
StoryWeaver: A Unified World Model for
Knowledge-Enhanced Story Character Customization

Jinlu Zhang1*, Jiji Tang2*, Rongsheng Zhang2, Tangjie Lv2, Xiaoshuai Sun1†

1Key Laboratory of Multimedia Trusted Perception and Efficient Computing,
Ministry of Education of China, Xiamen University, 361005, P.R. China

2Fuxi AI Lab, Netease Inc., Hangzhou, China
zhangjinlu@stu.xmu.edu.cn, {tangjiji01, zhangrongsheng, hzlvtangjie}@corp.netease.com, xssun@xmu.edu.cn

Abstract

Story visualization has gained increasing attention in ar-
tificial intelligence. However, existing methods still strug-
gle with maintaining a balance between character identity
preservation and text-semantics alignment, largely due to
a lack of detailed semantic modeling of the story scene.
To tackle this challenge, we propose a novel knowledge
graph, namely Character-Graph (CG), which represents vari-
ous story-related knowledge, including the characters, their
attributes and the relationship. We then introduce Story-
Weaver, an image generator that achieves Customization
via Character-Graph (C-CG), capable of consistent story
visualization with rich text semantics. To further improve
the multi-character generation performance, we incorporate
knowledge-enhanced spatial guidance (KE-SG) into Story-
Weaver to precisely inject character semantics into genera-
tion. To validate the effectiveness of our proposed method,
extensive experiments are conducted using a new bench-
mark called TBC-Bench. The experiments confirm that our
StoryWeaver excels not only in creating vivid visual story
plots but also in accurately conveying character identities
across various scenarios with considerable storage efficiency,
e.g., achieving an average increase of +9.03% DINO-I and
+13.44% CLIP-T. Furthermore, ablation experiments are
conducted to verify the superiority of each proposed module.

Code — https://github.com/Aria-Zhangjl/StoryWeaver
Extended version — https://arxiv.org/abs/2412.07375

Introduction
Story Visualization is an emerging task in artificial intelli-
gence with wide-ranging applications in education and en-
tertainment, e.g., comic books creation and movie produc-
tion (Li et al. 2019; Maharana, Hannan, and Bansal 2022;
Zhou et al. 2024b; Cheng et al. 2024). Given a textual narra-
tive and portrait images of characters, the task of story visu-
alization is to generate a series of images visually represent
the story. Therefore, the main obstacle in this task is to cus-
tomize the given characters faithfully and synthesize seman-
tically diverse images that align well with the prompt along

*These authors contributed equally.
†Corresponding author.
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the whole storylines (Gong et al. 2023; Su et al. 2023; Song
et al. 2020; Chen et al. 2022; Cheng et al. 2024).

Recent diffusion methods for character-consistent image
generation (Gal et al. 2022; Ruiz et al. 2023; Ye et al. 2023;
Li, Li, and Hoi 2024; Kumari et al. 2023; Han et al. 2023)
can be broadly categorized into two types, i.e., adapter-based
and customization-based. Adapter-based methods (Ye et al.
2023; Wang et al. 2024; Liu et al. 2024) introduce image-
conditioned side networks within diffusion models to pro-
vide visual guidance. For example, IP-Adapter (Ye et al.
2023) deploys an image adapter to extract features from in-
put images, while StoryGEN (Liu et al. 2024) incorporates
a context module to provide visual context from previous
frames. However, these methods struggle with detailed iden-
tity extraction and precise character customization. As de-
picted in Fig. 1(a), IP-Adapter captures the coarse semantics
of Petty, e.g., a penguin wearing purple, but overlooks finer
details of the appearance.

On the other hand, customization-based methods (Ruiz
et al. 2023; Hu et al. 2021; Gal et al. 2022; Han et al. 2023)
conceptualize the character on a set of customized images,
achieving better identity preservation. However, since they
are trained in an entangled way, i.e., rely on few text tokens
to capture coarse-grained semantics, these methods are over-
fit and hard to respond to text instructions, also illustrated in
Fig. 1(a). Furthermore, their per-concept optimization ne-
cessitates a distinct model for each character, resulting in a
significant demand for storage resources.

