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Abstract

Recent advances in text-to-image diffusion models have
spurred significant interest in continuous story image genera-
tion. In this paper, we introduce Storynizor, a model capable
of generating coherent stories with strong inter-frame charac-
ter consistency, effective foreground-background separation,
and diverse pose variation. The core innovation of Storynizor
lies in its key modules: ID-Synchronizer and ID-Injector.
The ID-Synchronizer employs an auto-mask self-attention
module and a mask perceptual loss across inter-frame images
to improve the consistency of character generation, vividly
representing their postures and backgrounds. The ID-Injector
utilize a Shuffling Reference Strategy (SRS) to integrate ID
features into specific locations, enhancing ID-based consis-
tent character generation. Additionally, to facilitate the train-
ing of Storynizor, we have curated a novel dataset called Sto-
ryDB comprising 100, 000 images. This dataset contains sin-
gle and multiple-character sets in diverse environments, lay-
outs, and gestures with detailed descriptions. Experimental
results indicate that Storynizor demonstrates superior coher-
ent story generation with high-fidelity character consistency,
flexible postures, and vivid backgrounds compared to other
character-specific methods.

Introduction

Recent advancements in text-to-image diffusion models has
sparked considerable interest in generating continuous story
images. Maintaining consistency between frames, ensuring
natural and flexible character poses, and achieving a clear
separation of foreground and background are critical chal-
lenges in this domain.

Many prior works have paid attention to ensuring char-
acter consistency. For instance, [P-Adapter (Ye et al. 2023),
Arc2Face (Papantoniou et al. 2024), and InstantID (Wang
et al. 2024) extract identity features from a reference image
and inject them into the diffusion model. While effective
in single-character scenarios, these methods often struggle
with stiff postures and are limited in handling more complex
multicharacter interactions.
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Figure 1: Comparison of Storynizor with existing methods.
Storynizor shows superior performance when implemented
in the original SD-base checkpoint in text-image alignment
and inter-frame consistency.

Other approaches, such as Mix-of-Show (Gu et al. 2024)
and OMG (Kong et al. 2024), focus on multi-character gen-
eration by utilizing attention maps to position characters
within a frame. These methods successfully achieve var-
ied poses and maintain character consistency but lack inter-
frame coherence, as they operate on a frame-by-frame basis
without ensuring consistency across the sequence.

To achieve narrative coherence, methods like ConsiS-
tory (Tewel et al. 2024) and StoryDiffusion (Zhou et al.
2024) have attempted to fuse character features across
frames to enhance inter-frame consistency. However, the
absence of an identity injection mechanism in these ap-
proaches results in inaccurate alignment with reference im-
ages. Moreover, when considering a pre-trained diffusion
model like the original checkpoint of SD1.5, their training-
free nature often leads to semantic degradation, and collapsi-
ble cross-frame results, as illustrated in Fig. 1.

As shown in Tab. 1, prior works have focused on specific
aspects of generating continuous story images, but none of
them has comprehensively addressed all key challenges.

In this paper, we introduce Storynizor, the first model
capable of generating multicharacter stories with high
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IP-Adapter (Ye et al. 2023)
InctantID (Wang et al. 2024)
OMG (Kong et al. 2024)
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FastComposer (Xiao et al. 2023)
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Table 1: Comparison between our proposed Storynizor
and state-of-the-art character-specific methods. in ID con-
sistency (IDC), flexible human pose (FHP), multi-subject
(MS), iner-frame consistency (IFC) and F/B disentangle-
ment (FBD).

inter-frame character consistency, effective foreground-
background separation, and rich pose variation.

As shown in Fig. 2, given arbitrary numbers of reference
images and several text prompts from a story, our Storynizor
generate corresponding story images, with consistent char-
acter identity, vivid character postures and maintaining high
consistency across frames.

The core innovation of Storynizor lies in key modules: the
ID-Synchronizer to ensure that identity features are consis-
tently maintained across frames and the ID-Injector to intro-
duce ID-specific features from reference images.

Specifically, our approach builds upon the UNet architec-
ture, where the ID-Synchronizer, composed of Auto-mask
Space-Attention (AMSA) trained with the Mask Percep-
tual Loss, plays a crucial role in preventing the attention
mask leakage and enhancing the consistency of characters
throughout the sequence of frames.

