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Abstract

Recent visual generative models enable story generation with
consistent characters from text, but human-centric story gen-
eration faces additional challenges, such as maintaining de-
tailed and diverse human face consistency and coordinat-
ing multiple characters across different images. This paper
presents IdentityStory, a framework for human-centric story
generation that ensures consistent character identity across
multiple sequential images. By taming identity-preserving
generators, the framework features two key components: It-
erative Identity Discovery, which extracts cohesive charac-
ter identities, and Re-denoising Identity Injection, which re-
denoises images to inject identities while preserving desired
context. Experiments on the ConsiStory-Human benchmark
demonstrate that IdentityStory outperforms existing methods,
particularly in face consistency, and supports multi-character
combinations. The framework also shows strong potential for
applications such as infinite-length story generation and dy-
namic character composition.

Page — https://correr-zhou.github.io/IdentityStory/
Code — https://github.com/correr-zhou/IdentityStory
Extended version — https://arxiv.org/pdf/2512.23519

1 Introduction
Recent visual generative models (Rombach et al. 2022;
Podell et al. 2023; Black Forest Labs 2024) enable users
to create high-quality images from text, but they still strug-
gle to maintain character consistency across multiple gen-
erated images due to their stochastic nature. This limitation
promotes the task of story generation, which aims to yield
a series of images with consistent characters solely using
text. While this task has already made an impact in educa-
tion (Carter 1993) and entertainment (Klimmt et al. 2012),
it exhibits greater potential in human-centric scenarios such
as film storyboarding (Hart 2013; Halligan 2013), advertise-
ment design (Escalas 2003; Megehee and Woodside 2010),

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

*Equal contribution.
†Corresponding authors.

Figure 1: Human-centric story generation. Our IdentityStory
can solely rely on text to generate a series of images that
consistently depict human characters and faithfully align
with text prompts, outperforming the state-of-the-art method
(Zhou et al. 2024b). Text prompts are omitted due to space
constraints. Please refer to our extended version for details.
Zoom in for better view.

and artistic production (Cetinic and She 2022). Therefore,
we aim to further advance human-centric story generation
in this work, exploring story generation specifically with hu-
mans as characters.

As shown in Figure 1, this task adopts a text prompt set
where each prompt shares the same character descriptions
as input, aiming to generate multiple images with consistent
characters and the corresponding visual content. Human-
centric story generation is more challenging compared to
story generation on other subjects, since (i) human faces in-
herently contain richer details (Wang and Deng 2021) and
exhibit diverse variations (Zhou et al. 2021; Kammoun et al.
2022), imposing greater difficulty on consistency mainte-
nance, and (ii) the coordination of multiple characters across
different images demands a more flexible generation frame-
work. Existing state-of-the-art methods of story generation
cannot achieve satisfactory results (Figure 1&6), as they rely
on attention-sharing mechanisms (e.g., ConsiStory (Tewel
et al. 2024), Story Diffusion (Zhou et al. 2024b)) or global
semantic modulation (e.g., Story-Adapter (Mao et al. 2024),
1Prompt1Story (Liu et al. 2025)), lacking the ability to pre-
cisely and flexibly maintain the cross-image identity consis-
tency of human characters.

Recently, identity-preserving generators (Li et al. 2024;
Ye et al. 2023; Wang et al. 2024a) have emerged within
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Figure 2: Identity embeddings of identity-preserving gener-
ators. Here we use PhotoMaker (Li et al. 2024) as an ex-
ample: (a) We extract embeddings of three identities using
PhotoMaker’s image encoder and visualize them in 2D with
t-SNE (Van der Maaten and Hinton 2008), observing that
embeddings of different identities are highly distinguishable.
(b) We collect 20 character descriptions and extract iden-
tity embeddings using the naive averaging approach and
our method. Then, each embedding generates 15 images
for computing pairwise face similarity with ArcFace (Deng
et al. 2019), showing our method performs better.

the task of subject-driven generation (requires reference im-
ages as input) (Gal et al. 2022; Ruiz et al. 2023; Rout et al.
2024; Zhou et al. 2024a) to ensure identity preservation in
generated images. Therefore, an intriguing question arises:
Can we harness identity-preserving generators for human-
centric story generation? In this work, we present Identi-
tyStory, a framework designed to unleash the full potential
of identity-preserving generators for this task, ensuring pre-
cise and flexible consistency maintenance for human char-
acters across multiple images (Figure 1).

