
FREESTYLE: An Anchor-Free Mechanism for Training-Free
Style-Aligned Image Generation

Minseok Oh* 1 Jihun Park* 1 Jongmin Gim 1 Minwoo Choi 1

Kyoungmin Lee 1 Ferdinando Fioretto† 2 Sunghoon Im† 1

1DGIST, Republic of Korea 2 University of Virginia, USA
{harrymark0, pjh2857, jongmin4422, subminu, kyoungmin, sunghoonim}@dgist.ac.kr

fioretto@virginia.edu

“Parrot” “Mouse” “Seahorse” “Owl” “Rabbit” “Dragon”

… in papercut art style

… in cyberpunk art style

… in abstract expressionism style.

“Hovering vehicles” “Battle mech” “Train” “Drones” “Cityscape” “Icebreaker”

“Planet” “UFO” “Atom” “Telescope” “Rocket” “Comet”

Concept note 1: Street Sci-Fi

Concept note 2: Cosmic Dreams

Concept note 3: Paper-world Creatures

Figure 1. FREESTYLE generates images that maintain consistent style across varied objects given a shared style condition

Abstract

Text-to-Image (T2I) generation models have become cen-
tral to creative workflows, where producing style-consistent

*Equal contribution.
†Co-corresponding authors.

image sets is crucial for applications such as visual iden-
tity design, illustration, and asset creation. While recent
training-free methods have enabled efficient style-aligned
synthesis, they commonly rely on anchor-dependent prop-
agation, where style features from a single reference im-
age are shared across the batch. This dependency of-



ten leads to inconsistent results: when the anchor fails
to capture the intended reference style, its unintended ar-
tifacts are propagated to all samples, and excessive fea-
ture sharing further causes content leakage and seman-
tic distortion. To overcome these limitations, we propose
FREESTYLE, a training-free and anchor-free framework
for robust style alignment within a scale-wise autoregres-
sive generation paradigm. Our method integrates three
core components—Majority Voting (MV), which aggre-
gates dominant style cues across the batch to form a rep-
resentative style feature; Majority Style Injection (MSI),
which adaptively injects these aggregated features to en-
force global style coherence; and Set-Based Projection
(SBP), which refines local object regions by projecting them
onto a shared style manifold for context-aware adapta-
tion. Extensive experiments demonstrate that, without any
retraining or parameter updates, FREESTYLE achieves
state-of-the-art performance in both style consistency and
content preservation, while maintaining real-time inference
efficiency.

1. Introduction
Text-to-Image (T2I) generation models [7, 9, 11, 20, 21, 27,
29, 38] have emerged as a cornerstone of modern creative
production. Owing to their accessibility and seamless in-
tegration into open conversational AI systems, they have
rapidly expanded across a wide range of design and con-
tent creation domains. While these models excel at gener-
ating novel and diverse imagery, practical creative work-
flows increasingly demand style-aligned synthesis from
user-specified references, as well as the ability to produce
image sets that maintain consistent stylistic identity for ap-
plications such as logos, posters, and game assets. However,
these settings introduce a fundamental challenge: achieving
cross-sample style coherence while simultaneously preserv-
ing faithful adherence to the textual semantics.

To address this challenge, several works have introduced
fine-tuning approaches incorporating lightweight adapters,
such as LoRA [15], into large-scale T2I models [8, 32, 36,
44]. While effective at adapting styles from reference in-
puts, these methods require additional training costs and
thus remain impractical for real-world applications. Con-
sequently, recent studies [13, 22, 25, 26, 45] have shifted
toward training-free paradigms that preserve the pre-trained
model knowledge while enabling fast style-aligned genera-
tion.

Despite their effectiveness, diffusion-based approaches
such as AlignedGen [45] and StyleAligned [13] inher-
ently suffer from long inference times due to the iterative
denoising process of diffusion models. In contrast, [25]
employs a scale-wise autoregressive architecture [11, 39],
which progressively refines features from coarse to fine

scales, enabling significantly faster synthesis while main-
taining competitive style consistency. This makes the au-
toregressive paradigm particularly appealing for training-
free style alignment, where real-time or large-batch genera-
tion is essential.

Nevertheless, existing training-free approaches still suf-
fer from the anchor-dependency problem: style cues ex-
tracted from a single (first) sample are shared with the rest
of the batch. When this anchor fails to accurately reflect the
intended target style, its unintended stylistic attributes are
propagated to other images, yielding batch-wide inconsis-
tency and artifacts (Fig. 2-second row). In addition, such
global sharing can induce content leakage, where object se-
mantics are inadvertently distorted by over-shared style fea-
tures, as shown in Fig. 2-first row.

To address these limitations, we introduce FREESTYLE,
a training-free framework that achieves fast, robust, and
anchor-free style alignment within the scale-wise autore-
gressive generation paradigm. Our method identifies repre-
sentative style information across the batch while preserv-
ing object integrity through three complementary mecha-
nisms: (i) Majority Voting (MV), which aggregates dom-
inant style cues across samples to construct a representa-
tive style feature; (ii) Majority Style Injection (MSI), which
adaptively injects these aggregated features through spa-
tially aware blending to enforce global coherence; and (iii)
Set-Based Projection (SBP), which refines object regions by
projecting them onto a shared style manifold, ensuring lo-
calized style consistency without semantic distortion. To-
gether, these components enable FREESTYLE to achieve
state-of-the-art style-aligned generation performance while
fully preserving the high-quality generation capability of
the base model—without any additional training or modi-
fication to pretrained parameters.