Unlike previous works, we are keen to a unified frame-
work with fine-grained modeling for comprehensive multi-
character customization to achieve high-fidelity identity
preservation and precise text-semantic alignments. Inspired
by ERNIE (Zhang et al. 2019), which enhances language
representation through external knowledge, we argue that
finer-grained details within each story can be effectively cap-
tured with enhanced semantic-rich knowledge. Then we pro-
pose a novel Character-Graph (CG) to encode fine-grained
semantics about the story world, including the given charac-
ters, their detailed attributes, and their relations. Characters
are presented as object nodes in CG with multiple attribute
node attached, and their relations serve as the edge to con-
nect all objects. These components collectively define the
essence of each story scene. Then each visual story scene
can be detailed in text captions through CG. By Customiz-
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<Petty> entered a 
wooden cabin, 
greeted by the 

crackling sound of a 
fireplace.

<Petty> curled up on 
a soft chair, 

engrossed in a 
captivating 
storybook.

<Anna> and <Elsa> 
wake up from their 
beautiful bedroom

<Anna> and <Elsa>  
enjoy a royal feast in 
the grand dining hall, 
savoring delicious 

treats.
Input IP-Adapter (base) Dreambooth Ours Mix-of-Show

Semantic Alignment

ID customization

Semantic Alignment

ID customization

Semantic Alignment

ID customization

Petty

Ours

Semantic Alignment
ID customization

Anna Elsa Character Correctness
Semantic Alignment
ID customization

Character Correctness

Input
(a). Visual comparison for  story visualization on single- and multi-character story visualization.

<Loopy> busily prepares a batch of 
cookies in the kitchen, anticipating 
a delightful picnic with her friends.

In the field, <Crong> and <Eddy> 
engage in a soccer game, relishing 
every moment of the thrilling match.

Meanwhile, <Poby> diligently sweeps 
the floor of his cozy wooden house, 
before going to have a picnic.

As the preparations wind up, <Poby> 
and <Loopy> head to the garden to 
join their friends.

1 2 3 4

On the other side, <Tongtong> and 
<Pororo> engage in an intense game 
of tennis, their skills on full display.

5

With the picnic in full swing, <Poby> 
sits on a wooden bench, captivated 
by the joy around him.

<Petty>  arr ives  w ith  a  basket 
brimming with ripe red apples , 
eager to share them with the group.

6

Nearby, <Poby> skillfully prepares 
refreshing fruit juices, his face 
beaming with satisfaction.

7 8

(b). A complete visual story generated by our StoryWeaver.

Figure 1: Our StoryWeaver can achieve high-quality story visualization based on the given characters within a unified model.

ing via Character-Graph enhanced scene-caption pairs (C-
CG), our proposed model, namely StoryWeaver, is capable
of capturing crucial semantics from the story scene, thereby
dramatically improving the consistency and alignment on
both identity and semantics.

However, multi-character story visualization is still in-
tractable, which suffers from identity blending. This prob-
lem stems from an incorrect attention distribution in the dif-
fusion model, where specific character knowledge impacts
unrelated regions without spatial constraints. Existing meth-
ods (Gu et al. 2024; Hu et al. 2021) adopt a regionally con-
trollable sampling method to address this problem. As these
methods necessitate additional spatial inputs, e.g., keypose
image and layout, to strictly determine region assignment for
different characters, they often encounter conflicts in layout
and degradation in identity representation. As shown in the
right side of Fig. 1(a), identity variations among the charac-
ters “Anna” and “Elsa” are evident across frames, and the
model fails to generate accurate semantics of “savor treats”.