In parallel, the ID-Injector extracts essential features from
reference characters and integrates them into specific loca-
tions within the network. To make sure the ID-Injector learns
the identity information from the reference character im-
ages without simply replicating the image feature from the
reference image, we introduce a Shuffling Reference Strat-
egy (SRS). Concretely, we randomly sample pairs of ref-
erence and ground-truth images from the same character
set, with variations in layout, scenarios, and gestures. This
strategy significantly boosts the generalization of the model
and maintain consistency across diverse poses and environ-
ments, leading to notable improvements in performance.

To train Storynizor effectively and support the Shuf-
fling Reference Strategy (SRS), we further curated a novel
dataset, called StoryDB, by selecting multiple sets of char-
acters and collecting images of each character set in various
environments, layouts, and gestures. This diverse and care-
fully structured dataset allows the model to maintain iden-
tity consistency while performing different actions in diverse
scenarios. Tab. 2 shows the comparison between StoryDB
and other existing datasets, indicating that none of exist-
ing datasets contains the same level of diversity and multi-
contextual character interactions as StoryDB.

The contributions of this paper are four folded:

* We introduce Storynizor, the first model capable of
generating multi-character stories with high inter-frame
character consistency, effective foreground-background
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MC IDC CC TD VB VP GI

Deepfashion(Liu et al. 2016) X X v X X X V
VITON(Han et al. 2018) X v X X X X X
StreetTryOn(Cuietal. 2024) X X v X v X V
StoryDB (ours) v v vV v v vV

Table 2: Comparison between our proposed StoryDB and
other related datasets in Multi-characters (MC), ID Consis-
tency (IDC), Clothes Consistency (CC), Text Description
(TD), Various Background (VB), Various Pose (VP), Group
Images (GD).

separation, and rich pose variation.

* We develop two key modules—ID-Injector and ID-
Synchronizer—integrated into a UNet-based architec-
ture, ensuring consistent character identity and posture
across sequential frames.

* We curate a novel dataset named StoryDB featuring
multiple character sets in various environments, layouts,
and gestures, enabling the model to maintain identity
consistency across different scenarios and actions.

Related Work

Diffusion Models. Models like DALL-E2 (Ramesh et al.
2022) and Imagen (Saharia et al. 2022) required high re-
sources, while LDMs (Rombach et al. 2022) reduced this
by using latent space. However, diffusion models still lack
consistent character generation.

Consistent Character Generation. Consistent character
generation in diffusion models ensures coherence across im-
ages. Early methods like LoRA (Hu et al. 2021) required
fine-tuning, while training-free methods like IP-Adapter (Ye
et al. 2023) and InstantID (Wang et al. 2024) avoid it. How-
ever, image-conditioned methods struggle with balancing
consistency and text-image alignment in story generation.

Continious Story Generation. Continuous story gener-
ation ensures character consistency (Liu et al. 2024; Zhou
et al. 2024; Tewel et al. 2024; Ma et al. 2024). Inspired by
diffusion models in image, video (Guo et al. 2023), and 3D
generation (Shi et al. 2023), methods like ConsiStory (Tewel
et al. 2024) and StoryDiffusion (Zhou et al. 2024) use cross-
frame attention but struggle with semantic accuracy, causing
inconsistencies and misalignment.

Method

We propose a pretrained story generation model called
Storynizor, which generates multi-character stories with
high inter-frame character consistency, effective foreground
background separation, and rich pose variation under a se-
ries of prompt conditioning and ID images (optional). To
modeling our task, the prompt 7 is set as the following:

T={T.}n=1..N (1)

where N denotes the total numbers of prompts. 7, con-
tains the description of characters P and the actions of each
character A:

T =A{Pn,An} ={P, A}, m=1,..,. M, (2
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Figure 2: Overview of our proposed (a) Storynizor. Storynizor mainly contains two modules, ID-Injector and ID-Synchronizer.
ID-Injector extracts ID features of reference characters with a Shuffling Reference Strategy (SRS), while ID-Synchronizer
introduces a mask perceptual loss to modify cross-attention masks and utilizes an auto-mask self-attention module to ensure
consistent generation of main characters across inter-frames, as well as vivid background.
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Figure 3: The structure of ID-Injector. The reference ID
images are shuffled through Shuffling Reference Strat-
egy(SPS). A Resampler and several inter-frame controllers
are introduced to integrate reference ID images.

where M represents the total number of characters, A} rep-
resents the action of the m-th character in the n-th prompt.
Notably, P refers to the description of the m-th character
in the n-th prompt. Then, the series of multi-character sto-
ries generation can be formulated as follows:
T, Io, ... In = F(21, .., 2N8|T, IR, 9), 3)
where z denotes the latent noise, Z represents reference im-
ages of characters. §; defines the parameters of Storynizor.
The pipeline of Storynizor is shown in Fig. 2(a). In con-
trast to existing methods, our work makes improvements in
two aspects: (1) It consists of an ID-Synchronizer S which
uses an auto-mask spacial attention module to obtain masks
during diffusion process, and pay more attention to the char-
acter regions across frames, resulting in more precise con-
sistent character and diverse background generation. (2) An
ID-Injector @ is introduced as a component, which extracts
ID features of reference characters and injects them into ID-
Synchronizer to generate images with instant Face-ID.

ID-Synchronizer

Previous works (Tewel et al. 2024) typically consider a
spacial self-attention module to ensure consistency among
inter-frames. Given a series of latent noise features x; €
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Figure 4: Cross attention map of each character during train-
ing. As the number of training steps increases, character at-
tention maps gradually converge to accuracy within the con-
straints of mask perceptual loss.
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RBXFXHXWXC and a single text prompts ¥, they formu-

late hidden states as z; € REXFHWXC for spacial self-
attention to inherit all the module weights from the orig-
inal 2D self-attention in diffusion model. ID-Synchronizer
also begins with this well-explored design. However, the
shared visual features across images produce nearly iden-
tical backgrounds. While maintaining minimal variation in
backgrounds or layout among frames is typical for tasks like
video and 3D-object generation, generating narrative images
for stories demands vibrant backgrounds tailored to specific
text prompts. Therefore, we introduce an Auto-mask Self-
attention (AMSA) to our ID-Synchronizer to ensure consis-
tent character generation in vivid backgrounds and postures.
AMSA leverages attention masks of primary subjects, ac-
quired from the cross-attention modules of the UNet, to con-
centrate on regions containing characters. It then employs
spatial self-attention to these specific areas within the noise
features across frames, as illustrated in Fig. 2(b). AMSA re-
quires precise cross attention maps to achieve an excellent
generation of different background and consistent charac-
ters across images. Acknowledging the constrained seman-
tic representation of the original text encoder in Stable Dif-
fusion, we introduce a Mask Perceptual Loss to improve the
semantic representation of each character.



Auto-mask Space-Attention. Our aim is to ensure con-
sistent character portrayal across inter-frame generation
while integrating lively backgrounds. To achieve this, ID-
Synchronizer extends the original self-attention module into
a spatial self-attention module. Specifically, we rearrange

the hidden states z;"" of each frame in the i-th layer of the
diffusion model by formulating it as following:

Zd=[" oo N 4)
where 7§ € RBXN)XHXWXC gy denotes concatenation.
Given that the self-attention mechanism in the diffusion
model primarily handles visual information, we implement
an auto-mask mechanism to incorporate attention masks of
the main character region into spatial attention. This ensures
that during the AMSA process, attention is masked, enabling
each image to concentrate exclusively on the main character
region of other frames within the batch.

In our task, the cross-attention maps are obtained to cap-
ture the areas of multiple characters in the latent image. Con-
sidering maintaining the text alignment in the story genera-
tion task, we do not make any changes to the cross-attention
modules in the diffusion model. During the training process,
each self-attention layer receives cross-attention maps from
all preceding layers. We capture the cross-attention map of
each frame in a series sample by calculating between the text
embedding of P, obtained in Eq. 2 and each noise image la-
tent z; of i-th UNet layer following Eq. 5:

d= Wi, = WE(R
: : Pk ©)
mp, ;= ZSoftmax(qt "y, n=1,...,N
i=1

Vdy

where n denotes n-th frame mentioned in Eq. 1, Wi, W/ are
projection metrics in the cross attention module of the i-th
layer, £ represents the text encoder that encodes P into text
embeddings. Thus, the masks across the inter-frame collec-
tion are defined as follows:

6)

where n denotes each frame in a series of training samples,
i refers to the i-th layer of UNet.