In summary, our contributions are as follows:
• We present FREESTYLE, a training-free, anchor-free

framework for style-aligned image generation within a
scale-wise autoregressive paradigm, achieving state-of-
the-art performance in both style consistency and object
relevancy.

• We introduce Majority Voting (MV), a batch-level mech-
anism that extracts representative style features by aggre-
gating dominant cues across samples.

• We design two complementary modules—Majority Style
Injection (MSI) and Set-Based Projection (SBP)—that
collaboratively enforce global style coherence and local
object-aware adaptation.

2. Related works
Text-to-image generation. Recent advances in text-to-
image (T2I) generation have been driven by large-scale
text–image datasets [2, 34] and rapid progress in generative
modeling. Early GAN-based approaches [10, 18] enabled



{A crystal vase, A pocket watch, A compass, A leather-bound journal}

{Flowers, Golden gate bridge, A chair, Trees}

… in vintage still life photography style. 

… in watercolor painting style.

Figure 2. Qualitative comparison between anchor dependent model StyleAR [42] (red box) and our method (green box). Top row: StyleAR
enforces global style consistency, but the first sample acts as an anchor, causing content leakage from the anchor. Bottom row: When the
anchor fails to realize the target style (e.g. watercolor painting), later samples inherit this failure. In contrast, our method maintains style
consistency while minimizing cross-sample content leakage and expressing the target style across all samples.

conditional image synthesis but often suffered from train-
ing instability and limited text–image alignment. Subse-
quently, diffusion-based models and flow matching models
[7, 14, 20, 21, 27, 29, 33] became the dominant paradigm,
achieving superior visual and text fidelity through iterative
denoising. These models have also been widely extended to
tasks such as image editing, style transfer, and personalized
generation [1, 12, 17, 19, 31, 40], but their slow inference
remains a major bottleneck. To improve efficiency, scale-
wise autoregressive approaches [11, 38, 39] have emerged,
modeling discrete latent tokens via next-scale prediction to
achieve faster synthesis while maintaining competitive im-
age quality. Despite these advancements, both diffusion and
scale-wise autoregressive models still struggle with style
alignment and content fidelity, which are essential for prac-
tical creative workflows.

Style-Aligned image generation. Style-aligned image
generation aims to produce image sets that share a unified
visual style while preserving content fidelity and textual
alignment. Early approaches addressed this through fine-
tuning-based strategies [8, 23, 30, 32, 35, 36, 44], which
extend personalized generation pipelines with lightweight
adapters, such as LoRA [15], to encode reference style in-
formation. While effective, these methods require further
optimization and model updates, which limit their practi-
cality in real-time scenarios. To reduce training costs, re-
cent training-free methods align style directly during in-
ference while preserving the knowledge of the pretrained
model. Diffusion-based frameworks, such as Aligned-
Gen [45] and StyleAligned [13], achieve cross-sample con-
sistency by sharing features or attention maps across de-
noising steps. However, their iterative process leads to high

computational overhead and slow inference. To improve ef-
ficiency, [25] adopts a scale-wise autoregressive architec-
ture [11, 39], enabling fast, progressive generation with-
out fine-tuning. However, most training-free approaches re-
main anchor-dependent, sharing style features from a single
reference image across the batch, which propagates style ar-
tifacts or causes content leakage when the anchor underrep-
resents the target style.

3. Preliminaries
Our approach builds upon the architecture of Infinity [11],
a state-of-the-art text-to-image (T2I) generation model fol-
lowing the next-scale prediction paradigm [39]. The model
consists of a pretrained text encoder ET , an autoregressive
transformer G for next-scale prediction, and a decoder D
that reconstructs the final image from multi-scale feature
representations. This progressive, resolution-aware refine-
ment enables efficient, high-fidelity image synthesis while
maintaining semantic coherence across scales.

Given a text prompt T , the text encoder produces contex-
tual embeddings ET (T ), which condition the autoregres-
sive generation process. Starting from a start-of-sequence
token ⟨SOS⟩ as the initial feature map F0, the transformer
G sequentially predicts residual feature maps of increasing
spatial resolution across generation steps s ∈ {1, 2, . . . , S}:

rs = G(Fs−1, ET (T )), rs ∈ RC×hs×ws , (1)

where hs and ws denote the height and width of each step
s. Each residual feature is then upsampled to a fixed spatial
size H ×W to form the high-resolution representation:

Rs = upH×W (rs), Rs ∈ RC×H×W . (2)
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Figure 3. Overall pipeline. The ⟨SOS⟩ token and condition are encoded by the text encoder and fed into the transformer. Cross-attention
maps used to derive the style and object masks, Msty

s and Mobj
s . Majority Voting (MV) then extracts a representative style residual feature

Rmaj
s , which is adaptively injected to unify the overall style through Majority Style Injection (MSI), while Set-Based Projection (SBP)

refines object regions to reflect style information from the style set.