To achieve this, we first develop Iterative Identity Discov-
ery to extract identities (Figure 4(a)). We find that identity-
preserving generators process a well-constructed identity
space (Figure 2(a)), where identity representation can be
obtained by aggregating character image embeddings. Af-
ter generating diverse character images from descriptions
and projecting them into the identity space, we use Singu-
lar Value Decomposition (SVD) to iteratively filter out low-
relevance embeddings and extract cohesive identities.

Next, we design Re-denoising Identity Injection to inject
identities (Figure 4(b)). To address text alignment degrada-
tion of identity-preserving generators (Figure 3), we first use
a general generator to create a more text-aligned prototype
image. Meanwhile, we cache noisy images during genera-
tion to preserve environmental semantics and segment the
prototype image to extract character layouts. Using a pro-
gressive masking strategy, we then re-denoise with identity-
preserving generators to inject identities. We perform exper-
iments based on ConsiStory-Human, a new benchmark im-
proved from (Tewel et al. 2024), demonstrating that Iden-
tityStory achieves overall superior performance and espe-
cially excels at precise face consistency maintenance. No-

Figure 3: Text alignment degradation of identity-preserving
generators. We present qualitative results of vanilla
SDXL (Podell et al. 2023), PhotoMaker (Li et al. 2024),
and InstantID (Wang et al. 2024a). The prompt for the
case above is ”A surreal digital artwork of a young Black
girl with curly hair and bright eyes, standing on a rain-
bow bridge high above the clouds”, and the prompt for the
case below is ”A hyper-realistic illustration of a middle-aged
Latina woman with dark, curly hair and strong cheekbones,
wearing an apron in a cozy home kitchen”.

tably, our method achieves a pairwise face similarity score of
55.5%, over double that of the second-best method (27.1%).
Moreover, we show the practicality of IdentityStory to more
applications such as community tool integration, infinite-
length story generation, and dynamic character composition.

2 Related Works
Story Generation is first formulated as the task of story vi-
sualization by StoryGAN (Li et al. 2019) and has evolved
across diverse technical paradigms such as generative ad-
versarial networks (Li et al. 2019; Li, Kong, and Zhou
2020), large language-vision models (Shen and Elhoseiny
2023; Yang et al. 2024), and diffusion models (Tewel et al.
2024; Zhou et al. 2024b; Mao et al. 2024; Liu et al. 2025;
Song et al. 2025). Early works (Li, Kong, and Zhou 2020;
Maharana, Hannan, and Bansal 2022) tend to train mod-
els on close-domain datasets. While these methods manage
to reproduce specified characters, the lack of generalization
severely hinders their ability to handle unseen subjects or
adapt to various contexts. Building upon text-to-image (T2I)
diffusion models, subsequent works (Tewel et al. 2024;
Zhou et al. 2024b; Mao et al. 2024; Liu et al. 2025) suc-
ceed in generating consistent characters of open domains.
However, these approaches involve either intricate module
assembly, complex strategy designs, or heavy memory us-
age, thus restricting their applicability in practice. More im-
portantly, they failed to precisely yield consistent human
characters, while our IdentityStory excels in this aspect by
unlocking the capabilities of identity-preserving generators.
Subject-Driven Generation aims to enable T2I diffusion
models to generate specific visual concepts from reference
images. Initial approaches (Gal et al. 2022; Ruiz et al. 2023)
achieved this by optimizing text embeddings or fine-tuning
model weights. Subsequent methods (Kumari et al. 2023;
Jiang et al. 2024; Shi et al. 2024; Zhou et al. 2024a) ex-
panded on these approaches to handle multiple visual con-
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Figure 4: Pipeline of IdentityStory. This framework consists of two key techniques, including (a) Iterative Identity Discovery
(Section 3.1), which utilizes Singular Value Decomposition (SVD) to iteratively filter out low-relevance embeddings to extract
cohesive identities, and (b) Re-denoising Identity Injection (Section 3.2), which uses identity-preserving generators to inject
extracted identities based on the noisy cached images and character layouts produced from general generators.