With the formulated latent noise 2} in Eq. 4 and the atten-
tion masks M}, obtained by Eq. 6, the hidden states of i-th
layer of the diffusion model are finally calculated as follows:

Q =Wz, K' = Wiz, V' =Wz
2t = Softmax(Q' - K'/\/di + log Mp,)-V*

i i i i
Mp, = [mp,  ® mp,,; ® ... dmpy 4,

(N

where W, W{,W/ are projection matrices, z'; is the new
hidden states of i-th layer of UNet after AMSA.

Mask Perceptual Loss AMSA’s effectiveness relies on
accurate cross-attention maps for high-quality, diverse back-
ground generation while maintaining character consistency.
To enhance character semantic representation, we introduce
a mask perceptual loss. We use a pre-trained segmentation
model to obtain ground truth mask images for each character
from training samples. Cross-attention maps are generated
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for each character and compared to the ground truth masks.
We incorporate Dice loss(Sudre et al. 2017) as an additional
constraint to optimize cross-attention masks. Thus, the loss
function is reconstructed as follows:

M

M M
> pixg)/O_pi+Y_gl), ®)
=1 =1

i=1

N
L= £LDM+OéZ(1 — (2%

i=1

where p; refers the ¢-th pixel value of predict mask con-
verted from M% oren..t and g; represents the ith pixel value
of ground truth mask images. M is the total number of pix-
els. N is the total characters in a training sample. Ly, pys
represents the original loss of latent diffusion models, « is
the hyperparameter of the weight of mask loss. Fig. 4 illus-
trates the evolution of attention maps throughout the train-
ing process. Over the course of training, the cross-attention
maps progressively become more accurate and increasingly
resemble the ground truth masks.

ID-Injector

Since the ID-Injector is trained alongside the ID-
Synchronizer, it necessitates inter-frame feature injection.
Given arbitrary numbers of ID images, Storynizor devel-
ops an optional inter-frame ID-Injector, which can receive
additional face ID features for continuous story generation
across frames. We adopt an ID encoder £ to extract ID fea-
tures from given face images Zr and a CLIP encoder &; to
extract image embeddings of this face. Then we develop a
Resampler P, to project the face images to the condition
space of the latent diffusion model. Given a set of reference
images Zr = {Z,,n = 1,..., N, the inter-frame face em-
bedding is defined as the following:

cf = Pr(E¢(Ir), E1(IR)),

(BxN)

)

where cy € R XTxh T » | refers to the dimension
of face condition embedding of each frame, B x N refers
to the batch size and numbers of frames. Subsequently, an-
other inter-frame cross-attention adaptive module is intro-
duced into the latent diffusion model to support face images
as prompts, illustrated in Fig. 3(right).

Shuffling Reference Strategy (SRS). Recent works (Li
et al. 2023; Xiao et al. 2023) demonstrate various ap-
proaches to inject personalized features into diffusion mod-
els, such as original ID embedding, average ID embedding,
stacked ID embedding and ID embedding with face key-
points. However, when used with ID-Synchronizer, with the
integration of spatial attention modules in AMSA, the gener-
ated images are notably influenced by the initial image con-
ditions, leading to consistent facial poses throughout story
generation process. Consequently, generated facial poses in
images tend to align more closely with input images.

We develop a new Shuffling Reference Strategy to our
Storynizor. As illustrated in Fig. 3(a), after packaging a set
of reference images with the same ID, the SPS module is
utilized to shuffle the set, resulting in a shuffled I;z. Sub-
sequently, injecting this shuffled set into the Resampler P,
yields a shuffled ID embedding.
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Figure 5: StoryDB Visualization and Data processing pipeline. Character Description: A woman in a floral dress, a man in white
T-shirt and grey pants. Promptl: They are on a sunny street with trees and a white structure in background. Prompt2: They are
standing in front of a café, they are kissing. Prompt3: They stand side by side against a vibrant graffiti wall. Prompt4: The man
is looking to the right side, they’re standing beside a white wall.