The upsampled residuals are progressively accumulated
to form the aggregated representation; after all scales are
processed, the final aggregated feature map FS encodes
multi-scale semantic and structural information, which the
decoder D transforms into the final image:

Fs =

s∑
i=1

Ri, I = D(FS). (3)

4. Methods

4.1. Overall Pipeline
Given an N -samples batch of text prompts T = {Tn}Nn=1,
our goal is to generate corresponding images I = {In}Nn=1

that maintain a unified visual style while depicting distinct
objects. Each prompt T consists of distinct object prompts
T obj and a shared style prompt T sty. All prompts are jointly
processed as a batch, ensuring that style features can be
shared across samples.

As illustrated in Fig. 3, given the encoded text prompts,
the model generates latent representations for each sample
while synchronously applying our batch-level style align-
ment modules. At each step, Majority Voting (MV) aggre-
gates the most representative style patterns across the batch
to form a style dominant residual feature Rmaj

s (Sec. 4.2).
This feature is then propagated through Majority Style In-
jection (MSI), which enforces global style coherence by
adaptively blending Rmaj

s into each sample’s latent features
according to their style–object attention balance (Sec. 4.3).
However, because MSI performs spatially uniform blend-
ing, it can overlook subtle, object-specific variations. To
address this, Set-Based Projection (SBP) refines object fea-
tures by projecting them onto a shared set of representative

style exemplars, enriching under-styled or inconsistent re-
gions with contextually compatible cues (Sec. 4.4).

4.2. Majority Voting (MV)
To mitigate the dependency on a single (anchor) sample,
we extract the dominant style feature across the batch using
a Majority Voting (MV) mechanism. The goal is to iden-
tify representative style cues that are consistently expressed
among samples, rather than relying on the style of any spe-
cific sample. At each generation step s, the method operates
on residual features Rs = {Rn

s }Nn=1 and utilizes attention
masks defined for style and object tokens (Msty

s ,Mobj
s ) to

localize their respective influences. We first compute the
cross-attention maps Hsty

s and Hobj
s for the style and object

tokens, respectively. These maps are derived using the im-
age query Qs and the key embeddings (Ksty,Kobj), which
are obtained from the corresponding token representations
Tsty and Tobj as follows:

Hsty
s = Softmax

(
QsK

sty ⊤
√
d

)
, Hsty

s ∈ RN×H×W ,

Hobj
s = Softmax

(
QsK

obj ⊤
√
d

)
, Hobj

s ∈ RN×H×W ,

(4)

where d denotes the dimension of the feature. Then, binary
masks Msty

s and Mobj
s are obtained by thresholding the nor-

malized attention maps:

Msty
s =

{
1, if Hsty

s > τ sty
s ,

0, otherwise,
, Msty

s ∈ BN×H×W ,

Mobj
s =

{
1, if Hobj

s > τ obj
s ,

0, otherwise,
, Mobj

s ∈ BN×H×W ,

(5)



Algorithm 1 Majority Voting
Input: Latent residual features Rs = {R1

s, · · · , RN
s }, style

masks Msty
s , object masks Mobj

s

Output: Representative style residual feature Rmaj
s

1: M̄s ←Msty
s ∩ (1−Mobj

s ) # Define style-centric region
2: for each spatial position (h,w) do
3: C = {} # initialize index set.
4: for each batch index n do
5: if M̄s[n, h,w] = 1 then
6: C ← C ∪ {n} # Collect batch indices where style-

centric region is active at (h,w).
7: end if
8: end for
9: if |C| = 0 then

10: C ← {1, . . . , N} # Fallback: use all samples if no
style-centric region exists.

11: end if
12: µ← 1

|C|
∑

n∈C R
n
s [h,w]

n∗ ← argminn∈C ∥Rn
s [h,w]− µ∥22

Rmaj
s [h,w]← Rn∗

s [h,w]
13: end for
14: M obj

s , M sty
s ← Union over all N samples of Mobj

s , Msty
s

15: Robj
s ← Rmaj

s ⊙M obj
s , Rsty

s ← Rmaj
s ⊙M sty

s

16: Rada
s ← AdaIN(Robj

s , Rsty
s ) [16]

17: Rmaj
s ← Rada

s ⊙ (M obj
s ) +Rmaj

s ⊙ (1−M obj
s )

18: return Rmaj
s

where τ sty
s and τ obj

s are determined leveraging Otsu’s thresh-
olding method [24]. Using these masks, the majority vot-
ing algorithm described in Alg. 1 compares latent features
across all samples at each spatial position (h,w) ∈ [1, H]×
[1,W ] using the masks and selects the one that best repre-
sents the batch-wise majority style. This process yields a
single representative style residual feature, Rmaj

s .

4.3. Majority Style Injection (MSI)

Once the representative style residual feature Rmaj
s is de-

rived through Majority Voting (MV), we propagate it back
to each sample to enforce global style consistency while
preserving object fidelity. This process, termed Majority
Style Injection (MSI), adaptively blends the shared style fea-
ture into each sample’s features. Specifically, at each gener-
ation step s, the residual features Rs are updated as follows:

Rs ← (1−αs)Rs +αsR
maj
s , Rs ∈ RN×C×H×W

(6)
Here, Rmaj

s is broadcast across the batch dimension, while
αs is broadcast along the channel dimension.

The adaptive blending weight αs ∈ RN×H×W is com-
puted based on the relative strength of style and object at-

tention maps as follows:

αs =


Hsty

s

Hsty
s +Hobj

s + ϵ
, Mobj

s = 1,

1, Mobj
s = 0,

, (7)

where ϵ denotes a small constant for numerical stability.
The adaptive weight set αs controls the balance between
style and content: it preserves geometry in object-focused
regions and strengthens style coherence elsewhere.

