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Abstract

We present Infinite-Story, a training-free framework for con-
sistent text-to-image (T2I) generation tailored for multi-
prompt storytelling scenarios. Built upon a scale-wise autore-
gressive model, our method addresses two key challenges in
consistent T2I generation: identity inconsistency and style in-
consistency. To overcome these issues, we introduce three
complementary techniques: Identity Prompt Replacement,
which mitigates context bias in text encoders to align iden-
tity attributes across prompts; and a unified attention guid-
ance mechanism comprising Adaptive Style Injection and
Synchronized Guidance Adaptation, which jointly enforce
global style and identity appearance consistency while pre-
serving prompt fidelity. Unlike prior diffusion-based ap-
proaches that require fine-tuning or suffer from slow infer-
ence, Infinite-Story operates entirely at test time, delivering
high identity and style consistency across diverse prompts.
Extensive experiments demonstrate that our method achieves
state-of-the-art generation performance, while offering over
6x faster inference (1.72 seconds per image) than the exist-
ing fastest consistent T2I models, highlighting its effective-
ness and practicality for real-world visual storytelling.

Introduction

Large-scale diffusion-based Text-to-Image (T2I) generation
models (Rombach et al. 2022; Saharia et al. 2022; Podell
et al. 2023; Labs 2024) have demonstrated remarkable per-
formance, establishing themselves as essential tools across a
wide range of creative tasks, including design prototyping,
content generation, visual communication, and advertising.
However, the lack of consistency in generated images has
posed limitations on user experience, particularly in scenar-
ios that require coherence across multiple images, such as
storytelling, character-driven content creation, comic strip
generation, and sequential visual narratives.

To enforce consistency across generated images, various
approaches have been proposed, including personalized im-
age generation (Ruiz et al. 2023; Ye et al. 2023), style-
aligned image generation (Park et al. 2025; Hertz et al. 2024;
Sohn et al. 2023), and consistent text-to-image generation
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(Avrahami et al. 2024; Liu et al. 2025; Tewel et al. 2024;
Wang et al. 2024; Zhou et al. 2024b). While consistent text-
to-image generation is particularly foundational for visual
storytelling tasks, prior works have largely focused on main-
taining identity consistency across scenes. However, they
often overlook style consistency between generated image
sets, which is crucial for producing visually coherent nar-
ratives that span multiple scenes, as illustrated in Figure 2-
(Top). In addition, most consistent text-to-image generation
methods are based on diffusion models, which—even with-
out fine-tuning—typically require over 10 seconds per im-
age during inference. This surpasses the threshold at which
users begin to lose focus during interactive sessions, accord-
ing to Nielsen’s usability guidelines (Nielsen 1994).

Recently, scale-wise autoregressive models (Tian et al.
2024; Voronov et al. 2024; Han et al. 2024) have emerged as
a promising alternative, offering faster inference by adopt-
ing a next-scale prediction paradigm. These models achieve
competitive image quality while significantly improving
inference speed compared to both traditional autoregres-
sive (Van Den Oord, Vinyals et al. 2017; Esser, Rombach,
and Ommer 2021; Chang et al. 2022, 2023) and diffusion-
based models (Podell et al. 2023; Labs 2024). While they ef-
fectively mitigate the latency issues inherent in diffusion ap-
proaches, scale-wise models continue to face challenges in
ensuring consistency across generated images, such as iden-
tity inconsistency, style inconsistency, and a combination of
both.

To address these challenges, we introduce Infinite-Story, a
training-free framework for consistent text-to-image gener-
ation built on a scale-wise autoregressive model (Han et al.
2024), without modifying the architecture or requiring addi-
tional training. Our approach generates a set of images that
retain consistency in both identity and style across varying
prompts by designating one image in each batch as a ref-
erence and propagating its identity and style to guide the
remaining samples.

To this end, we propose three lightweight yet effective
techniques: Identity Prompt Replacement, which mitigates
the context bias of text encoders to align identity-related at-
tributes across prompts. Also, we propose a unified atten-
tion guidance that consists of Adaptive Style Injection and
Synchronized Guidance Adaptation, enhancing both identity
appearance and global visual style consistency via reference



... building

Story 1: Mysterious discoveries
of tiny astronaut

sandcastle on moon

A whimsical
scene of a tiny astronaut ...