To remedy this issue, we propose Knowledge-Enhanced
Spatial Guidance (KE-SG) as external knowledge within the
attention mechanism for precise multi-character customiza-
tion without compromising quality. Specifically, we intro-

duce a knowledge encoder to extract features of different
characters, then refine the initial position prior based on the
extracted character knowledge to modify the incorrect cross-
attention map. Through KE-SG, character knowledge from
CG can accurately attend to the corresponding region in
the story scene, ensuring precise identity representation and
well-matched text semantics for multi-character visual sto-
rytelling tasks. As shown in Fig. 1(b), StoryWeaver achieves
vivid visual story plot generation that encompasses both
single- and multi-character interactions.

Moreover, we introduce a new benchmark termed TBC-
Bench to train our StoryWeaver for both single- and multi-
character story visualization, and compare it with a set of
state-of-the-art (SOTA) methods (Ye et al. 2023; Liu et al.
2024; Ruiz et al. 2023; Hu et al. 2021; Gu et al. 2024;
Yang et al. 2024). The experimental results demonstrate
that our StoryWeaver excels not only in character identity
preservation, e.g., achieving an average increase of +9.03%
DINO-I on single-character visual storytelling, but also in
visual quality across various tasks with an average increase
of +18.45% CLIP-T and + 19.11% Character F1 for multi-
character story visualization.

To sum up, the contributions of this work are three-fold:
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• We propose a novel Character Graph to structurally rep-
resent semantic-rich knowledge within each story world
and a novel StoryWeaver enhanced by the structured
knowledge to achieve high-quality visual storytelling.

• We introduce a novel knowledge-enhanced spatial guid-
ance (KE-SG) for precise cross-attention assignment to
address identity blending, which improves the perfor-
mance of multi-character generation.

• Our StoryWeaver outperforms a set of compared meth-
ods on the newly proposed TBC-Bench in terms of char-
acter identity preservation, correct complex scene gener-
ation and text semantics alignment.

Related Work
Story Visualization
The task of story visualization is to generate image series
aligning with multi-sentence paragraphs while maintaining
global semantic consistency throughout the storyline. Ear-
lier works have adapted GAN for this task (Li et al. 2019;
Song et al. 2020; Li, Torr, and Lukasiewicz 2022; Li, Kong,
and Zhou 2020; Szűcs and Al-Shouha 2022), followed by
Transformers-based methods (Chen et al. 2022; Maharana,
Hannan, and Bansal 2022) which leverage the long-range
dependence properties to enhance semantic coherence.

Recent studies (Feng et al. 2023; Rahman et al. 2023;
Su et al. 2023; Liu et al. 2024; Gong et al. 2023; Zhou
et al. 2024b; Cheng et al. 2024) have explored diffusion
model (Rombach et al. 2022) to achieve consistent im-
age generation, especially for open-ended visual storytelling
task(Zhou et al. 2024b; Liu et al. 2024; Cheng et al. 2024).
For example, StoryGEN (Liu et al. 2024) trains a visual lan-
guage context module to extract information from previous-
turn images while Storydiffusion (Zhou et al. 2024b) pro-
poses Consistent Self-Attention within a batch.

Image Customization
Image Customization aims to synthesize specific subjects
align with given textual contexts. Single-concept customiza-
tion methods either learn new “word” embeddings from
small image sets of customized subjects (Gal et al. 2022;
Voynov et al. 2023; Kumari et al. 2023; Dong, Wei, and Lin
2022) or train diffusion models with additional modules to
encode visual guidance (Ruiz et al. 2023; Wei et al. 2023;
Chen et al. 2024; Jia et al. 2023; Li, Li, and Hoi 2024; Ma
et al. 2023; Yuan et al. 2023; Hu et al. 2021).