4.4. Set-Based Projection (SBP)
While Majority Style Injection (MSI) promotes global
stylistic harmony across the batch, its spatially uniform
blending restricts adaptation to object-specific variations,
often failing to inject contextually appropriate styles for
each object. To address this limitation, we introduce a Set-
Based Projection (SBP) mechanism that adaptively refines
object features by referencing a shared set of representative
style exemplars.

Inspired by [5], which recast diffusion sampling as up-
dates with projections onto constraint sets, we construct a
representative style set Ssty

s that encapsulates style features
from the style-dominant regions of Rmaj

s :

Ssty
s = {Rmaj

s [h,w] |M sty
s [h,w] = 1}, (8)

where M sty
s is the union over all N samples of Msty

s , and
each element Rmaj

s [h,w] corresponds to a local feature vec-
tor of Rmaj

s from spatial position (h,w) ∈ [1,H] × [1,W ].
This set serves as a compact and reusable memory of style
exemplars shared across the batch.

For each sample, within the object regions Mobj
s , we ex-

tract the local object residual features as follows:

R̂obj
s = Rs ⊙Mobj

s , (9)

where ⊙ denotes the Hadamard Product. We then project
them toward the nearest representative style vector in Ssty

s .
To seamlessly blend the representative style into each local
object feature, we identify the most similar style exemplar
ΠSBP ∈ RN×H×W in the feature space as:

ΠSBP = argmin
x∈Ssty

s

∥∥x− R̂obj
s [h,w]

∥∥2
2
, (10)

∀h ∈ {1, . . . ,H}, w ∈ {1, . . . ,W}.

We then interpolate the projected feature map ΠSBP with
the local object residual features R̂obj

s to obtain the final
style-aligned residual feature Rs:

Rs ← (1−αs)R̂
obj
s +αs ΠSBP, (11)

where R̂obj
s ∈ RN×C×H×W , and αs (defined in Equ. (7))

is broadcast along the channel dimension. This projection-
based refinement preserves object-specific characteristics
while enforcing coherent and context-aware style integra-
tion across the batch.



5. Experiments

5.1. Implementation details
We build our framework upon the pretrained Infinity 2B
model [11], which follows a scale-wise autoregressive gen-
eration paradigm. The model predicts residual feature maps
over 12 steps and employs a quantized codebook with 232

entries, producing latent feature maps of spatial resolution
64 × 64 with 32 channels. All components of the original
architecture remain unchanged, and no additional training
or parameter updates are performed during inference.

Our proposed modules, Majority Voting (MV), Majority
Style Injection (MSI), and Set-Based Projection (SBP), are
applied throughout all generation steps. We conduct all ex-
periments using a single NVIDIA A6000 GPU. Generating
four 1024×1024 images in parallel requires approximately
7.92 seconds in total (1.98 seconds per image).

5.2. Evaluation Setup
Benchmark. Following the evaluation protocol of
StyleAligned [13], we evaluate our method using the same
benchmark consisting of 100 style–content prompt groups
generated by ChatGPT. Each group includes one shared
style prompt and four distinct content prompts, resulting in
a total of 400 generated images per evaluation.
Evaluation Metrics. We employ four complementary met-
rics to comprehensively assess the model’s performance:
(1) Object relevancy (Sobj) measures the alignment be-
tween each generated image and its corresponding con-
tent prompt, computed as the cosine similarity between
CLIP image and text embeddings [28]. (2) DINO-based
style consistency (SDINO) quantifies the stylistic uniformity
across the generated images by calculating the average pair-
wise cosine similarity of DINO ViT-B/8 [4] embeddings
within each batch. (3) Whole-prompt relevancy (Swhole)
measures how well each image reflects the overall concept
described by concatenating the content and style prompts,
using CLIP image–text similarity. (4) CLIP-based style
consistency (SCLIP) measures the overall visual coherence
within each generated batch by computing the average pair-
wise cosine similarity among CLIP image embeddings.

In addition, we report the harmonic score (Sharmonic) to
provide an integrated evaluation that jointly considers con-
tent preservation, style coherence, and overall adherence to
the intended style. It is computed as the harmonic mean of
all four metrics—Sobj, SDINO, Swhole, and SCLIP:

Sharmonic =
4

1

Sobj
+

1

SDINO
+

1

Swhole
+

1

SCLIP

. (12)

This unified metric provides a holistic assessment of
text–image alignment and stylistic consistency, offering a

fair and balanced comparison of overall generation quality
across methods.

5.3. Comparison with state-of-the-art models

To demonstrate the effectiveness and superiority of our ap-
proach, we conduct comprehensive quantitative and quali-
tative comparisons against state-of-the-art style-aligned im-
age generation models, including training-based methods
(StyleDrop [36], IP-Adapter [44], B-Lora [8], CSGO [43],
StyleAR [42]), training-free methods (StyleAligned [13],
AlignedGen [45]), and baseline models (Infinity [11],
SDXL [27], FLUX [20]).
Quantitative comparison. As shown in Tab. 1, our model
achieves the highest overall performance across all evalu-
ation metrics, demonstrating superior style coherence and
text alignment while maintaining efficient inference. In
particular, our method attains the best style consistency
scores in both DINO-based (SDINO) and CLIP-based (SCLIP)
measures, indicating that FREESTYLE effectively preserves
stylistic uniformity across generated samples. Furthermore,
our model also achieves competitive object relevancy
(Sobj) and whole-prompt relevancy (Swhole) scores, reflect-
ing faithful adherence to both content and style prompts.
As a result, the overall harmonic score (Sharmonic), which
jointly captures content preservation, style coherence, and
global adherence, shows that FREESTYLE outperforms all
training-based and training-free baselines.

