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ABSTRACT

Text-to-image generation models can create high-quality images from input
prompts. However, they struggle to support the consistent generation of identity-
preserving requirements for storytelling. Existing approaches to this problem typ-
ically require extensive training in large datasets or additional modifications to
the original model architectures. This limits their applicability across different
domains and diverse diffusion model configurations. In this paper, we first ob-
serve the inherent capability of language models, coined context consistency, to
comprehend identity through context with a single prompt. Drawing inspiration
from the inherent context consistency, we propose a novel training-free method
for consistent text-to-image (T2I) generation, termed “One-Prompt-One-Story”
(I1PromptiStory). Our approach IPromptlStory concatenates all prompts into a
single input for T2I diffusion models, initially preserving character identities. We
then refine the generation process using two novel techniques: Singular-Value
Reweighting and Identity-Preserving Cross-Attention, ensuring better alignment
with the input description for each frame. In our experiments, we compare our
method against various existing consistent T2I generation approaches to demon-
strate its effectiveness through quantitative metrics and qualitative assessments.
Code is available at https://github.com/byliutao/1Prompt1Story.

1 INTRODUCTION

Text-based image generation (T2I) (Ramesh et al., 2022; Saharia et al., 2022; Rombach et al., 2022;
Ma et al., 2024; Su et al., 2023) aims to generate high-quality images from textual prompts, de-
picting various subjects in various scenes. The ability of T2I diffusion models to maintain subject
consistency across a wide range of scenes is crucial for applications such as animation (Hu, 2024;
Guo et al., 2024), storytelling (Yang et al., 2024; Gong et al., 2023; Cheng et al., 2024), video gen-
eration models (Khachatryan et al., 2023; Blattmann et al., 2023) and other narrative-driven visual
applications. However, achieving consistent T2I generation remains a challenge for existing models,
as shown in Fig. 1 (up).

Recent studies tackle the challenge of maintaining subject consistency through diverse approaches.
Most methods require time-consuming training on large datasets for clustering identities (Avrahami
et al., 2023), learning large mapping encoders (Gal et al., 2023b; Ruiz et al., 2024), or perform-
ing fine-tuning (Ryu, 2023; Kopiczko et al., 2024), which carries the risk of inducing language
drift (Heng & Soh, 2024; Wu et al., 2024a; Huang et al., 2024), etc. Several recent training-free
approaches (Tewel et al., 2024; Zhou et al., 2024) demonstrate remarkable results in generating
images with consistent subjects by leveraging shared internal activations from the pre-trained mod-
els. These methods require extensive memory resources or complex module designs to strengthen
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“A hyper-realistic digital painting of a fairy?, dressed in a cloak of spider silk?, wearing a garland of fireflies2.”

SDXL Juggernaut-X-v10 Texture-Inversion  Ip-Adapter ConsiStory NPR Ours

Figure 1: Existing methods (up) encounter challenges in consistent T2I generation. T2I models such as
SDXL (Podell et al., 2023) and Juggernaut-X-v10 (RunDiffusion, 2024) often exhibit noticeable identity in-
consistency across generated images. Although recent methods including IP-Adapter and ConsiStory have
improved identity consistency, they lost the alignment between the generated images and corresponding input
prompts. Additional results of our 1Prompt1Story (down) demonstrate superior consistency without com-
promising the alignment between text and images.

the T2I diffusion model to generate satisfactory consistent images. However, they all neglect the
inherent property of long prompts that identity information is implicitly maintained by context un-
derstanding, which we refer to as the context consistency of language models. For example, the dog
object in “A dog is watching the movie. Afterward, the dog is lying in the garden.” can be easily un-
derstood as the same without any confusion since it appears in the same paragraph and is connected
by the context. We take advantage of this inherent feature to eliminate the requirement of additional
finetuning or complicated module design.