While significant progress has been made, multi-concept
customization remains challenging (Han et al. 2023; Yang
et al. 2024; Xiao et al. 2023). To address multi-subject iden-
tity blending issue, existing methods use additional loss on
large multi-subject dataset or rely on extra optimization ef-
forts to merge multiple models (Xiao et al. 2023; Shentu,
Watson, and Moubayed 2024; Zhang et al. 2024; Gu et al.
2024; Xie et al. 2023; Yang et al. 2024). Some methods (Gu
et al. 2024; Xie et al. 2023; Zhou et al. 2024a) use spatial
control inputs like layout and bounding box annotation to
separate characters, but face challenges in natural interac-
tion synthesis and per-character identity preservation.

Method
Overview
In this paper, we aim to achieve fine-grained story world
simulation by a unified model for story visualization, as de-
picted in Fig. 1(b). The overview of Storyweaver is shown
in Fig. 2. We first propose the Character-Graph, a novel rep-
resentation of the semantic-rich knowledge within this par-
ticular story world, to enhance consistency generation in
diffusion model (Fig. 2(a)). Subsequently, we employ spa-
tial guidance to effectively incorporate the Character-Graph
knowledge for precise multi-character generation (Fig. 2(b).
In the following sections, we will introduce customiza-
tion via the Character-Graph (C-CG) and then detail the
knowledge-enhanced spatial guidance (KE-SG).

Customization via the Character-Graph
Existing methods (Ruiz et al. 2023; Hu et al. 2021; Gong
et al. 2023; Rahman et al. 2023) use simple tokens for char-
acter customization across a few samples to achieve con-
sistent image generation. Inspired by ERNIE (Zhang et al.
2019), which employs an external knowledge map to en-
hance token representation in language model(LM), we in-
tegrate a novel Character-Graph to enhance the representa-
tion of story scenes, thereby improving character identity
preservation and semantic modeling.

Character-Graph Construction. Detailed semantics, in-
cluding objects, their attributes, and relationships, are cru-
cial to the understanding of visual scenes (Johnson et al.
2015). In the story world, characters act as pivotal objects
that form the most important part of the world. Attributes
linked to characters are also crucial, as they vividly depict
each character’s appearance. Interactions among characters
unveil the most intricate dynamics within the story world,
representing the unfolding events that propel the story for-
ward. As illustrated in Fig. 2(a), Character-Graph in a story
world can be formulated as G =< O,E,A >, where O rep-
resents the character sets, E denotes the set of events, and A
refers to the set of attribute nodes associated with O and E.

To construct G, we begin by creating a character vocabu-
lary for the given character set. We collect frontal image Ii
for each character, as depicted in Fig. 2(a). Then, we use a
vision-language model (VLM) to extract a detailed caption
with rich semantic from the image, formulated as:

Ci = Vcap(Instructc, Ii), i ∈ [1, Nc] , (1)

where Ci is the caption of Ii obtained by prompting the
VLM model denoted as Vcap with an instruction Instructc,
and Nc is the number of characters in the character set.

However, while such a detailed caption contains rich at-
tributes of the character, it also contains unrelated semantics
that are useless for customization. Therefore, we further pro-
pose a parsing method to extract detailed semantics related
only to the character Oi by:∑

Map < Oi, A
k
i >= (SG

(A)
i |Oi) = (Parser(Ci)|Oi). (2)

Here SG
(A)
i is the scene graph for image Ii obtained by a

Scene Graph Parser (Wu et al. 2019) based on Ci, denoted
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(b) Overview of StoryWeaver trained on knowledge-enhanced captions(left side) with knowledge-enhanced spatial guidance (right side).  
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Figure 2: Overview. (a). We propose Character-Graph to represent semantic-rich knowledge within the story world. (b). We
enhanced the StoryWeaver with proposed spatial guidance for further improving the performance of mult-character generations.

as Parser. < Oi, A
k
i > is the character map constructed by

the character Oi itself with the related kth attribute denoted
as Ak

i . As depicted in Fig. 2(a), “Loopy” is described by
detailed attributes, e.g., “reddish round nose”.