Notably, while the training-based StyleAR [8] exhibits
performance closest to ours, it requires additional fine-
tuning with external datasets and suffers from significantly
longer inference time (335.23 seconds per image), making
it unsuitable for real-time or interactive generation scenar-
ios. In contrast, our method operates fully training-free and
achieves high-quality, style-consistent synthesis in just 1.98
seconds per image, comparable to the vanilla Infinity base-
line, highlighting its effectiveness and practicality for real-
world applications.
Qualitative comparison. Fig. 4 qualitatively compares im-
ages generated from prompt sets that share a common style
prompt but contain distinct object prompts. We compare
our method with the four best baselines by overall scores
in Tab. 1. Overall, most baselines align the global style
to some extent; yet, they often struggle to accurately re-
alize the intended style or to generate all target objects.
In the psychedelic art style examples, both StyleAR and
IP-Adapter exhibit strong anchor dependency; trees from
the reference image repeatedly appear across all generated
samples, revealing poor prompt fidelity, and severe anchor
dependency. In the retro comic book style case, StyleAR,
StyleAligned, and AlignedGen fail to generate the intended
lightning bolt object, indicating limited adherence to the ob-
ject prompt. Furthermore, AlignedGen fails to reproduce
the intended papercut art style, generating overly smooth



Table 1. Quantitative comparison with state-of-the-art style-aligned image generation models. We evaluate each method using four comple-
mentary metrics: object relevancy (Sobj, CLIP text-image similarity with content prompts), DINO-based style consistency (SDINO, pairwise
DINO embedding similarity), whole-prompt relevancy (Swhole, CLIP similarity with concatenated content–style prompts), and CLIP-based
style consistency (SCLIP, pairwise CLIP image similarity). We also report the harmonic score (Sharmonic), which provides an overall assess-
ment of style coherence, content preservation, and global adherence. Inference time is measured per image. The symbols ↑ and ↓ indicate
that higher or lower values are better, respectively.

Method Train-Free Sharmonic ↑ Sobj ↑ SDINO ↑ Swhole ↑ SCLIP ↑ Inference Time (s) ↓
Vanilla Infinity [11] - 0.346 0.296 0.277 0.328 0.659 1.62
Vanilla SDXL [27] - 0.370 0.288 0.341 0.341 0.676 9.51
Vanilla FLUX [20] - 0.361 0.291 0.323 0.329 0.667 34.67

StyleDrop [36] 0.365 0.267 0.399 0.304 0.704 544.06
IP-Adapter [44] 0.405 0.278 0.529 0.324 0.772 10.14

B-Lora [8] 0.323 0.259 0.271 0.308 0.625 633.20
CSGO [43] 0.399 0.282 0.494 0.328 0.715 14.80

StyleAR [42] 0.414 0.281 0.559 0.330 0.772 335.23

StyleAligned [13] ✓ 0.409 0.281 0.530 0.331 0.762 11.25
AlignedGen [45] ✓ 0.397 0.278 0.503 0.316 0.760 45.24

Ours ✓ 0.421 0.284 0.589 0.332 0.791 1.98

Ours StyleAR StyleAligned IP-adapter AlignedGen

{A sailboat, 
A mountain,

A hot air balloon,
A guitar} 

… in papercut 
art style.

{A treehouse,
A sailing boat,
A disco ball,
A cocktail}

… in psychedelic 
art style.

{Elephant,
Lightning bolt,

Flamingo,
UFO toy}

… in retro 
comic book style.

Prompts

{A thumbs up,
A crown,

An avocado,
A big smiley face}

… in glowing
3d rendering style.

Figure 4. Qualitative comparison with state-of-the-art style-aligned image generation models.

textures that deviate from the layered aesthetic, while also
exhibiting uniform style propagation across all objects, a
sign of anchor dependency. In contrast, our method pro-
duces images that exhibit consistent and faithful style align-
ment across samples while accurately preserving object
identity, demonstrating strong agreement with the quanti-
tative improvements in both style and object relevance met-
rics.

5.4. Ablation studies

Quantitative analysis. The quantitative results in Tab. 2
demonstrate the contribution of each proposed component
across all evaluation metrics, including object relevancy
(Sobj), DINO-based style consistency (SDINO), whole-
prompt relevancy (Swhole), CLIP-based style consistency
(SCLIP), and the overall harmonic score (Sharmonic). As



Table 2. Quantitative ablation study on Majority Style Injection
(MSI) and Set-Based Projection (SBP). The symbol ↑ indicates
that higher values are better. Bold and underlined values denote
the best and second-best results, respectively.