Observing the inherent context consistency of language models, we propose a novel approach to
generate images with consistent characters using a single prompt, termed One-Prompt-One-Story
(I PromptiStory). Specifically, IPromptlStory consolidates all desired prompts into a single longer
sentence, which starts with an identity prompt that describes the corresponding identity attributes and
continues with subsequent frame prompts describing the desired scenarios in each frame. We de-
note this first step as prompts consolidation. By reweighting the consolidated prompt embeddings,
we can easily implement a basic method Naive Prompt Reweighting to adjust the T2I generation
performance, and this approach inherently achieves excellent identity consistency. Fig. | (up, the
6th column) illustrates two examples, each featuring an image generated with different frame de-
scriptions within a single prompt by reweighting the frame prompt embeddings. These examples
demonstrate that Naive Prompt Reweighting is able to maintain identity consistency with various
scenario prompts. However, this basic approach does not guarantee strong text-image alignment for
each frame, as the semantics of each frame prompt are usually intertwined within the consolidated
prompt embedding (Radford et al., 2021). To further enhance text-image alignment and identity
consistency of the T2I generative models, we introduce two additional techniques: Singular-Value
Reweighting (SVR) and Identity-Preserving Cross-Attention (IPCA). The Singular-Value Reweight-
ing aims to refine the expression of the prompt of the current frame while attenuating the informa-
tion from the other frames. Meanwhile, the strategy Identity-Preserving Cross-Attention strengthens
the consistency of the subject in the cross-attention layers. By applying our proposed techniques,
1PromptlStory achieves more consistent T2I generation results compared to existing approaches.

In the experiments, we extend an existing consistent T2I generation benchmark as ConsiStory+ and
compare it with several state-of-the-art methods, including ConsiStory (Tewel et al., 2024), Story-
Diffusion (Zhou et al., 2024), IP-Adapter (Ye et al., 2023), etc. Both qualitative and quantitative
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performance demonstrate the effectiveness of our metffsdmptlStory In summary, the main
contributions of this paper are:

 To the best of our knowledge, we are the rstto analyze the overlooked ability of language models
to maintain inherertontext consistengwhere multiple frame descriptions within a single prompt
inherently refer to the same subject identity.

» Based on theontext consistengyroperty, we propos@ne-Prompt-One-Stos a novetraining-
freemethod for consistent T2l generation. More speci cally, we further prof@iagular-Value
Reweightingandldentity-Preserving Cross-Attentidechniques to improve text-image alignment
and subject consistency, allowing each frame prompt to be individually expressed within a single
prompt while maintaining a consistent identity along with ighentity prompt

» Through extensive comparisons with existing consistent T2l generation approaches, we con-
rm the effectiveness oflPrompt1Storyn generating images that consistently maintain identity
throughout a lengthy narrative over our exten@shsiStory+benchmark.

2 RELATED WORK

T2l personalized generation. T2] personalization is also referred T@1 model adaptation This

aims to adapt a given model toreew concepby providing a few images and binding the new
concept to a unique token. As a result, the adaptation model can generate various renditions of the
new concept. One of the most representative methods is DreamBooth (Ruiz et al., 2023), where
the pre-trained T2l model learns to bind a modi ed unique identi er to a speci ¢ subject given a
few images, while it also updates the T2l model parameters. Recent approaches (Kumari et al.,
2023; Han et al., 2023b; Shi et al., 2023) follow this pipeline and further improve the quality of
the generation. Another representative, Textual Inversion (Gal et al., 2023a), focuses on learning
new concept tokens instead of ne-tuning the T2l generative models. Textual Inversion nds new
pseudo-words by conducting personalization in the text embedding space. The coming works (Dong
etal., 2022; Voynov et al., 2023; Han et al., 2023a; Zeng et al., 2024) follow similar techniques.

Consistent T2l generation.Despite recent advances, T2I personalization methods often require ex-
tensive training to effectively learn modi er tokens. This training process can be time-consuming,
which limits their practical impact. More recently, there has been a shift towards developing consis-
tent T2I generation approaches (Wang et al., 2024b;a), which can be considered a specialized form of
T2l personalization. These methods mainly focus on generating human faces that possess semanti-
cally similar attributes to the input images. Importantly, they aim to achieve this identity-preserving
T2l generation without the need for additional ne-tuning. They mainly take advantage of PEFT
techniques (Ryu, 2023; Kopiczko et al., 2024) or pre-training with large datasets (Ruiz et al., 2024;
Xiao et al., 2023) to learn the image encoder to be customized in the semantic space. For exam-
ple, PhotoMaker (Li et al., 2023b) enhances its ability to extract identity embeddings by ne-tuning
part of the transformer layers in the image encoder and merging the class and image embeddings.
The Chosen One (Avrahami et al., 2023) utilizes an identity clustering method to iteratively identify
images with a similar appearance from a set of images generated by identical prompts.