Besides, events, e.g., “hugging” and “kissing”, are used to
illustrate the connections among or within characters. Sim-
ilarly, for a given story scene F containing character i and
character j, we first extract the rich semantic caption Fc via
a VLM model, and then a Scene Graph Parser is adopted to
extract the event-related semantic:

R(Oi, Oj) = (SG
(R)
i |(Oi, Oj)) = (Parser(Fc))i,j , (3)

where Fc is the original scene caption, and R(Oi, Oj) de-
notes the events between Oi and Oj

1. Then, Character-
Graph that describes the extensive character and event
knowledge within the story’s scenes can be formulated as:

G(O,E) = {
∑
i,k

Map < Oi, A
k
i >,

∑
i,j

R(Oi, Oj)}. (4)

Scene Caption via Character-Graph. Based on
Character-Graph, we create a detailed description for each

1Oi and Oj may refer to the same character

story scene, encompassing the fine-grained attributes of
characters and the interactions between them. With this
structured and semantic-rich knowledge-enhanced captions,
the model can achieve better consistencies of characters and
semantic alignment of events.

For each story scene F , we first employ Vcap to generate a
detailed description prompted by an instruction Instructe,
e.g., “A polar bear and a beaver are skiing on a snowy moun-
tain.” Subsequently, we extract the characters and their rela-
tions by Scene Graph Parser:∑

j

Rj,∗, charj = Parser(Vcap(Instructe,F)), (5)

where charj is the jth character coarse label, e.g., “bear”
and “beaver” for the given example, and Rj,∗ refers to the
relationship between charj and object O∗.

Then we lookup the character vocabulary in G to identify
the exact characters with the linked attributes formulated as:

Oj
char = argmax

Oi

Sim(charj , Oi),

Aj
char = Oj

char ⊗
∑

Map < Oi, A
k
i > .

(6)

where Oj
char is the matched character of charj by a match-
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<Poby>  sat at a 
wooden dining 
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a  bowl of  soup. 
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<Loopy> and <Eddy> 
prepare a picnic basket 

with delicious sandwiches 
and snacks in the kitchen. 

(a).Visualization of the impact of Customization 
via Character-Graph (C-CG) . 

(b).Visualization of the impact of knowledge-enhanced spatial guidance 
(KE-SG) on attention map. 

Average Attention
 map for Loopy

Average Attention
 map for Eddy

Figure 3: Visual examples for the impact of Customization via Character-Graph (C-CG) and Knowledge-Enhanced Spatial
Guidance (KE-SG). (a).Without C-CG, the generator struggles to capture finer-grained details of character. (b).Without KE-
SG, the generator tends to allocate attention uniformly across all regions, resulting in identity blending.

ing function Sim, Aj
char denotes the linked attributes asso-

ciated with Oj
char and ⊗ refers to the lookup operation.

We then serialize the structured knowledge graph into a
scene caption for customization. First, we combine Oj

char
with the related attributes to generate an appearance descrip-
tion W j

c for charj by:

W j
c = Oj

char ⊕Aj
char, (7)

where ⊕ denotes the union operation. Next, we use the rela-
tionships between objects to describe the events in the scene
by We, where:

We =
∑
j,j′

Oj
char ⊕Rj,j′ ⊕Oj′

char. (8)

Furthermore, we employ a descriptive sentence to character-
ize the style of all scenes within the story’s world, denoted
as Ws. Then, the complete story scene caption can be formu-
lated as Tg = [Ws,We,

∑N
j W j

c ] where N is the number of
character(s) appear in that scene.

In this case, given scene image frame F and the obtained
Tg , the objective of the diffusion model is:

Ef∼E(F),Tg,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(ft, t, τ(Tg))∥22

]
, (9)

where ϵ is a random noise, t is the sampled timestep, E is
the VAE encoder and τ is the text encoder. We name the
model enhanced by C-CG as StoryWeaver because it seam-
lessly “weave” all elements within G in a unified model and
achieve improved customization for story visualization.