Component Quantitative Metrics
# MSI SBP Sharmonic ↑ Sobj ↑ SDINO ↑ Swhole ↑ SCLIP ↑

(a) 0.346 0.296 0.277 0.328 0.659
(b) ✓ 0.414 0.285 0.535 0.334 0.771
(c) ✓ ✓ 0.421 0.284 0.589 0.332 0.791

(a)

(b)

(c)

Figure 5. Qualitative ablation studies on Majority Style Injection
(MSI), Set-Based Projection (SBP). (a) - (c) correspond to the com-
ponent in Tab. 2.

shown in Tab. 2-(b), Majority Style Injection (MSI) sig-
nificantly enhances SDINO and SCLIP, indicating improved
batch-level style consistency and visual coherence through
adaptive blending of dominant style features. It also slightly
improves Swhole, confirming better alignment with the joint
style–content prompt. When incorporating Set-Based Pro-
jection (SBP) in Tab. 2-(c), further gains are observed in
SDINO and Sharmonic, reflecting enhanced contextual style
adaptation within object regions while maintaining compa-
rable Sobj and Swhole scores. Although the quantitative mar-
gin between MSI and SBP is moderate, their combined use
achieves the highest overall performance across all metrics,
validating that MSI enforces global style alignment, while
SBP refines local, object-aware coherence. These results
collectively confirm that the proposed components comple-
ment each other to achieve consistent style synthesis with-
out compromising content fidelity.
Qualitative results. Fig. 5 presents a qualitative compari-
son corresponding to the quantitative ablation results. The
samples are generated from the prompt set {A coral, A bell,
A fish, A water wave, A jellyfish} in an aquatic logo style.
In Fig. 5-(a), the baseline model produces inconsistent style
characteristics across samples, showing noticeable variation
in color tone and texture strength. Applying Majority Style
Injection (MSI) in Fig. 5-(b) improves global style consis-
tency and tonal harmony, consistent with the gains in SDINO
and SCLIP. However, some undesired artifacts unrelated to
object semantics emerge in certain samples (e.g., the coral),

Table 3. User study preference percentages.

Method Prompt ↑ Style ↑

StyleAR [42] 6.50% 13.75%
StyleAligned [45] 18.75% 15.25%
IP-Adapter [44] 15.50% 6.50%

Ours 59.25% 64.50%

while style cues are insufficiently reflected within detailed
object regions (e.g., the jellyfish), suggesting that uniform
propagation alone cannot fully capture object-aware style
correspondence. By incorporating Set-Based Projection
(SBP) in Fig. 5-(c), the generated images exhibit coher-
ent and contextually aligned style features across both ob-
ject and background regions, maintaining semantic clarity
and visual balance. This aligns with the improvement in
Sharmonic, confirming that MSI enforces global consistency
and adherence, while SBP complements it through local-
ized, object-aware refinement.

5.5. User study
To complement the quantitative evaluation, we conducted a
user study, as summarized in Tab. 3. Forty participants eval-
uated two key aspects, prompt fidelity and style consistency,
by comparing images generated by our model with those
from StyleAR [42], StyleAligned [45], and IP-Adapter [44],
the top-performing baselines in our quantitative bench-
marks. The results show that our model consistently outper-
forms all competitors in both criteria, demonstrating strong
human-perceived performance across diverse prompts.

6. Conclusion
In this paper, we introduce FREESTYLE, a training-free
and anchor-free framework for style-aligned image gener-
ation within a scale-wise autoregressive paradigm. Our ap-
proach addresses the limitations of existing training-free
methods, which rely on anchor-dependent propagation and
often result in unintended style alignment and content leak-
age across samples. At the core of our framework lies a
majority voting (MV) strategy that aggregates and extracts
the dominant style representation across a batch. Build-
ing upon this, we propose two complementary mechanisms:
Majority Style Injection (MSI), which enforces global style
coherence by adaptively modulating shared style cues, and
Set-Based Projection (SBP), which refines object regions
through exemplar-based projection to achieve seamless con-
tent–style integration. Comprehensive experiments demon-
strate that FREESTYLE surpasses both training-based and
training-free baselines in terms of style consistency, ob-
ject fidelity, and global adherence, while enabling real-
time, high-quality style-aligned image generation without
any fine-tuning or architectural modification.
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FREESTYLE: An Anchor-Free Mechanism for Training-Free
Style-Aligned Image Generation

Supplementary Material

A. Generalizability of our method
A.1. Incorporating ours into other scale-wise au-

toregressive models
To verify the generalization capability of our framework,
we integrate it into Switti [41], another Text-to-Image
model that adopts the scale-wise autoregressive generation
paradigm. Our method is applied to each residual feature
Rs of Switti without modifying any pretrained parameters
or training procedures.

As shown in Fig. 6, the model equipped with our method
produces image sets that exhibit more consistent style align-
ment across diverse object prompts while faithfully preserv-
ing the semantic content described by the text. Compared
to the vanilla Switti, our integration enhances cross-sample
style coherence, demonstrating that the proposed mecha-
nisms are architecture-agnostic and can be seamlessly in-
corporated into other scale-wise autoregressive T2I models
to improve stylistic consistency without retraining.

Switti + FREESTYLESwitti

(a)

(b)

Figure 6. Qualitative results on Switti with FREESTYLE. The row
(a) uses prompt: {A friendly robot, A woman walking a dog,
Cherryblossom} in flat cartoon illustration style. The row (b)
uses prompt: {Flowers, Golden gate bridge, Trees} in water color
painting style.