CA ... swimming in the
Story 2: A joyful adventure of a bockyord‘gpol

dog on a sunny day

A hyper-realistic digital

painting of a playful dog ... )

... meditating in

Story 3: Healthy living with an a quiet room

old lady’s daily routine

A peaceful scene with soft N
light of an old woman ...

Ours

... sketching a
map at a table

... dancing around
a bonefire

... drifting near
swirling galaxy

... chasing after
a black cat

... baking cookies in
warm kitchen

... rowing a small
boat on alake

... discovering glowing
alien plant

... standing beside
cracked alien shells

... planting a flag on
red planet

... howling
under a moon

... resting under
twinkling lights af night

... balancing on
a boat in lake

... humming tune in a
rocking chair

... cooking dinner in
bright kitchen

... resting on a shady
park bench

... fishing by a
stfream

... decorating a
cake in a kitchen

... carving pumpkins
for a festival

Figure 2: Qualitative comparison with 1Prompt1Story (Liu et al. 2025). While 1Prompt1Story preserves identity consistency, it
struggles with style coherence across images. In contrast, Infinite-Story maintains both identity and style consistency, producing

a unified and coherent visual narrative.

feature injection into early-stage self-attention layers, while
ensuring prompt fidelity through synchronized adaptation
across conditional and unconditional branches. These tech-
niques are seamlessly integrated into the inference pipeline
without any need for additional fine-tuning or training. By
combining these components, Infinite-Story achieves state-
of-the-art generation quality, as illustrated in Figure 1 and
Figure 2-(Bottom). It outperforms existing methods in both
quantitative and qualitative evaluations, while also offering
up to 6x faster inference time (1.72 seconds per image) than
the fastest diffusion-based consistent T2I models, as shown
in Figure 3.
In summary, our primary contributions include:

e We present Infinite-Story, the first training-free, scale-
wise autoregressive framework for consistent text-to-
image generation.
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* We introduce an Identity Prompt Replacement technique
that aligns identity attributes across prompts by unifying
identity prompt embeddings.

* We propose a unified attention guidance approach that
combines Adaptive Style Injection and Synchronized
Guidance Adaptation to achieve consistent overall style
and identity appearance while preserving prompt fidelity.

Related Work

Text-to-image generation

Large-scale image-text datasets (Changpinyo et al. 2021;
Lin et al. 2014; Schuhmann et al. 2022; Byeon et al. 2022)
have enabled conditional image synthesis by bridging lan-
guage and vision. This has spurred the development of pow-
erful Text-to-Image (T2I) models—diffusion-based (Rom-
bach et al. 2022; Saharia et al. 2022; Podell et al. 2023;
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Figure 3: Inference time and harmonic score Sy comparison
with state-of-the-art consistent T2I models.

Labs 2024), GAN-based (Kang et al. 2023), and autore-
gressive (AR)-based (Chang et al. 2023; Han et al. 2024;
Tang et al. 2024)—capable of producing high-quality im-
ages from text prompts. Diffusion models dominate with
strong synthesis quality, supporting tasks like image edit-
ing (Brooks, Holynski, and Efros 2023; Hertz, Aberman,
and Cohen-Or 2023; Wang et al. 2023) and translation (Tu-
manyan et al. 2023; Parmar et al. 2023), but suffer from
slow inference. AR models have advanced from next-token
prediction (Van Den Oord, Vinyals et al. 2017; Esser, Rom-
bach, and Ommer 2021) to faster masked token generation
(Chang et al. 2022, 2023; Kondratyuk et al. 2023), with
next-scale prediction (Tian et al. 2024) improving efficiency
further (Han et al. 2024; Tang et al. 2024; Voronov et al.
2024). Nonetheless, T2I models still struggle with maintain-
ing subject identity consistency across images, limiting their
applicability in areas like storytelling, content creation, and
branding.