Specifically, each training sample comprises N im-
ages and N associated prompts. We only consider single-
character generation in training our ID-Injector. The training
dataset contains:

IR: {1171.27"'71.1\7} (10)

This bucket Z can serve as a unified face condition space.
During the training process, we shuffle the bucket Zr with
the following:

Y

where s,, indicates a shuffled index of the reference images.
Thus, Eq. 9 can be written as the following to apply SPS into
inter-frame ID-Injector:

cr = Pr(Er(TR). £1(ZR)),

The feature set ¢y comprises a collection of individual ID
features for each frame. Through the use of SPS, we can
guarantee that every ID feature within ¢y is paired with an-
other latent noise within the diffusion model.

To inject ¢y into ID-Synchronizer, we leverage the intrin-
sic cross-attention mechanism within the diffusion model,
expanding it into an inter-frame generation as follows:

Q' =Wz, K' = Wicp, Vi =Wey
2t = Softmax(Q'- K'/\/dy) - V*
where VV;VV,QVVZ

IR = {ISUISQa "'aISN}

(12)

13)

@ are projection matrices, 2’} is the new
hidden state of ¢-th layer of UNet after the inter-frame cross
attention mechanism.

In contrast to other methods, SPS allows each image to
condition on a reference image with the same ID but dif-
ferent from itself. This unified representation significantly
enhances the robustness of the facial pose in the generated
images, particularly in inter-frame generation.

StoryDB Dataset Construction

Storynizor aims to generate consistent character images
across diverse backgrounds. However, as shown in Tab.
2, existing open-source datasets suffer from either limited
background diversity or inconsistent character attributes.
We introduce StoryDB, a character-centric image-text pair
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dataset comprising 10,000 groups, each featuring the same
character in consistent attire across different scenes, totaling
100,000 images. Each group contains 5-12 images with cor-
responding prompts, indexed shared prompt elements, and
character mask images. StoryDB not only supports Storyni-
zor’s training but also serves as a resource for future research
in story generation and IP-consistent generation.

Image downloading. Initially, we collect images from the
internet and open-source datasets to create a comprehensive
character dataset comprising real humans, cartoon charac-
ters, and animals. We then calculate the aesthetic score of
each image to filter the dataset during the download process.
IP clustering. We cluster identical IPs to generate sev-
eral smaller datasets. Subsequently, we segment the images
using category-specific keywords, and then calculate text-
image and image-image score using CLIP. Non-compliant
samples are then filtered out based on these scores.
Fine-grained filter and captioning. We use GPT-4v to
align and caption images within each category. Images
are collectively input to GPT-4v for character alignment.
Aligned images are captioned; non-compliant ones are re-
jected. GPT-4v labels image sets with the same character
description. Finally, we manually correct non-compliant im-
ages in grouped sets to meet training dataset requirements.
Tokenized and segmentation. Once we obtain the image-
text pairs, we extract the identical descriptions in the
group prompts, which are essential for generating the cross-
attention map in Eq. 5. Then, we use these descriptions to
generate character mask images with the pre-trained seg-
mentation model, Segment Anything. These mask images
act as ground truth to refine cross-attention maps during
training.

Experiments
Implementation Details

We utilize the original checkpoint of Stable Diffusion
Model-1.5 as the backbone for both ID-Synchronizer and
ID-Injector. Training is conducted on 8 NVIDIA A100
GPUs, with 5% probability of dropping out text and face
conditions. Inference uses DDIM (Song, Meng, and Ermon
2020) with 30 steps and a guidance scale of 7.0 on an
NVIDIA A30 GPU, with the resolution of 768 x 768.

ID-Synchronizer. We train the ID-Synchronizer with its
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Figure 6: Qualitative comparison of Storynizor and other consistent story generation methods. We observe Storynizor outper-
forms other methods when generating consistent characters with vivid backgrounds and flexible poses in prompt-only story
generation. Additionally, it achieves high-fidelity ID preservation in prompt-ID story generation.

