tro

l
SD

Ed
it

P2
P

Pn
P

In
fE

di
t

C
on

tro
lN

et
T2

I-
A

da
pt

er

Tr
ai

ni
ng

-f
re

e 
M

et
ho

ds
Tr

ai
ni

ng
-b

as
ed

 M
et

ho
ds

Canny Scribble Pose Depth HED Seg Normal

Figure 19: Qualitative comparison with existing methods.
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“a painting of a Chinese emperor 
with his hand on his head” 

“a caricature of Donald Trump, 
wearing a black suit and a red tie” Canny edge “a painting of a man sitting looking 

at the sunset, on the terrace” 

“a photo of a man looking at a 
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city in the background” 
Depth map

“a sculpture of a penguin” “a photo of four egrets, by the 
stream” HED edge “a painting of a policeman 
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caveman on a bicycle” Normal map

“a man dancing on the stage” “a photo of Iron Man dancing” Human pose “a marble sculpture of a lamp 
displayed in a museum”

“a painting of a mushroom in an 
enchanted forest”Segmentation mask

“an orange Lamborghini parked by 
the beach, summertime” 
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city, at night” 3D mesh “a portrait of a young woman, dark 
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“a portrait of Joker” Point cloud
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covered in mud” “a pair of black Converse shoes” Wireframe

“a photo of a cobblestone path 
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birds-eye view” 
“a photo of a city intersection 
in Minecraft, birds-eye view” Metadrive “a house at night, with 

Halloween decorations” 
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hut by the sea” AutoCAD viewport

Condition Ours Condition Ours

Figure 20: Qualitative results for more control conditions.
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