cepts. Recently, learning-based approaches (Wei et al. 2023;
He et al. 2024; Tan et al. 2024; Cai et al. 2024) have gained
widespread adoption due to their strong zero-shot capabil-
ities. Within these, a subset of methods (Li et al. 2024;
Wang et al. 2024a; Xiao et al. 2024; Wang et al. 2024b;
Guo et al. 2025), which we refer to as identity-preserving
generators, specifically focus on generating human-centric
images. With additional training on large human datasets,
these methods effectively preserve the identity of individu-
als depicted in reference images (Wei et al. 2025). In this
work, our method unlocks their potential and goes beyond
their original functionality, enabling them to support text-
only input and achieve better text alignment.

3 Methodology
In this work, we explore human-centric story generation,
aiming to generate visually coherent story images with hu-
man characters (Figure 1). Specifically, the input is a story
text T = {Ti}ni=1 with n text prompts, where each text
prompt Ti corresponds to a story image and shares the same
character descriptions {ci}si=1 with s characters. The goal
is to generate a series of images I = {Ii}ni=1 with con-
sistent characters solely using T = {Ti}ni=1. We develop
IdentityStory, aiming to unleash the potential of identity-
preserving generators for human-centric story generation
(Figure 4). In this framework, Iterative Identity Discovery
(Sec. 3.1) is first conducted to extract identity embeddings
solely from character descriptions via iterative filtering, and
then Re-denoising Identity Injection (Sec. 3.2) is employed

to generate story images by injecting identity embeddings
with a re-denoising paradigm. In the following, we delve
deeper into the details of these two techniques.

3.1 Iterative Identity Discovery
We observe that identity-preserving generators contain a
well-structured identity space (Figure 2(a)), making it possi-
ble to obtain an identity embedding by aggregating the em-
beddings of generated character images. However, simply
averaging the embeddings results in low identity unique-
ness (Figure 2(b)) due to the diversity of generated images,
which reflect various identities. Therefore, we develop Itera-
tive Identity Discovery (Figure 4(a)), which leverages Singu-
lar Value Decomposition (SVD) to iteratively filter out low-
relevance embeddings and ultimately aggregate the most co-
hesive ones, yielding a more unique identity representation
(Figure 2(b)). Below we describe it in detail.
Overall Scheme. We first generate m character images for
each character description ci. Using the image encoder of
the identity-preserving generator Gid, these images are then
projected into the identity space, which results in a com-
bined embedding matrix E ∈ Rm×d where d is the embed-
ding dimension. Inspired by (Gu et al. 2014), we obtain the
implicit semantic information of E by applying SVD as

E = UΣV T , (1)

where U ∈ Rm×m, Σ ∈ Rm×d, and V ∈ Rd×d. As a
result, V contains right singular vectors of E, where each
column denotes a semantic direction of the identity space.
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Figure 5: Design choices of Re-denoising Identity Injection.
(a) We start from a sweet-spot timestep (t′ = 40) to re-
denoise, balancing image harmony and identity fidelity (blue
frame). (b) We develop a progressive masking strategy to ef-
fectively diminish artifacts (red frame).