Knowledge-Enhanced Spatial Guidance for
Multi-Character Generation
Akin to previous studies (Xiao et al. 2023; Yang et al. 2024;
Han et al. 2023), StoryWeaver faces challenges with identity
blending in multi-character generation.
Attention Blending. In our case, the cross-attention mecha-
nism in the diffusion model that used to update image feature

fF can be formulated as:

Attn = M · V = Softmax
( (WqfF )(WkfT )

T

√
d

)
· (WvfT ),

(10)
where M denotes the attention map between text feature
fT and image feature fF . And Wq , Wk and Wv are learnable
projection matrices, and d is the latent projection dimension.

Given Tg = [Ws,We,
∑N

j W j
c ] = w[1 : T ], the cell

Mi
x,y represents the correlations between the word w[i] and

the image at pixel (x, y). Considering a situation where
w[i] ∈ W j

c is part of the description of Oj
char with extremely

high Mi
x,y , where (x, y) should correspond to another char-

acter Oj′

char, the incorrect knowledge guidance of Mi
x,y can

be highly detrimental to generation of consistent characters.
This is evidenced by the visualization in Fig.3(b), where
the average attention maps for Eddy’s description contribute
equally to both regions, leading to identity blending with du-
plicate character generation.
Knowledge-Enhanced Spatial Guidance. Since identity
blending arises from an imperfect attention map, we propose
a knowledge-enhanced spatial guidance (KE-SG) to modify
the attention maps for precise multi-character generation.

Specifically, we first assign a position prior for character
Oj

char as an external knowledge, which follows the Gaussian
Distribution and can be formulated as:

pj(x, y) =
1

2π
√
|Σ|

e−
1
2 (x−µx,y−µy)Σ

−1(x−µx,y−µy)
T

,

(11)
where µx and µy represent the mean values in the horizontal
and vertical directions, and Σ denotes the covariance ma-
trix. pj(x, y) denotes the probability of pixel (x, y) belongs
to Oj

char. In practice, we assume that characters appearing
in the same scene are evenly distributed horizontally. There-
fore, we initially set µy = 0 and Σ = I for all characters
while µx = −1 + j × 2

n−1 for character Oj
char, where n is
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Task Type Method # Params/DB(↓) Pororo Frozen
DINO-I(↑)CLIP-I(↑)CLIP-T(↑)DINO-I(↑)CLIP-I(↑)CLIP-T(↑)

Sin-Char

Adapter-based
StoryGEN 1064 M 52.92 76.03 26.98 46.67 72.61 28.05

IP-Adapter(base) 1038 M 48.85 76.66 29.98 44.15 78.42 31.69
IP-Adapter(plus) 1063 M 64.36 81.64 24.88 60.87 84.52 27.15

Customization-based
LORA 1024 M 54.13 75.19 28.53 49.02 82.77 29.18

Dreambooth 7118 M 61.85 78.86 26.74 55.01 81.07 27.12
StoryWeaver(ours) 1017 M 64.96 82.65 33.26 62.17 85.24 36.74

Task Type Method # Params/DB(↓) Pororo Frozen
CLIP-T(↑) F-Acc(↑) C-F1(↑) CLIP-T(↑) F-Acc(↑) C-F1(↑)

Multi-Char

Adapter-based StoryGEN 1064 M 27.27 19.55 27.17 28.91 12.31 21.79

Customization-based
Mix-of-Show 1164 M 27.20 30.23 44.03 30.71 18.90 30.62

LoRA-Composer 1425 M 27.86 27.04 47.36 28.88 27.69 39.72
StoryWeaver(ours) 1017 M 34.30 40.45 59.72 34.94 34.51 44.53

Table 1: Quantitative comparisons on the single- and multi-character generation with existing methods. Our StoryWeaver obvi-
ously merits in semantic alignments with high identity customization compared to existing methods.