UNet parameters frozen, using the StoryDB Dataset. We Methods ~ Models  |Clip-T* Clip-If Dino-If Face Simf Face Sim (R)t
train 50,000 iterations with a batch size of 4 and learning Storygen | 2521 67.45 67.42  10.82 -

rate of 5 x 107° at a resolution of 512 x 512. The ID- ponly  Comsistory | 29.01 76.24 7922 30.84 -
Synchronizer is further fine-tuned at a resolution of 768 x Stsot‘glfhffi‘f;;’n % ;ggg ;2‘2‘2‘ ii‘gg ]

768 for high-fidelity generation, with a batch size of 1 for ' . - - -

50.000 iterati IP-Adapter | 28.26 66.43 65.83 26.57 20.57

-uudtterations. - ) . o PhotoMaker | 3246 6623 67.38  27.34 24.34
ID-Injector. We use a total of 80 million text-image pairs, p InstantID | 2544 79.46 81.66  68.36 69.00
comprising 50M from LAION-Face(Zheng et al. 2022) and Storynizor | 32.42 80.86 82.26 39.64 36.46
30M from the internet. We train 2 epochs with a learning
rate of 1 x 10™* and a batch size of 128 with the reso- Table 3: Quantitative comparison (%) of Storynizor with
lution of 512 x 512. In the second stage, we incorporate other methods for prompt-only (p-only) and prompt-ID (p-
the pre-trained ID-Injector into Storynizor. We train the ID- ID) consistent story generation, with best and second-best
Injector with ID-Synchronizer frozen, using the StoryDB for results bolded and underlined.
5 epochs with a learning rate of 1 x 10~ and a batch size of
4, at the resolution of 768 x 768. : ; .

Models Text Alignments  Consistent Generation
We use GPT-4v to generate 100 character prompts and IP-Adapter 91.2 8.8 69.8 30.2
100 story prompts, combining them randomly into 10k test InstantID 100 0.0 100 0.0
groups. Each group contains 4-story prompts and 1 character Fhotomaker 748 252 79.3 20.7
. . Storygen 97.8 2.2 99.2 0.8

prompt. We adopt CLIP-T for text-image alignment. CLIP- Consistory 69.2 308 61.7 383
I and DINO-v2 (Oquab et al. 2023) are utilized to evaluate Storydiffusion  65.8 349 63.2 368

the similarity across inter-frame generated images. For ID-
based generation, we randomly select 100 faces from FFHQ
(Karras, Laine, and Aila 2019) and use Arcface (Deng et al.
2019) distance to evaluate the face similarity of the given
image and the generated images (Face Sim(R)) and the face
similarity among inter-frame generated images (Face Sim).

Table 4: Human evaluation on Storynizor and other existing
consistent story generation methods.

uantitative Evaluation L o . .
Q Storynizor in text similarity but falls short in story conti-

Table 3 presents quantitative results. In prompt-only gener- nuity and facial consistency. Overall, Storynizor achieves
ation, Storynizor excels in text-image consistency and inter- the highest comprehensive score, showcasing its superior
image coherence. For prompt-ID guided generation, Instan- story generation capabilities. As shown in Table 7, Storyni-
tID scores high in facial similarity but suffers from low di- zor consistently performs well when generating images with
versity, indicated by low CLIP-T scores, due to generating one to four characters, highlighting its strength in multi-
images too similar to the reference. PhotoMaker matches character generation.
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Figure 7: Qualitative ablation results of Storynizor with
ASMA and MPL. Text prompt: A beautiful girl in a shiny

dress danced in a ballroom event / walked through a street
festival / stood on a beach / sat at a roof restaurant.

AMSA MPL | CLIP-Tt CLIP-It DINO-It Face Simt

X X 30.46 78.83 81.29 29.90
v X 32.51 81.66 83.74 31.90
v v 32.59 83.28 85.58 36.55

Table 5: Quantitative ablation result (%) of auto-mask self-
attention (AMSA), and mask perceptual loss (MPL). The ex-
periments are conducted with the resolution of 512 x 512.