Personalized image generation

Personalized image generation enables scene exploration
with user-specific features. Existing methods are broadly
categorized into subject-driven and style-driven approaches.
Subject-driven methods (Gal et al. 2022; Ye et al. 2023;
Ruiz et al. 2023) typically fine-tune or adapt pre-trained en-
coders to inject concept embeddings from reference images,
but often require external datasets, limiting generality. Re-
cent works address this with parameter-efficient fine-tuning
by updating limited model components like attention layers
(Nam et al. 2024; Kumari et al. 2023). Style-driven meth-
ods instead focus on visual consistency by optimizing style
features via LoRA-based tuning (Frenkel et al. 2024; Shah
et al. 2024; Sohn et al. 2023; Hu et al. 2022; Ryu 2022) or by
adapting attention for stylistic coherence (Hertz et al. 2024;
Park et al. 2025). Despite their strengths, most methods rely
on diffusion models, which are slow and unsuitable for in-
teractive use.
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Consistent text-to-image generation

Consistent text-to-image generation, which aims to preserve
identity across multiple images, has become a key focus
within personalized image generation. Recent studies (Ku-
mari et al. 2023; Li et al. 2024; Zhou et al. 2024b; Tewel
et al. 2024) show that adjusting attention layer weights ef-
fectively modulates identity. Other approaches (Mou et al.
2023) incorporate structured control to aid identity preser-
vation. Foundational works (Radford et al. 2021; Chen et al.
2025) highlight the linguistic strength of transformer-based
text encoders, while enhanced textual conditioning (Hertz
et al. 2022; Gal et al. 2022) further improves identity con-
sistency. Building on this, (Liu et al. 2025) leverage prompt
embedding variations to maintain coherent identities across
images. Inspired by these insights, we introduce a training-
free consistent text-to-image generation method through the
manipulation of prompt embeddings and attention mecha-
nisms.

Method
Overall pipeline

In this paper, we aim to generate N multiple images

I = {I"}N_, from corresponding text prompts t =
{t"}_,, each composed of the same identity prompts

tiden = {tl., 1, and distinct expression prompts texp =
{t?xp N_, with the objective of maintaining consistent iden-
tity and overall style. All prompts are concatenated and pro-
cessed in parallel as a batch.

Our method is based on the Infinity architecture (Han
et al. 2024), which employs a next-scale prediction scheme
(Tian et al. 2024). The model consists of a pre-trained text
encoder £ employing Flan-T5 (Chung et al. 2024), a trans-
former G that autoregressively predicts quantized residual
s-th feature maps R over steps S = {1,2,...,5}, and a
decoder D that reconstructs images from the final feature
maps:

I=D(Fs), F.=) upy,w(Ri), Ry € RVPexwe
=1

N

T = ET(t) = {(Tn Tg(p)}n:%
where hg, ws are the spatial sizes at step s € S, up ..y (+)
denotes a bilinear upsampling function to upsample to H X
W size, and T denotes the encoded identity and expression
features. The initial feature map F, is initialized from T.

As shown in Figure 4, Identity Prompt Replacement is
first applied to ensure consistent identity attributes. During
generation, both Adaptive Style Injection and Synchronized
Guidance Adaptation are applied to self-attention layers in
early generation steps Scaly, promoting consistent identity
appearance and global style across all generated images.

Rs - G(Fs—la T)a

iden>

Identity Prompt Replacement

It is well known that generative models reflect biases in
their training data distributions (Zhou et al. 2024a; Wei,
Kumar, and Zhang 2025). For instance, the prompt “a dog
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Figure 4: Overall pipeline of our method. The text encoder Ep (Chung et al. 2024) processes a set of text prompts t, producing
contextual embeddings T that condition the transformer. Identity Prompt Replacement is applied to T before generation to
ensure consistent identity representation across prompts. During generation, Unified Attention Guidance (UAG), which consists
of Adaptive Style Injection and Synchronized Guidance Adaptation, is applied to early-stage self-attention layers to achieve
consistent identity appearance and overall style alignment while preserving prompt fidelity. The transformer autoregressively
produces residual feature maps, which are decoded into final images I via the image decoder.
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Figure 5: Context-bias in text-to-image generation.

springing toward a frisbee” (dynamic expression) often gen-
erates a Welsh corgi, while “a dog on a porch swing with
pillows” (static expression) tends to produce calm, domes-
ticated dogs like a Golden retriever, as illustrated in Fig-
ure 5—highlighting how prompt phrasing shapes seman-
tic interpretation. This bias stems from the self-attention
mechanism, where identity representations (e.g., “a dog”)
are influenced by their surrounding context, leading to in-
consistent identity attributes—including gender, age, and
species—across prompts.