Next, we select the directions with the top k singular values
from V , formulating Vk ∈ Rd×k. The directions in Vk cap-
ture the most significant semantics of the embeddings, while
the others involve low-relevance semantics or noises. Then,
we further compute the reconstruction matrix W = VkV

T
k ,

where W ∈ Rd×d can be regarded as a transformation de-
signed to preserve only the most essential semantics. Using
W , we can calculate the reconstruction errors ε ∈ Rm for m
identity embeddings as

ε =
1

d

d∑
i=1

∥E:,i − (EW ):,i∥2, (2)

where {:, i} represents the matrix indexing. Low-relevance
embeddings can deviate from the core semantics, thereby
leading to larger errors due to insufficient reconstruction.
With a filtering ratio r and an iteration number p, we remove
the embeddings with the (1−r)·m largest errors from E, and
return to Equation 1 for the next iteration. Through this iter-
ative process, about 21.6% of embeddings are retained and
averaged to form the final identity embedding, effectively
capturing the core semantics of the character while minimiz-
ing the influence of non-identity factors such as poses and
facial expressions. Such a technique can extract a more reli-
able identity representation ensuring character consistency.

3.2 Re-denoising Identity Injection
While identity-preserving generators excel at maintaining
identities in generated images (Li et al. 2024; Ye et al. 2023;
Wang et al. 2024a), they exhibit suboptimal performance on
text alignment. This limitation affects their ability to gen-
erate desired visual elements and reasonable character lay-
outs, as illustrated in Figure 3(a). To address this, we design
Re-denoising Identity Injection (Figure 4(b)), utilizing the
complementary strengths of general generators and identity-
preserving generators. Specifically, the general generator
provides high-quality environmental details and character
layouts, while the identity-preserving generator focuses on

injecting identities. This approach involves three processes:
noisy image caching, layout extraction, and re-denoising,
which are detailed as follows.
Noisy Image Caching. First, we utilize a general generator
G (e.g., the base model), which is better in text alignment
(Figure 3), to generate template images containing faithful
visual semantics for subsequent processes. For a story image
Ii, we use its text prompt Ti to generate

I ′i = G(Ti), (3)

where I ′i is the corresponding template image. During the
sampling of G, we cache the noisy images of all t timesteps,
which can be formulated as

z = {zt, zt−1, ..., z1, z0}, (4)

where zi ∈ Rl×l is the noisy image at i-th timestep, l is
the latent dimension, and t is set to 50 for a DDIM (Song,
Meng, and Ermon 2020) scheduler. These predicted noisy
images implicitly encapsulate the contextual information for
generating the template image, serving as the basis for the
re-denoising phase.
Layout Extraction. To obtain proper foreground layouts,
previous works often rely on user inputs (Bar-Tal et al. 2023;
Avrahami et al. 2023; Xie et al. 2023) or large language
models (Phung, Ge, and Huang 2024; Feng et al. 2024). In
contrast, we directly extract the character layout from the
template image I ′i , as it is generated using the prompt Ti,
which aligns well with our intended design. This guaran-
tees that the resultant layout is precise and natural. Based on
character words in Ti such as “man” and “woman”, we use
Grounded-SAM (Ren et al. 2024) to segment out character-
wise masks as

M = {M1,M2, ...,Ms}, (5)

where the background mask can be set as Mbg = ∁(M1 ∪
M2...Ms). Using these masks, we can accurately separate
each character from the background, allowing for precise
identity injection while preserving the original and unbiased
environmental details during re-denoising.
Re-denoising. Using the cached noisy images and the
character-wise masks, we then inject the identity of charac-
ters by performing re-denoising with the identity-preserving
generator Gid. We start from a timestep of t′ = 40, a sweet
spot that provides a better balance between image harmony
and identity fidelity (Figure 5(a)). For the noisy image zi,
we use the denoising network ϵid of Gid to perform

zi−1,j = ϵid(cj , ej , zi), j = 1, ..., s, (6)

where zi,j is the noisy image for j-th character at the next
timestep, which is guided by the identity embedding ej and
the character description cj . Then, zi is over-written as

zi−1 ← DS(Mbg)⊙ zi−1 +
s∑

j=1

DS(Mj)⊙ zi−1,j , (7)

where DS(·) is a down-sample operation to match the shape
of noisy images. Fixed masks could constrain the scope of
re-denoising and make it difficult to adequately reconcile lo-
cal details, leading to undesired artifacts (Figure 5(b)). Thus,
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Methods
Text Alignment Character Consistency Image Quality