A.2. Incorporating ours into diffusion-based model
While our method is developed within the scale-wise au-
toregressive paradigm, we further demonstrate its gener-
ality by adapting FREESTYLE to diffusion-based genera-
tion. Specifically, we apply our approach to SDXL [27],
a representative diffusion T2I model. Unlike autoregressive
models, where FREESTYLE operates on residual features at

each scale, we inject style information at the noise residual
of each denoising step without modifying model weights or
architecture.

As shown in Fig. 7, applying FREESTYLE to SDXL
enforces consistent style across images while preserving
the semantic content defined by the prompts. This result
highlights that our method is not restricted to scale-wise
autoregressive models and can be seamlessly integrated
into diffusion-based pipelines in a training-free, anchor-free
manner.

SDXL + FREESTYLESDXL

(a)

(b)

Figure 7. Qualitative results on SDXL with FREESTYLE. The
row (a) uses prompt: {A friendly robot, A woman walking a
dog, Cherryblossom} in flat cartoon illustration style. The row
(b) uses prompt: {Flowers, Golden gate bridge, Trees} in water
color painting style.

B. Style alignment from user-provided refer-
ence

We further extend our framework to support user-specified
style control by combining scale-wise autoregressive inver-
sion with our method. Following [6], we first invert a ref-
erence image into its scale-wise feature trajectory. During
generation, the recovered style representations are reintro-
duced at each scale as guidance signals, while our method
enforces batch-wise style consistency without any addi-
tional training or parameter updates.

As shown in Fig. 8, our approach successfully transfers
the reference style across diverse object prompts while pre-
serving textual semantics. These results demonstrate that
our framework not only yields style-consistent outputs in
model-inherent styles but also faithfully adapts to externally



provided reference style images in a controlled, prompt-
aligned manner.

Reference Image Horse Thumbs upPalm tree

Cloud FlowerButterflyReference Image

Figure 8. Results of reference image-based style-aligned image
generation.

C. Additional analysis

C.1. Impact of cross-attention maps

To further analyze the effect of coarse and noisy cross-
attention maps, we provide additional results examining
how the quality of cross-attention masks relates to the fi-
nal generation outcomes. Specifically, we use SAM3 [3] to
obtain object segmentation masks and measure the MIoU
between these masks and the cross-attention masks across
all backbone scales. Fig. 9 compares the cases with high
and low MIoU samples and shows that the style alignment
remains stable. This suggests that cross-attention maps pro-
vide sufficient localization of prompt-critical regions for
generation, even when they are relatively noisy, and our
method remains robust with these key areas.

(a)

(b)

M
IoU

: 0.500
M

IoU
: 0.327

SAM3 Cross-attn Results

Figure 9. Visualization of the impact of cross-attention map accu-
racy.

C.2. Complex multi-object prompts
We provide additional qualitative results on complex multi-
object prompts. These examples are intended to exam-
ine whether our method remains effective in more chal-
lenging settings involving multiple entities and attributes.
While the models generally follow the prompts, some ob-
jects are occasionally omitted. As shown in Fig. 10, the
baseline already fails to render the “fluffy cat,” suggesting
that such omissions mainly stem from limitations of the un-
derlying backbone in the training-free regime. Neverthe-
less, our method yields more stylistically coherent results
while largely maintaining the requested object composition.

w/o FREESTYLE w/ FREESTYLE

Prompt : {a dreamy woman and a calm bulldog and a fluffy cat
and a white swan, ... } in impressionist painting style.

Figure 10. Qualitative results with complex multi-object prompts.

C.3. Additional quantitative analysis
We provide additional quantitative comparisons with recent
SOTA editing baselines using expanded evaluation metrics,
including CSD [37] and Sarithmetic. Because image editing
models operate in a reference-guided setting, a style refer-
ence image is required for evaluation. To this end, we first
generate one image from the text prompt alone and then
use it as the reference image for generating the remain-
ing samples. Here, SCSD measures style consistency and
serves as an additional style-sensitive metric complemen-
tary to SDINO and SCLIP.

As shown in Tab. 4, our method achieves the best overall
performance across most of the reported metrics, while re-
maining substantially faster than the other baselines. Qwen-
Image-Edit achieves a high SDINO score, but its relatively
low Sobj and Swhole suggest less reliable preservation of the
requested object composition and prompt semantics. In
contrast, FLUX.2 obtains comparatively stronger object-
related scores, but its lower style-related metrics suggest
less faithful style alignment. Both Sharmonic and Sarithmetic
are included in the table for completeness.

C.4. AdaIN operation in Majority Voting (MV)
Majority Voting (MV) extracts a batch-wise representative
residual style feature Rmaj

s by selecting dominant residu-



Table 4. Quantitative results with additional models and metrics.

Method Sharmonic ↑ Sarithmetic ↑ Sobj ↑ SCSD ↑ SDINO ↑ Swhole ↑ SCLIP ↑ Time (s) ↓
StyleAR 0.455 0.541 0.281 0.768 0.559 0.330 0.772 335.23

StyleAligned 0.447 0.525 0.281 0.723 0.530 0.331 0.762 11.25
IP-Adapter 0.442 0.522 0.278 0.708 0.529 0.324 0.772 10.14

Qwen-Image-Edit 0.431 0.526 0.257 0.663 0.625 0.301 0.784 154.80
FLUX.2 0.445 0.529 0.271 0.702 0.561 0.327 0.782 146.93

Ours 0.463 0.553 0.284 0.772 0.589 0.332 0.791 1.98

als across samples. However, because this feature is taken
from real generated samples, it may still retain object-
specific signals that interfere with purely style-driven prop-
agation. To further isolate stylistic information, during ma-
jority voting, we apply AdaIN to Rmaj

s , normalizing object-
associated regions using statistics from style-dominant re-
gions, thereby suppressing content cues while preserving
style characteristics.