To address the context bias inherent in text encoders, we
propose an Identity Prompt Replacement (IPR) strategy that
reduces such bias through the alignment of identity-related
attributes across prompts. Specifically, we enforce a consis-
tent representation of identity by replacing all identity em-
beddings Tigen = {Tilf, nN:1 with those extracted from a
reference instance (by default, the first sample in the batch).
To maintain the proportional relationship between identity
and expression features, we further normalize the magnitude
of the expression embeddings Teyp, = {Tgp},]yzl as follows:

N
’ Te?p) } )
n=1

~ " R Tl
T = (Tideanexp) = { <1_;(1]en7 Hf%en,‘
1den
(2)

where ’i‘iden and ’i‘exp denote identity and expression prompt
embeddings processed via IPR.
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Unified Attention Guidance

Adaptive Style Injection Although the Identity Prompt
Replacement (IPR) technique mitigates context-level
discrepancies by aligning identity-related attributes
across prompts, it remains insufficient in preserving the
appearance-level identity and global visual style con-
sistency. To address this, we propose an Adaptive Style
Injection (ASI) mechanism that aligns both the appearance
of the identity and the overall scene style. ASI operates
within the self-attention layers during the early generation
steps, motivated by prior findings that analyze the functional
roles of generation stages for style alignment (Park et al.
2025).

As illustrated in Figure 4-(Right), for each sample in the
batch, we replace all key features in the self-attention with
those of the reference, i.e., K 81, which encourages the model
to attend to semantically consistent regions anchored by the
reference. Also, we compute the cosine similarity between
its value features and those of a reference instance, to obtain
an adaptive interpolation weight o, which is then used to
interpolate the value features, facilitating appearance-level
alignment of identity. The Adaptive Style Injection is de-
fined as follows:

[_(g = Kslvvsn =ay V' + (1 - a?)‘/slv

a = \-sim(V}, V™), ¥n e {1,--- N}, 3)

where K! and V! denote the key and value features of the
reference sample, V" is the value feature of the n-th sample
at s-th generation step, and A is a scaling coefficient. This
similarity-guided adaptive operation facilitates the smooth
and proportional alignment of appearance-level identity and
global visual style across the batch, guided by the reference
instance.

Synchronized Guidance Adaptation While Adaptive
Style Injection improves identity appearance and global
style consistency, applying it only to the conditional branch



disrupts the balance between the conditional and uncon-
ditional signals established by Classifier-Free Guidance
(CFG) (Ho and Salimans 2021), which is intended to en-
hance prompt fidelity. Such disruption may undermine the
effectiveness of CFG, potentially degrading prompt fidelity
in the generated images.

To resolve this, we propose Synchronized Guidance Adap-
tation, which applies the same operation to the unconditional
branch using the identical interpolation weights computed
from the conditional path, as illustrated in Figure 4-(Right).
Specifically, for the unconditional branch, we modify the
key and value features as:

k? k17 ’D?:OZ?U?+(1*O[?)’U17 vne{lva}v

“)
where k! and v! denote the unconditional branch’s key and
value features of the reference sample, v} is the value fea-
ture of the n-th sample at s-th generation step, and
is the adaptive weight shared from the conditional branch
Equation (3). By synchronizing the feature adaptation across
both branches, our approach preserves the intended effect of
classifier-free guidance, enabling generated images to faith-
fully reflect their text prompts while maintaining a consis-
tent subject identity and overall style.

Experiment
Implementation details

In our experiment, we leverage the pre-trained Infinity 2B
model (Han et al. 2024) as our baseline. The model per-
forms scale-wise prediction over 12 steps and employs a
codebook with a dimensionality of 232, producing quantized
feature maps of resolution 64 x 64 with 32 channels. The
early-stage step for Adaptive Style Injection and Synchro-
nized Guidance Adaptation is fixed at Scany = {2, 3}, and
the scaling coefficient A is set to 0.85. All other components
of the model architecture remain unchanged, and all param-
eters are frozen throughout inference.