However, most consistent T2l generation methods (Akdemir & Yanardag, 2024; Wang et al., 2024a)
still require training the parameters of the T2l models, sacri cing compatibility with existing pre-
trained community models, or fail to ensure high face delity. Additionally, as most of these sys-
tems (Li et al., 2023b; Gal et al., 2023b; Ruiz et al., 2024) are designed speci cally for human faces,
they encounter limitations when applied to non-human subjects. Even for the state-of-the-art ap-
proaches, including StoryDiffusion (Zhou et al., 2024), The Chosen One (Avrahami et al., 2023)
and ConsiStory (Tewel et al., 2024), they either require time-consuming iterative clustering or high
memory demand in generation to achieve identity consistency.

Storytelling. Story generation (Li et al., 2019; Maharana et al., 2021), also referred to as sto-
rytelling, is one of the active research directions that is highly related to character consistency.
Recent researches (Tao et al., 2024; Wang et al., 2023) have integrated the prominent pre-trained
T2I diffusion models (Rombach et al., 2022; Ramesh et al., 2022) and the majority of these ap-
proaches require intense training over storytelling datasets. For example, Make-a-Story (Rahman
et al., 2023) introduces a visual memory module designed to capture and leverage contextual in-
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formation throughout the storytelling process. StoryDALL-E (Maharana et al., 2022) extends the
story generation paradigm to story continuation, using DALL-E capabilities to achieve substantial
improvements over previous GAN-based methodologies. Note that the story continuation shares
similarities with consistent Text-to-Image generation by using reference images. However, current
consistent T2l generation methods prioritize preserving human face identities, whereas story contin-
uation involves supporting various subjects or even multiple subjects within the generated images.

In this paper, our proposed consistent T2I framewdRkromptlStorydiverges signi cantly from
previous approaches in storytelling and consistent T2 generation methods. We explore the inherent
context consistencgroperty in language models instead of netuning large models or designing
complex modules. Importantly, it is compatible with various T2l generative models, since the prop-
erties of the text model are independent of the speci ¢ generation model used as the backbone.

3 METHOD

Consistent T2l generation aims to generate a set of images depicting consistent subjects in different
scenarios using a set of prompts. These prompts start witleatity prompt followed by theframe
promptsfor each subsequent visualization frame. In this section, we rst empirically show that
different frame descriptions included in a concatenated prompt can maintain identity consistency
due to the inherentontext consistencproperty of language models. We examine this observa-
tion through comprehensive analyses in Sec. 3.1 and propose theNaag& Prompt Reweight-

ing pipeline of our method. PromptlStory Following that, to ensure that each frame description
within the prompt is expressed individually while diminishing the impact of otffeene prompts

we introduceSingular-Value Reweightingndldentity-Preserving Cross-Attention Sec. 3.2. The
illustration of 1IPrompt1Storys shown in Fig. 4 and Algorithm 1 in the Appendix.

3.1 CONTEXT CONSISTENCY

Latent Diffusion Models. We build our approach on the SDXL (Podell et al., 2023) model, a
latent diffusion model that contains two main components: an autoencoder (i.e., an ebeoder
a decodeD ) and a diffusion model (i.e., parameterized by). The model is trained with the
following loss function: H )
i
Liom = EzoE (x); N (0;1);t Uniform(1;T) k (Zt;t; (P))k2 ; (1)

where is a UNet that conditions on the latent variakle a timesteg  Uniform(1;T), and a

text embedding (P). In text-guided diffusion models, images are generated based on a textual

condition, withC= (P) 2 RM D whereM is the number of token§) is the feature dimension

of each token, and is the CLIP text encoder (Radford et al., 2021For a given input, the model
(z:;t; ©) produces a cross-attention map. Egt denote the feature map output from We can

obtain a query matriQQ = lg(f,,) using the projection networlg. Similarly, the key matrix<

is computed from the text embeddif@gusing another projection netwolk, such thak = I ().

The cross-attention mag, is then calculated asA; = softmax (Q KT= d), whered is the

dimension of the query and key matrices. The ef#y]; represents the attention weight of the

j -th token to the-th token.

Problem Setups.In the T2l diffusion models, the text embeddi@gE (P) 2 RM P is with M
tokens. TheM tokens contain a start token [SOT] , followed jBj tokens corresponding to the
prompt, andM jPj 1 padding end tokens [EOT] . Previous consistent T2l generation works
(Avrahami et al., 2023; Tewel et al., 2024; Zhou et al., 2024) generate images from aNet of
prompts. This set of prompts starts withidentity promptP that describes the relevant attribute of

scenario. However, this separate generation pipeline ignores the inherent language property, i.e., the
context consistengy which identity is consistently ensured by the context information inherent in
language models. This property stems from the self-attention mechanism within Transformer-based
text encoders (Radford et al., 2021; Vaswani et al., 2017), which allows learning the interaction
between phrases in the text embedding space.