the total number of characters in the scene2.
As characters vary in size, we leverage the knowledge

from W j
c to precisely modify the pj(x, y). Given the corre-

sponding appearance description W j
c , we propose a knowl-

edge encoder E to extract the spatial semantics of the char-
acter, formulated as:

E(W j
c ) → {(∆µx,∆µy), γ}, (12)

where (∆µx,∆µy) represent the offset of mean and γ
represents the scale of corvariance. Then, the knowledge-
enhanced position prior can be obtained by:

pj(x, y|tj) =
1

2π

√
|Σ̂|

e−
1
2 (x−µ̂x,y−µ̂y)Σ̂

−1(x−µ̂x,y−µ̂y)
T

,

Σ̂ = γ · Σ, µ̂x = µx +∆µx, µ̂y = µy +∆µy,
(13)

where tj denotes the text feature for W j
c .

We sample the character-aware spatial guidance Pj for
Oj

char by Eq.13. Then, the character-related region on Mi

is enhanced along with the unrelated region decreased by:

[Mi
t](x,y) =

{
[Mi

t](x,y) + s,if [Pj ](x,y) ≥ β,

[Mi
t](x,y) − s,if [Pj ](x,y) < β.

(14)

where [Mi
t] refers to the cross-attention map for token

w[i] ∈ W j
c at t timestep and (x, y) is the pixel coordinate,

β is the threshold determine whether image pixel (x, y) is
related with Oj

char. The time-aware guidance scale s is:

s = s(t) = α · (ln(t+ 1) + 1), (15)

where α is the guidance strength and t is the timesteps. s ap-
plies stronger knowledge guidance in the initial steps during
the early noisy stages, gradually tapering off the guidance
strength to prevent quality degradation.

As shown in Fig.3(b), StoryWeaver achieve correct multi-
character generation well-matched the given text instruction.

2The coordinate of the position prior is illustrated in Fig.3(b)

Experiments

Experimental Settings

Dataset Construction Existing datasets (Li et al. 2019;
Gupta et al. 2018) for story visualization suffers from low
resolution and simple caption annotations. We focus on two
popular cartoon series, i.e., Pororo the Little Penguin and
Frozen and construct a dataset featuring multiple cartoon
characters. Due to resource constraints, we selected around
10 images per character depicting various events, including
over 30 images with multiple characters to capture complex
interactions. We also established an evaluation benchmark
termed TBC-Bench, including 5 single-character stories for
each character and 10 multi-character stories in all.

Implement Details We employed Stable-Diffusion v1-5
and implement character knowledge encoder E as MLP. The
whole model is trained with a learning rate of 7×10−6 and a
batch size of 4. For characters from Pororo, we set α = 2.5,
whereas α = 1 for Frozen and β = 0.85×∥Pj∥max. During
inference, we employed the LMSDiscrete Scheduler with
100 sampling steps and the text guidance scale is 5.0.

Evaluation Metric Following (Zhou et al. 2024b; Cheng
et al. 2024; Gu et al. 2024), we evaluate the methods from
three aspects: (1) Identity Preservation, i.e., calculating the
similarity between generated image and GT character image
by DINO (Oquab et al. 2023) (DINO-I) and CLIP (Radford
et al. 2021) (CLIP-I), (2)Semantic alignment, i.e., calculat-
ing the text-image similarity of the generated image and the
text description by CLIP (CLIP-T) , (3)Character Integrity,
i.e., Character F1 (C-F1) that measuring the percentage of
characters in a generated image that exactly match the story
input, and Frame Accuracy (F-Acc) that measures whether
all characters in a story are present in the generated image.
We use a pre-trained DINO as the classifier, where a sim-
ilarity score exceeding 0.5 between the renderings and the
ground truth character image indicates a correct sample.