The number of output images is determined by the num-
ber of input text prompts. When generating four 1024 x 1024
images in parallel on a single A6000 GPU, the process takes
approximately 6.88 seconds in total, or 1.72 seconds per im-
age. For scenarios involving more than four prompts, we
adopt a batched generation strategy: in each batch, the iden-
tity prompt paired with the first expression prompt is always
placed first, while the remaining positions are filled with the
other prompts. This approach ensures that identity informa-
tion remains consistent and is effectively propagated across
all generated batches.

Evaluation Setup

Benchmark. We follow the evaluation protocol proposed in
IPrompt1Story (Liu et al. 2025), an extension of the origi-
nal ConsiStory benchmark (Tewel et al. 2024). ConsiStory+
expands the evaluation space by introducing a more diverse
range of subjects, prompt descriptions, and styles. In accor-
dance with this setup, we evaluate both prompt alignment
as well as the consistency of subject identity and style over
200 distinct prompt sets, resulting in the generation of up to
1,500 images in total.
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Evaluation metrics. Following 1PromptlStory, to assess
prompt fidelity, we compute the average CLIP text score
(Radford et al. 2021) between each generated image and its
corresponding prompt, denoted as CLIP-T. For identity con-
sistency, we utilize DreamSim (Fu et al. 2023), a perceptual
similarity metric shown to correlate well with human judg-
ment, as well as CLIP-I (Radford et al. 2021), which mea-
sures the cosine similarity between image embeddings. Fol-
lowing the protocol of DreamSim, we remove image back-
grounds using CarveKit (Selin 2023) and replace them with
random noise, so that the similarity measurements reflect
only the subject’s identity. The same background removal
process is applied to images evaluated with CLIP-I to ensure
consistency across identity-based metrics. To assess style
consistency among images conditioned on the same identity
prompt, we follow prior work on style-aligned image gen-
eration (Hertz et al. 2024; Park et al. 2025; Frenkel et al.
2024) and compute the average pairwise DINO similarity,
which captures alignment in overall visual appearance. For
a more comprehensive evaluation, we further report a har-
monic score Sy, which aggregates four core metrics (CLIP-
T, CLIP-I, DreamSim, and DINO) using the harmonic mean.
Since DreamSim is a distance-based metric, we convert it to
a similarity measure via [1 — DreamSim] before computing
the mean. This composite score provides a balanced view of
both prompt fidelity and visual consistency across identity
and style.

Comparison with state-of-the-art consistent
text-to-image generation models

Quantitative comparison. Table 1 provides a comparative
analysis of our method against a variety of state-of-the-
art consistent text-to-image generation models, encompass-
ing both training-based and training-free approaches. De-
spite requiring neither fine-tuning nor training, our method
achieves the best Sy score, reflecting a strong balance
across all core metrics. Notably, our method achieves the
highest DINO similarity, as well as leading scores in CLIP-I
and DreamSim, demonstrating superior consistency in both
style and identity. The identity metrics are computed after
background removal to isolate subject appearance, further
validating our approach’s robustness in preserving subject
identity across generated images. While 1Prompt1Story also
delivers competitive results as a training-free baseline, our
method surpasses it in both style and identity consistency,
and overall Sy, while operating over 13x faster. Impor-
tantly, these results are achieved with an inference time of
just 1.72 seconds per image—significantly faster than most
diffusion-based models, which typically exceed 10 seconds.
These results underscore that Infinite-Story not only pro-
vides high-quality and consistent generations but also does
so with remarkable efficiency, making it suitable for practi-
cal deployment in real-time generation scenarios.

