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Concept note 1: Street Sci-Fi

“Hovering vehicles” “Battle mech” “Train” “Drones” “Cityscape” “Icebreaker”
' . ' . :

- in cybevloun art style

Concelot note 2: Cosmic Dreams

“Planet” “UFo” “Atom” “Telescope” “Rocket” “Comet”

... in abstract expressionism s't_‘jle.

Concept note 3: Pal(oer-wovlo( Credatures

“Parrot” “Mouse” “Seahorse” “owl”

- in papercut art style

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

Abstract image sets is crucial for applications such as visual iden-

tity design, illustration, and asset creation. While recent

Text-to-Image (T21) generation models have become cen- training-free methods have enabled efficient style-aligned
tral to creative workflows, where producing style-consistent 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-

*Equal contribution.
Co-corresponding authors.



ten leads to inconsistent results: when the anchor fails scales, enabling signi cantly faster synthesis while main-
to capture the intended reference style, its unintended ar-taining competitive style consistency. This makes the au-
tifacts are propagated to all samples, and excessive fea-toregressive paradigm particularly appealing for training-
ture sharing further causes content leakage and seman-free style alignment, where real-time or large-batch genera-
tic distortion. To overcome these limitations, we propose tion is essential.
FREESTYLE, a training-free and anchor-free framework Nevertheless, existing training-free approaches still suf-
for robust style alignment within a scale-wise autoregres- fer from the anchor-dependency problem: style cues ex-
sive generation paradigm. Our method integrates three tracted from a single ( rst) sample are shared with the rest
core components—Majority Voting (MV), which aggre- of the batch. When this anchor fails to accurately re ect the
gates dominant style cues across the batch to form a rep-intended target style, its unintended stylistic attributes are
resentative style feature; Majority Style Injection (MSI), propagated to other images, yielding batch-wide inconsis-
which adaptively injects these aggregated features to en-tency and artifacts (Fig. 2-second row). In addition, such
force global style coherence; and Set-Based Projection global sharing can induce content leakage, where object se-
(SBP), which re nes local object regions by projecting them mantics are inadvertently distorted by over-shared style fea-
onto a shared style manifold for context-aware adapta- tures, as shown in Fig. 2- rst row.
tion. Extensive experiments demonstrate that, without any To address these limitations, we introduce FREESTYLE,
retraining or parameter updates, FREESTYLE achieves a training-free framework that achieves fast, robust, and
state-of-the-art performance in both style consistency andanchor-free style alignment within the scale-wise autore-
content preservation, while maintaining real-time inference gressive generation paradigm. Our method identi es repre-
ef ciency. sentative style information across the batch while preserv-
ing object integrity through three complementary mecha-
nisms: (i) Majority Voting (MV), which aggregates dom-
1. Introduction inant style cues across samples to construct a representa-
. tive style feature; (ii) Majority Style Injection (MSI), which
Text-to-Image (T2I) generation models [7, 9, 11, 20, 21, 27.’ adaptively injects these aggregated features through spa-
29, 38] have emerged as a comerstone of modern CreatlVet‘ially aware blending to enforce global coherence; and (iii)

Fmdlf{.c“or." ‘ Owing to their a(t:_cessllllaal\llny a?d seatrrr:lesi " Set-Based Projection (SBP), which re nes object regions by
egration into open conversationa systems, they aVeprojecting them onto a shared style manifold, ensuring lo-

rapidly expanded across a wide range of design and CONcalized style consistency without semantic distortion. To-

tet_nt creat|oln d(()jrr;gms. Wh'le these mC)thlls excg{l at genlfr'gether, these components enable FREESTYLE to achieve
ating novel and diverse imagery, practical Crealiveé Work* giaia_of the-art style-aligned generation performance while

ows lncre_asmgly demand style-aligned sy_nthe5|s from fully preserving the high-quality generation capability of
user-speci ed references, as well as the ability to produce "o <o model—without any additional training or modi-
image sets that maintain consistent stylistic identity for ap- cation to pretrained parameters

plications _such. as logos, posters, and game assets. que_ver, In summary, our contributions are as follows:

these settings introduce afundamentgl challenge: achieving ;. present FREESTYLE, a training-free, anchor-free
cross-sample style coherence while simultaneously preserv-
ing faithful adherence to the textual semantics.

To address this challenge, several works have introduced
ne-tuning approaches incorporating lightweight adapters,
such as LoRA [15], into large-scale T2l 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 approache
such as AlignedGen [45] and StyleAligned [13] inher- 2. Related works
ently suffer from long inference times due to the iterative Text-to-image generation. Recent advances in text-to-
denoising process of diffusion models. In contrast, [25] image (T2l) generation have been driven by large-scale
employs a scale-wise autoregressive architecture [11, 39]text—image datasets [2, 34] and rapid progress in generative
which progressively re nes features from coarse to ne modeling. Early GAN-based approaches [10, 18] enabled

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.