9956



LoRA

Dreambooth

IP-Adapter
 (base)

IP-Adapter 
(plus)

StoryGEN

Ours

<Loopy> 
arrived in the 

enchanting city 
of Paris, with 
its  bustling 

streets.

<Loopy> stood 
in awe of the 

towering Eiffel 
Tower.

<Loopy> 
enjoyed a 

leisurely boat 
ride along the 
Seine River.

StoryGEN

Mix-of-Show

LoRA-composer

Ours

<Anna> and 
<Kristoff> stroll 
hand in hand 

through a  
garden, stars 

twinkling above.

1
<Kristoff> 
spreads a 

blanket on the 
ground in the 

garden at 
beautiful night.

<Anna> and 
<Kristoff> sit 
on the blanket 
look at each 

other  under the 
starry nignt.

<Kristoff> 
presents 

<Anna> with a 
bouquet of 

wildflowers.

2 3 41 2 3

(a). Visualization on single-character visual storytelling. (b). Visualization on multi-character visual storytelling. 

Figure 4: The visual comparisons of different methods on single and multi-character visual storytelling. Our StoryWeaver excels
in character identity customization and well-matched semantic alignment.

Single Character Customization
Quantitative Results From Tab.1, it is evident that IP-
Adapter-plus exhibits the highest character consistency with
the poorest text semantic alignment. As shown in Fig. 4(a),
its generations are minor editions of the reference image
without text semantic alignments. Secondly, the two other
customization-based methods achieve better character con-
sistency than adapter-based ones. However, the declination
on CLIP-T indicates that such improvement comes at the
cost of semantic alignment. Finally, StoryWeaver surpasses
all other methods, significantly improving character consis-
tency by +13.02% on DINO-I and text semantic alignment
by +15.94% on CLIP-T for Frozen, demonstrating the supe-
riority of our proposed Character Graph modeling.

Visualization Results As shown in Fig.4(a), StoryGEN
and IP-Adapter (base) struggle to customize characters with
intricate details. The generated images bear minimal re-
semblance to “Loopy”. Other customization-based methods
like Dreambooth and LoRA face challenges in balancing
faithful character customization with semantic alignment.
Conversely, with semantic-rich knowledge enhanced, Story-
Weaver excels in crafting high-quality images with faithful
identity preservation, aligning well with the prompts.

Multi Character Customization
Quantitative Results From Tab.1, we can first find that
existing methods all fails to achieve semantic-aligned gener-
ation. However, our proposed Storyweaver significantly en-
hances text semantic alignments (+23.12% on Pororo and

+13.77% on Frozen) while also notably improving charac-
ter consistency (+26.10% in C-F1 on Pororo and + 12.11%
on Frozen). Experimental results demonstrate that our uni-
fied modeling and KE-SG substantially enhances the effi-
cacy and stability of multi-character generation.

Visualization Results As shown Fig.4, StoryGEN strug-
gles with responding the given prompt, mainly due to the
absence of explicit learning for the character and event. For
instance, neither “Anna” nor “Kristoff ” are generated cor-
rectly in its renderings. Multi-concept tuning methods are
much better in identity preservation. However, due to the
strong input spatial constraints of keypose or layout, these
two methods synthesize unnatural interaction and barely
achieve aligned text semantics, as evidenced by the depic-
tions of “starry night ” and “wildflowers”. Conversely, Sto-
ryWeaver can well respond to the text semantics while re-
taining high character consistency.

Conclusion
In this paper we introduce StoryWeaver, a unified model
with intricate characters customization for story visualiza-
tion. We first propose a novel Character-Graph that encap-
sulate semantic-rich knowledge within the story world to
enhance our StoryWeaver. Then, we introduce knowledge-
enhanced spatial guidance to refine cross-attention maps
for precise multi-character generation. Experiment re-
sults demonstrates that StoryWeaver achiever better hither-
fidelity in identity customization and better semantic align-
ment than a set of single- and multi-customization methods.
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