Qualitative comparison. Figure 6 presents qualitative re-
sults across two themes—an elf character and a watercolor-
style hedgehog—used to evaluate various consistent text-
to-image generation models. Some methods, such as IP-
Adapter, preserve subject identity effectively, especially in
facial structure and posture. However, they often fail to re-



Method | Train-Free | Sy 1 | DINOT CLIP-Tt CLIP-IT DreamSim | | Inference Time (s) |
Vanilla SDXL (Podell et al. 2023) - 0.7408 | 0.6067 0.9074 0.8793 0.3385 10.27
Vanilla Infinity (Han et al. 2024) - 0.7891 | 0.6965 0.8836 0.8955 0.2780 1.71
IP-Adapter (Ye et al. 2023) X 0.8323 | 0.7834 0.8661 0.9243 0.2266 10.40
PhotoMaker (Li et al. 2024) X 0.7223 | 0.6516 0.8651 0.8465 0.3996 19.52
The Chosen One (Avrahami et al. 2024) X 0.6494 | 0.5824 0.8162 0.7943 0.4893 13.47
OneActor (Wang et al. 2024) X 0.8088 | 0.7172 0.8859 0.9070 0.2423 24.94
ConsiStory (Tewel et al. 2024) v 0.7902 | 0.6895 0.9019 0.8954 0.2787 37.76
StoryDiffusion (Zhou et al. 2024b) v 0.7634 | 0.6783 0.8403 0.8917 0.3212 23.68
1Prompt1Story (Liu et al. 2025) v 0.8395 | 0.7687 0.8942 0.9117 0.1993 22.57
Ours v 0.8538 | 0.8089 0.8732 0.9267 0.1834 1.72

Table 1: Quantitative comparison with state-of-the-art consistent T2I generation models. Inference time is reported per image.
Symbols 1 and | indicate whether higher or lower values are better. Bold and underline denote the best and second-best results,

respectively.

v A

A detailed character design of a grac
reading an ancient map by a firelight, guarding a hidden woodland village}.

StoryDiffusion

Figure 6: Qualitative comparison with state-of-the-art consistent T2I generation models.

Component Quantitative Metrics
# |IPR ASI SGA| Sy 1 |DINOT CLIP-Tt CLIP-IT DreamSim |
(a) 0.7891 | 0.6965  0.8836  0.8955 0.2780
b) | vV 0.8013 | 0.7119  0.8814  0.9046 0.2569
©| v Vv 0.8481 | 0.8082  0.8625  0.9242 0.1931
@|v v v ]0.8538] 0.8089 0.8732  0.9267 0.1834

Table 2: Ablation study on the Identity Prompt Replacement
(IPR), Adaptive Style Injection (ASI), and Synchronized
Guidance Adaptation (SGA). The symbol 71 indicates that
higher values are better, and | indicates that lower values
are better. The best and second-best results are highlighted
in bold and underline, respectively.

flect prompt-specific nuances, as seen in the elf example,
where different expression settings (e.g., “guarding a hidden
woodland village”) result in minimal contextual variation.
On the other hand, OneActor and 1PromptlStory capture
expression prompts well but show style shifts in background
and rendering details that disrupt visual cohesion. StoryD-
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iffusion and ConsiStory demonstrate style consistency, yet
they exhibit inconsistencies in subject identity across the
prompt set. PhotoMaker and The Chosen One, while pro-
ducing aesthetically pleasing results, tend to underperform
across all three aspects—prompt fidelity, identity consis-
tency, and style consistency.

Our model successfully addresses all three aspects. In
both the elf and hedgehog scenarios, the generated images
reflect clear variation across prompts while consistently pre-
serving subject identity and maintaining a unified visual
style. These results confirm that our method generates im-
age sequences that are identity-consistent, style-consistent,
and faithful to the prompt.

Ablation study

Quantitative Analysis. Table 2 presents an ablation study
evaluating the contributions of each proposed component.
Starting with Identity Prompt Replacement (IPR), as shown
in row (b), we observe notable gains in CLIP-I and Dream-
Sim, confirming its effectiveness in aligning identity-related
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Figure 7: Qualitative analysis of ablation study. The results
from (a)-(d) correspond to the configurations in Table 2.

attributes across prompts by mitigating the context bias of
text encoders. When Adaptive Style Injection (ASI) is added
in (c), DINO similarity increases significantly, indicating
improved global style consistency. Additionally, CLIP-I and
DreamSim scores also improve, reflecting enhanced align-
ment in identity appearance. Finally, in (d), applying Syn-
chronized Guidance Adaptation (SGA) helps restore the bal-
ance between the conditional and unconditional branches
of CFG, leads to a meaningful gain in CLIP-T, and further
consolidates overall consistency. Although there is a slight
trade-off in prompt fidelity compared to the baseline, the full
configuration achieves the highest harmonic score Sy, indi-
cating that our method successfully balances identity coher-
ence, style consistency, and prompt fidelity—all without any
additional fine-tuning.