Method ‘CLIP-TT CLIP-It DINO-I1 Face Sim7fFace Sim(R){
Stacked-ID | 30.39 70.74 72.71 19.26 17.72
SRS 32.59 71.65 75.63 36.48 32.57

Table 6: Quantitative ablation result (%) of different types of
ID injections. Stacked-ID denotes that the reference ID im-
age is identical to the latent image. SPS refers to our shuffle
reference strategy.

Qualitative Evaluation

Figure 6 compares the results of different methods. Storyni-
zor excels in maintaining detail consistency and diversity.
In multi-character generation, Storygen struggles with gen-
der attire confusion and lacks text-image alignment. Consis-
tory produces repetitive character layouts and fails to cap-
ture specific semantic features. Storydiffusion has issues
with semantic clarity and consistency in clothing details.
In contrast, Storynizor ensures character consistency and
background diversity while maintaining semantic alignment.
For prompt-ID guided generation, InstantID closely matches
reference faces but lacks pose diversity and semantic fidelity.
IP-Adapter faces significant semantic loss. PhotoMaker of-
fers varied angles but lacks the narrative coherence of Sto-
rynizor. Overall, Storynizor surpasses other methods by gen-
erating coherent, diverse narratives while maintaining refer-
ence ID consistency.

Human Evaluation

We conduct a user study with 25 experts to evaluate Storyni-
zor against previous methods. Each expert evaluate samples
used for quantitative comparison. As shown in Tab. 4, the re-
sults indicate a preference for Storynizor over other methods
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Method \CLIP-TT CLIP-IT DINO-I1 Face Sim?
1-character | 33.40 84.39 86.63 42.56
2-character | 32.01 83.78 86.20 41.53
3-character 32.31 83.67 86.01 41.23
4-character | 31.57 82.89 85.32 40.34

Table 7: Quantitative ablation result (%) of Storynizor with
multi-characters.

Method ‘CLIP-TT CLIP-IT DINO-IT Face Sim?
StoryDB 33.28 83.33 86.62 41.55
DeepFashion | 30.15 80.25 83.2 32.64

Table 8: Quantitative ablation result (%) of Storynizor with
StoryDB and DeepFashion.

in both text alignments and consistent story generation.

Ablation Studies

Influence of AMSA and MPL of ID-Synchronizer. We
performe an ablation study on two components: (1) the
Auto-Mask Self-Attention module (AMSA) and (2) Mask
Perceptual Loss (MPL). Table 5 shows that integrating
AMSA and MPL significantly improves all metrics for our
model. As illustrated in Fig., AMSA enhances character
consistency, while MPL improves the consistency of fine de-
tails in the generated results.

Benefits of using SRS to shuffle the input IDs. Our ID-
Injector integrates personality traits from face images into
cross-frame story generation. An ablation study identifies
the optimal injection mode, as shown in Tab. 6. The results
demonstrate that our shuffling reference strategy (SRS) sur-
passes stacked ID embedding in facial similarity and textual
alignment, confirming SRS’s superiority.

Benefits of training with StoryDB. To validate the ef-
fectiveness of our proposed StoryDB, we conduct compar-
ative experiments by training our model on both StoryDB
and DeepFashion datasets. As shown in Tab. 8, the results
demonstrate that training on StoryDB yields significantly
improved performance across all metrics compared to Deep-
Fashion, confirming the efficacy of StoryDB.
Multi-character Generation. Tab. 7 demonstrates that Sto-
rynizor is capable of generating images with multiple char-
acters. Our experiments involve generating 1 to 4 characters
using Storynizor, showing that performance remains largely
unaffected. These results indicate that Storynizor adeptly
handles multi-character generation.

Conclusion

In conclusion, we present Storynizor, a model for generat-
ing cohesive story images with consistent characters, dis-
tinct foreground-background elements, and diverse poses. It
combines ID-Synchronizer with AMSA for character con-
sistency and vivid features, and the ID-Injector uses Shuf-
fling Reference Strategy (SRS) for flexible face poses and
consistent portrayal. Additionally, we introduce StoryDB,
a 100,000-image dataset featuring diverse character sets in
various settings, supporting Storynizor’s training and future
research.
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