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 rst 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- computational overhead and slow inference. To improve ef-
ing instability and limited text-image alignment. Subse- ciency, [25] adopts a scale-wise autoregressive architec-
quently, diffusion-based models and ow matching models ture [11, 39], enabling fast, progressive generation with-
[7, 14, 20, 21, 27, 29, 33] became the dominant paradigm,out ne-tuning. However, most training-free approaches re-
achieving superior visual and text delity through iterative main anchor-dependent, sharing style features from a single
denoising. These models have also been widely extended toeference image across the batch, which propagates style ar-
tasks such as image editing, style transfer, and personalizedifacts or causes content leakage when the anchor underrep-
generation [1, 12, 17, 19, 31, 40], but their slow inference resents the target style.

remains a major bottleneck. To improve ef ciency, scale-

wise autoregressive approaches [11, 38, 39] have emerged3. Preliminaries

modeling discrete latent tokens via next-scale prediction to
achieve faster synthesis while maintaining competitive im-
age quality. Despite these advancements, both diffusion an
scale-wise autoregressive models still struggle with style
alignment and content delity, which are essential for prac-
tical creative work ows.

Our approach builds upon the architecture of In nity [11],

state-of-the-art text-to-image (T2l) generation model fol-
owing the next-scale prediction paradigm [39]. The model
consists of a pretrained text encoder, an autoregressive
transformerG for next-scale prediction, and a decodzr
that reconstructs the nal image from multi-scale feature
representations. This progressive, resolution-aware re ne-
ment enables ef cient, high- delity image synthesis while
maintaining semantic coherence across scales.

Given atext prompT , the text encoder produces contex-
tual embedding€ 1 (T), which condition the autoregres-

Style-Aligned image generation. Style-aligned image
generation aims to produce image sets that share a uni ed
visual style while preserving content delity and textual

alignment. Early approaches addressed this through ne-

tumngd-based stlr_ate3|e3 IS, 2.3’ 30.’ 35 35, 3?”4[2 Wh'ﬁh sive generation process. Starting from a start-of-sequence
extend personalized generation pipelines with lightweight o b5 sjas the initial feature mapo, the transformer

adapters, such as LoRA [15], to encode reference style in-G ; : ; . .
o . . ' ) sequentially predicts residual feature maps of increasin
formation. While effective, these methods require further a yp ps ottt g

optimization and model updates, which limit their practi-
cality in real-time scenarios. To reduce training costs, re- _ ) ) Ch sws.

L . . rs =G(Fs1 ;ET(T)); rs2R™" % s; 1
cent training-free methods align style directly during in- s =GFs1 sEr (M) s @)
ference while preserving the knowledge of the pretrained where h and w, denote the height and width of each step
model. Diffusion-based frameworks, such as Aligned- s. Each residual feature is then upsampled to a xed spatial
Gen [45] and StyleAligned [13], achieve cross-sample con-size H W to form the high-resolution representation:
sistency by sharing features or attention maps across de-

isi i iterati : Rs = up (rs); Rs2RCEHW 2
noising steps. However, their iterative process leads to high s Hw \I's)s s



Figure 3. Overall pipeline. TheSOSitoken and condition are encoded by the text encoder and fed into the transformer. Cross-attention
maps used to derive the style and object mabkg¥ andM $°. Majority Voting (MV) then extracts a representative style residual feature
R™M, which is adaptively injected to unify the overall style through Majority Style Injection (MSI), while Set-Based Projection (SBP)
re nes object regions to re ect style information from the style set.

The upsampled residuals are progressively accumulatedstyle exemplars, enriching under-styled or inconsistent re-
to form the aggregated representation; after all scales aregions with contextually compatible cues (Sec. 4.4).
processed, the nal aggregated feature map éncodes . .
multi-scale semantic and structural information, which the 4.2. Majority Voting (MV)
decoder D transforms into the nal image: 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-
4. Methods ci c sample. At each generation step s, the method operates

on residual features R= fR g\, and utilizes attention
4.1. Overall Pipeline masks de ned for style and object tokens & M 2) to
localize their respective in uences. We rst compute the
cross-attention maps §¥ and H for the style and object
tokens, respectively. These maps are derived using the im-
age query Q and the key embeddings @; K °), which
are obtained from the corresponding token representations
Y and T°V as follows:

xs
Fs=  Ri; I=D(F s): 3
=1

Given an N-samples batch of text prompts T = figl\., ,

our goal is to generate corresponding images | £ g\,

that maintain a uni ed visual style while depicting distinct
objects. Each prompt T consists of distinct object prompts
T and a shared style prompf. All prompts are jointly
processed as a batch, ensuring that style features can b@
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- . QK o> _ (4)
ment modules. At each step, Majority Voting (MV) aggre- H® = Softmax ~p—— ; H®I 2 RNHW
gates the most representative style patterns across the batch d
to form a style dominant residual featurd'R (Sec. 4.2).  where d denotes the dimension of the feature. Then, binary

This feature is then propagated through Majority Style In- masks MY and M3 are obtained by thresholding the nor-
jection (MSI), which enforces global style coherence by malized attention maps:
adaptively blending B? into each sample's latent features

HsY = Soft QSKSty> . Sty NHW .
S—omaxﬁea—,HSZR ;

according to their style—object attention balanc;e (Sec. 4.3). M S = 1; ifH®Y > &V MY 2 BNHW .
However, because MSI performs spatially uniform blend- s 0: otherwise; ' ° '
ing, it can overlook subtle, object-speci ¢ variations. To ( L obi obi 5)
address this, Set-Based Projection (SBP) re nes object fea- ; obj — 1, fHs™> 7 Moo gNHW .
tures by projecting them onto a shared set of representative s 0; otherwise; ' ° ’
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