CLIP-T↑ (%) CLIP-T-C↑ (%) CLIP-I↑ (%) Face-Sim↑ (%) Q-Align-Aes↑ Q-Align-Gen↑

ConsiStory (Tewel et al. 2024) 35.5 30.1 78.2 17.1 3.75 4.71
StoryDiffusion (Zhou et al. 2024b) 34.0 30.7 85.2 27.1 3.58 4.20
Story-Adapter (Mao et al. 2024) 34.3 29.1 76.6 23.9 3.65 4.42
1Prompt1Story (Liu et al. 2025) 34.9 29.7 79.8 23.5 4.16 4.81
IdentityStory (Ours) 35.4 31.1 85.8 55.5 4.25 4.92

Table 1: Quantitative comparison. The results of automatic metrics demonstrate IdentityStory’s overall superior performance,
especially in face similarity (Face-Sim). The best and second-best results are marked in bold and underlined.

Figure 6: Qualitative comparison. Compared to other methods, our IdentityStory exhibits remarkable performance in handling
human-centric scenarios, enabling consistent generation of human characters with only text as input. Zoom in for better view.

we further develop a progressive masking strategy, updating
Mj at each timestep i as

Mj ← Dilate(Mj ,Ki), j = 1, ..., s, (8)

where Dilate(Mj ,Ki) denotes dilating the mask Mj with
the kernel size Ki =

i−t′

t−t′ ·Kmax and Kmax is the predefined
maximum kernel size. This strategy enables re-denoising to
progressively refine more local details, effectively eliminat-
ing unwanted artifacts (Figure 5(b)).

4 Experiments
4.1 Setups
Implementation Details. We select PhotoMaker (Li et al.
2024) as our identity-preserving generator and SDXL
(Podell et al. 2023) as the base model. For Iterative Identity
Discovery, we set the character image number m = 64, the
filtering ratio r = 60%, and the iteration number p = 3. For
Re-denoising Identity Injection, we set the initial timestep
t′ = 40 and the maximum kernel size Mmax = 50.
Benchmark and Compared Methods. We present
ConsiStory-Human, an enhanced version of the ConsiS-
tory benchmark (Tewel et al. 2024), which is designed
specifically for human-centric scenarios. It features diverse
characters and story descriptions, comprising 100 prompt
sets, each with 10 text prompts. Using ConsiStory-Human,
each method generates 1,000 images for a thorough evalu-
ation. We compare our method with state-of-the-art story

generation methods, including ConsiStory (Tewel et al.
2024), StoryDiffusion (Zhou et al. 2024b), Story-Adapter
(Mao et al. 2024), and 1Prompt1Story (Liu et al. 2025).
Evaluation Metrics. We evaluate methods based on the fol-
lowing aspects: (i) Text alignment: We compute the aver-
age CLIP (Radford et al. 2021) score between each gen-
erated story image and its corresponding text prompt, de-
noted as CLIP-T. Additionally, we segment characters from
each story image and compute the average CLIP score be-
tween each character image and its character description, de-
noted as CLIP-T-C. (ii) Character consistency: We measure
the average similarity between segmented character images
within each prompt set using CLIP (Radford et al. 2021),
referred to as CLIP-I. Moreover, we compute the average
pairwise face similarity with ArcFace (Deng et al. 2019),
denoted as Face-Sim. (iii) Image quality: We assess both the
aesthetic quality and general quality of the generated story
images using Q-Align (Wu et al. 2023), with scores repre-
sented as Q-Align-Aes and Q-Align-Gen.