Qualitative analysis. Figure 7 presents qualitative results
from our ablation study on the proposed methods. Without
any proposed methods (a), the generated images exhibit se-
vere inconsistency in both subject identity and visual style.
For instance, the flower species and rendering styles vary
across scenes, and the red fox’s appearance—such as fur
texture and facial shape—fluctuates noticeably. Introducing
only Identity Prompt Replacement (IPR) in (b) improves
identity-related attributes by mitigating the context bias of
text encoders. The lily maintains a more unified floral struc-
ture across prompts, and the red fox preserves more consis-
tent facial features and body proportions. However, global
style elements—such as lighting and rendering—remain in-
consistent. When Adaptive Style Injection (ASI) is added
(c), both global style and appearance-level identity consis-
tency are further enhanced. The flower exhibits stable col-
oration and stroke patterns, while the red fox retains consis-
tent shading and background textures across diverse scenes.
Nevertheless, some prompt-specific semantics remain un-
deremphasized, and visual artifacts such as unnatural out-
lines or distorted textures occasionally appear—Ilikely due
to strong style injection overriding localized details. Finally,
applying the full method with Synchronized Guidance Adap-
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Method | Identity T Stylet Prompt T
1Prompt1Story (Liu et al. 2025) 18.0% 13.2% 28.2%
OneActor (Wang et al. 2024) 7.2% 7.2% 10.6%
IP-Adapter (Ye et al. 2023) 16.4% 29.6% 4.7%
Ours | 58.4% 50.0% 56.5%

Table 3: User study preference percentages.

tation (SGA) in (d) restores balance between the conditional
and unconditional branches, enabling better preservation of
prompt fidelity. This results in visually coherent outputs that
maintain consistent subject appearance and unified stylistic
rendering, while accurately reflecting prompt-specific varia-
tions—evidenced by appropriate posture, context, and light-
ing across prompts. These qualitative trends are consistent
with the quantitative improvements observed in Table 2

User study

To complement our quantitative evaluation, we conduct a
user study, with results shown in Table 3. A total of 55
participants were asked to assess three core criteria: iden-
tity consistency, prompt fidelity, and style consistency. We
compare images generated by our model with those from
1Prompt1Story (Liu et al. 2025), OneActor (Wang et al.
2024), and IP-Adapter (Ye et al. 2023), which ranked high-
est in our quantitative benchmarks. The results of the user
study indicate that our model consistently outperforms com-
peting methods in all three aspects—identity, prompt, and
style consistency—demonstrating strong human-perceived
performance across a variety of prompts. Details of the user
study protocol are provided in the supplementary material.

Conclusion

In this paper, we present Infinite-Story, a training-free frame-
work for consistent text-to-image generation tailored to
multi-prompt scenarios. Built upon a scale-wise autoregres-
sive backbone, our method tackles two key challenges in
consistent generation—identity inconsistency and style in-
consistency—without requiring model fine-tuning or train-
ing. To this end, we introduce three lightweight yet effec-
tive techniques: Identity Prompt Replacement, which mit-
igates the context bias of text encoders to align identity-
related attributes, and a unified attention guidance strategy
that combines Adaptive Style Injection and Synchronized
Guidance Adaptation to align appearance-level identity and
global style while preserving prompt fidelity. Extensive ex-
periments demonstrate that Infinite-Story achieves state-of-
the-art consistency in both identity and style while main-
taining generation diversity. Notably, our approach operates
over 6 x faster than leading diffusion-based methods, under-
scoring its practicality for real-time and interactive applica-
tions such as visual storytelling and character-driven con-
tent generation. Future work includes extending our method
to support temporal consistency in video generation and ex-
ploring more adaptive reference selection strategies.
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