Tab. 5 reports quantitative results with and without
the AdaIN refinement. Applying AdaIN yields consis-
tent improvements in style consistency—both DINO-based
(SDINO) and CLIP-based metrics (SCLIP)—while also pro-
viding slight gains in prompt-related metrics (Sobj, Swhole).
These results confirm that AdaIN effectively removes resid-
ual content signals from Rmaj

s , producing cleaner style rep-
resentations that lead to more robust and faithful style align-
ment.

Table 5. Quantitative ablation study on AdaIN operation in Major-
ity Voting (MV).

Method Sharmonic ↑ Sobj ↑ SDINO ↑ Swhole ↑ SCLIP ↑

W/o AdaIN 0.086 0.283 0.584 0.331 0.787
Ours 0.088 0.284 0.589 0.332 0.791

D. Limitation and future work
Our anchor-free method is training-free and aggregates
batch-wise style information from generated samples to en-
force a representative, shared style across the batch. While
this approach effectively enhances style consistency when
the model has a well-formed prior for the target style, it also
inherits limitations from the pretrained backbone. When the
base model has limited exposure to the target style, individ-
ual samples may express it inconsistently, resulting in noisy
batch statistics and making it difficult to extract a stable rep-
resentative style. In such cases, the final output may fail to
fully reflect the intended style, not because the alignment
mechanism fails, but because the underlying model lacks a
reliable style manifold to align toward. These limitations
suggest future extensions that expand style priors or incor-

porate external style memory for more robust alignment un-
der unfamiliar styles.

E. Additional qualitative results
We present additional qualitative samples in Fig. 11 and
Fig. 12, demonstrating our method across diverse styles and
prompt variations. The results show that our approach con-
sistently preserves content semantics while enforcing co-
herent style characteristics across samples. Unlike anchor-
based propagation, our method does not depend on any spe-
cific sample, thereby avoiding artifact transfer and main-
taining stable performance even under large variations in
object prompts and stylistic conditions. These findings fur-
ther validate the robustness and generality of our framework
in practical, style-aligned generation scenarios.

F. Details of User Study
We conducted a user study with 40 participants (ages 20–
50) using the interface shown in Fig. 13. The study is di-
vided into two evaluation tasks, each presented as a multi-
choice selection from four options (Options 1–4). The four
options correspond to our method and three top-performing
baselines selected based on quantitative scores, and their or-
der was randomized for every trial to avoid positional bias.
Part 1: Text Relevance. Each trial displayed a content
prompt along with four candidate image sets. Participants
were asked to select the option that best matched the seman-
tic meaning of the prompt.
Part 2: Style Consistency. Each trial presented different
objects paired with the same style prompt, again with four
candidate image sets. Participants were instructed to choose
the set that most consistently reflects a unified visual style
across samples.

Responses for both tasks were collected as single cate-
gorical choices per trial, allowing separate aggregation for
text relevance and style consistency.



… in celestial artwork style

“An easel” “Clock tower” “An owl” “Windmill” “Castle” “A dinosaur”

“An orchid” “A cupcake” “A rose”
“A strawberry 

shortcake”

… in digital glitch style

“Bowl of fruits” “Carousel” “A diver” “An astronaut” “Ferris wheel” “A watch”

“River” “A dragon” “Mountain range” “Waterfall” “Campfire” “Cherry blossom”

… in mosaic art style

“Rabbit” “Toy train” “Cactus” “shopping bag” “Robot” “Rock”

… in woodblock print style

… in mixed media art style

“A woman playing 
basketball”“A palm frond”

Figure 11. Additional qualitative results of FREESTYLE under diverse style-aligned image generation settings.



… in realistic 3D render

“A sun hat” “A bee” “A char” “A dandelion” “A picnic basket” “A skiff”

“A ship ” “A pineapple” “A duck” “A dragon” “A monkey” “A rocket”

… in doodle art style

“A rocky summit” “A group of hikers” “Waterfall” “A tail sign”
“A switchback 

path”
“A pine forest 

campsite”

“A train” “A dinosaur” “A seahorse” “A castle” “A tree” “A boat”

… in Monet art style

“A feather” “A jewel” “A ladder” “A phoenix” “A steering wheel” “A cup”

… in infographic art style

… in cubist painting style

Figure 12. Additional qualitative results of FREESTYLE under diverse style-aligned image generation settings.
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Part 2. Style Consistency
How consistent the visual style (e.g., color tone, texture, or 
lighting) remains across a set of images that are intended to 
share the same style identity.

Please select the image set that you think shows the most 
consistent visual style among the given options.

Please select the image that best matches the given text 
description among the provided options.

Part 1. Text Relevance
How accurately each image represents the textual 
description provided in the prompt, particularly regarding 
object correctness, composition, and semantic alignment.

Option 1

Option 2

Option 3

Option 4

Option 1

Option 2

Option 3

Option 4

Figure 13. User study interface for text relevance (left) and style consistency (right). Among four randomized options, participants select
the image that best matches the prompt or the set with the most consistent visual style.
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