4.2 Experimental Results
Quantitative Comparison. We present the quantitative re-
sults in Table 1. In terms of text alignment, our method
achieves the best CLIP-I-C and performs just slightly below
ConsiStory in CLIP-I. However, the better CLIP-T of Con-
siStory comes at the cost of its poor character consistency.
In contrast, our method shows remarkable performance in
character consistency, particularly in face similarity. Specif-
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Methods Text Align.↑ Char. Consis.↑ Img. Qual.↑

ConsiStory (Tewel et al. 2024) 81.88 78.58 82.91
StoryDiffusion (Zhou et al. 2024b) 80.74 77.52 85.47
Story-Adapter (Mao et al. 2024) 81.08 77.00 83.07
1Prompt1Story (Liu et al. 2025) 82.20 78.31 86.48
IdentityStory (Ours) 84.41 82.83 88.74

Table 2: MLLM-as-a-judge evaluation. The proposed Identi-
tyStory achieves the highest average across all three metrics,
further showcasing its superior performance.

Methods Text Align.↑ Char. Consis.↑ Img.Qual.↑

ConsiStory (Tewel et al. 2024) 6.5% 6.5% 8.5%
StoryDiffusion (Zhou et al. 2024b) 10.3% 11.0% 14.3%
Story-Adapter (Mao et al. 2024) 5.0% 5.2% 3.8%
1Prompt1Story (Liu et al. 2025) 9.0% 10.8% 8.7%
IdentityStory (Ours) 69.2% 66.5% 64.7%

Table 3: User study. The selection rates on the three metrics
clearly indicate that IdentityStory outperforms other methods
in terms of human preference.

Figure 7: Ablation of key techniques. We demonstrate the effectiveness of (a) Iterative Identity Discovery, which improves
character consistency, and (b) Re-denoising Identity Injection, which enhances text alignment.

ically, we reach a Face-Sim of 55.5%, more than double the
second-best of 21.1%. Moreover, Q-Align indicates that our
method can generate top-quality images, excelling in both
general and aesthetic aspects.
Qualitative Comparison. The qualitative results are illus-
trated in Figure 6. Our method exhibits superior perfor-
mance in preserving character consistency, especially for
fine-grained facial features, across different images while
faithfully following text prompts. However, other methods
struggle with human-centric scenarios, as they rely on atten-
tion or prompts to maintain consistency. Due to its flexibil-
ity, our method can also effectively handle multiple charac-
ters, whereas other methods cause identity disorder or even
blending. Notably, they also display inconsistencies in style,
indicating their instability.
MLLM-as-a-Judge Evaluation. To conduct additional
evaluation, we utilize GPT-4o (Hurst et al. 2024) to score the
generated images. For each case, GPT-4o is provided with
the story text alongside the five outputs from other methods
and our IdentityStory. We then instruct GPT-4o to indepen-
dently assign a score between 0 and 100 to each generated
image based on three criteria, including text alignment, char-
acter consistency, and image quality. Finally, we average its
ratings for each method and criterion, presenting the results
in Table 2. As we can observe, IdentityStory achieves the
highest averages across all aspects, further demonstrating
its superior performance in text alignment, character con-
sistency, and image quality compared to other methods.
User Study. To evaluate human preference, we design a
questionnaire showing 20 randomly selected groups of gen-
erated images, each paired with the corresponding story text.

Participants were asked to select the best result in each group
in terms of text alignment, character consistency, and im-
age quality. In total, we collected 30 responses and the av-
eraged selection rates are reported in Table 3. The results
indicate that IdentityStory outperforms others across all as-
pects, showing that its generated images are better aligned
with human preference.

4.3 Ablation Studies
Key Techniques. We ablate two key techniques of Identi-
tyStory to demonstrate their significance. When removing
Iterative Identity Discovery, we adopt the average identity
embedding of the generated character images for the subse-
quent process, showing that it contributes to superior charac-
ter consistency (Figure 7(a)). When removing Re-denoising
Identity Injection, we use the identity-preserving genera-
tor to directly produce final results, verifying that it helps
achieve better text alignment (Figure 7(b)).
Iterative Strategy of Iterative Identity Discovery. In Fig-
ure 2(b), we have demonstrated that our Iterative Identity
Discovery can achieve better identity embeddings compared
to the naive averaging approach. In Figure 8(a), we follow
the same setting and further adjust the iterative numbers of
Iterative Identity Discovery, showing the iterative strategy
contributes to a better face similarity result.
Injection Mechanism of Re-denoising Identity Injection.
We adopt a layout-guided mechanism to precisely inject
identities into cached noisy images while preserving envi-
ronmental details. To evaluate its effectiveness, we abandon
the layout guidance and directly average cached noisy im-
ages and the identity generator’s output to perform iden-
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Figure 8: (a) Ablation of the iterative strategy of Itera-
tive Identity Discovery. Face similarity (Face-Sim) increases
steadily with iterative numbers, showing the effectiveness of
the iterative strategy. (b) Ablation of the injection mecha-
nism of Re-denoising Identity Injection. Our layout-guided
mechanism can effectively inject identities while maintain-
ing high-quality environmental details.

Figure 9: Infinite-length story generation with IdentityStory.
Our method can conveniently generate a series of images
with consistent characters at any length.

tity injection. This paradigm results in disordered visual ele-
ments, as it fails to prevent undesired semantics from being
mixed into the cached noisy images (Figure 8(b)).

4.4 More Applications
Integration with Other Community Tools. IdentityStory
can seamlessly integrate with other community tools to ac-
commodate a wider range of use scenarios (Figure 10). For
instance, IdentityStory can enable face pose controls with
ControlNet (Zhang, Rao, and Agrawala 2023), and collabo-
rate with stylized base models (SG161222 2024; Cagliostro
Research Lab 2024) for enhancing the generation of special
styles, highlighting its flexibility for diverse user needs.
Infinite-Length Story Generation. Decoupling ID extrac-
tion from generation, infinitely extending a story, which is
one of the key advantages of IdentityStory, becomes feasible
by reusing the extracted ID embeddings. Traditional meth-
ods are constrained by memory consumption (Tewel et al.
2024; Zhou et al. 2024b; Mao et al. 2024) or text length lim-
itations (Liu et al. 2025), while our method only requires
extracting the identity once, after which it can continuously
generate images with the same character (Figure 9).

Figure 10: Combining IdentityStory with community tools,
IdentityStory can collaborate with community tools, such as
(a) ControlNet (Zhang, Rao, and Agrawala 2023) and (b)
stylized base models (RealVisXL (SG161222 2024) and An-
imagineXL (Cagliostro Research Lab 2024)).

Figure 11: Dynamic character composition with IdentityS-
tory. Our method can dynamically combine characters in dif-
ferent story images.

Dynamic Character Composition. IdentityStory can also
dynamically combine characters across different images
within a story, as shown in Figure 11. This capability allows
characters to be flexibly introduced or combined across var-
ious scenes, which is highly practical for handling complex
narratives without losing coherence or visual harmony.

5 Conclusion
In this work, we introduce human-centric story generation
and develop IdentityStory, which combines Iterative Iden-
tity Discovery to extract identities via iterative filtering and
Re-denoising Identity Injection to inject identities via re-
denoising. Experiments show that IdentityStory sets a new
standard for this task. Looking ahead, we plan to extend our
framework to include broader image and video generation,
further enhancing the creativity of visual content. Addition-
ally, we aim to explore the integration of multi-modal inputs,
such as audio and textual cues, to enrich the storytelling pro-
cess and create more immersive human-centric narratives.
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