1SDXL uses two text encoders and concatenate the embeddings as the naNhpu.7 by default.
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In the following, we analyze theontext consistenaynder different prompt con gurations in both
textual space and image space. Speci cally, we refer to the conventional prompt setapftias
prompt generationwhich is commonly used in existing consistent T2l generation methods. The
multi-prompt generation usés prompts separately for each generated frame, each sharing the same
identity promptand the corresponding frame promptiBs; P;];i 2 [1; N]. In contrast, ousingle-

which we refer as thrompt Consolidation (PCon)

3.1.1 (OONTEXT CONSISTENCY IN TEXT EMBEDDINGS

setup have relatively small semantic distances among each other in the textual embedding space,
whereas those acrossulti-prompt generatiorhave comparatively larger distances. For instance,

we set the identity fram®, = “A watercolor of a cute kitten” as an example. We then create

N =5 frame promptdP ;i 2 [1;N]g as “in a garden”, “dressed in a superhero cape”, “wearing

a collar with a bell”, “sitting in a basket”, and “dressed in a cute sweater”, respectively. Under the
multi-prompt setup, each frame is generated by the text embedding de n@d=as ([Po; Pi]) =

To analyze the distances among thame
prompts we extractc®i from G for multi-
prompt setup and apply t-SNE for 2D visual-
ization (Fig. 2-left). Similarly, we extract all
cPi from Cfor the single-prompt setup (Fig. 2-
left). As can be observed, the text embeddings
of frame promptsinder the multi-prompt setup
are widely distributed in the text representation
space (red dots) with an average Euclideéan
distance of 71.25. In contrast, the embeddings
in the single-prompt case exhibit more compaFt

distributions (blue dots), with a much smallef;'9u'® 2; -SNE visualization of text embeddings
! Left): cPi from single-prompt generatioare closer

averagel 2 d!stanpe of 46.42. _We also per'together compared to those fromulti-prompt gener-
formed a similar distance analysis on all prompfion, - statistical results (Right): We evaluated the
sets in our benchmarkonsiStory+ As shown ayerage distances between the corresponding point sets
in Fig.2-right, we can conclude a similar obselof all prompt sets on th€onsiStory+benchmark af-
vation that theframe promptshare more sim- ter dimensionality reduction. The average distance be-
ilar semantic information and identity consistween text embeddings frosingle-prompt generation
tency within the single-prompt setup. is smaller than that frormulti-prompt generation

3.1.2 QGONTEXT CONSISTENCY IN IMAGE GENERATION

To demonstrate thaontext consistendg also maintained in the image space, we further conducted
image generation experiments using the prompt example above. The images generated by the SDXL
model with the multi-prompt con guration, as illustrated in Fig. 3 (left, the rst row), show various
characters that lack identity consistency. Instead, we use our proposed concatenated’prompt

to the desired frame promiBt; by a magni cation factor while rescaling the embeddings of the
otherframe promptshy a reduction factor. This modi ed text embedding is then imported to the
T2l model to generate the frame image. We refer to this simplistic reweighting approalzivas
Prompt ReweightingNPR). By this means, the T2l model synthesizes frame images with the same
subject identity. However, the backgrounds get blended among these frames, as shown in Fig. 3
(left, the second row). By contrast, our full moddPromptlStoryntroduced in Sec. 3.2 generates
images with better consistent identity and text-image alignment for each frame prompt, as shown in
Fig. 3 (left, the last row).

To visualize identity similarity among images, we removed backgrounds using CarveKit (Selin,
2023) and extracted visual features with DINO-v2 (Oquab et al., 2023; Darcet et al., 2023). These
features are then projected into the 2D space by t-SNE (Hinton & Roweis, 2002) (as shown in Fig. 3
(mid)). Our complete approactPromptl1Storybviously obtains better identity consistency than
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Figure 3:(Left): SDXL generates frame images using multi-prompt generation, Waiiee Prompt Reweight-
ing (NPR) and our method utilize the single-prompt setblid): Image features are extracted by DINO-
v2 (Oquab et al., 2023) and visualized by the t-SNE reductiive Prompt Reweightingnd1Prompt1Story
show more consistent identity generations than the SDXL mo@ight): Statistics of the average feature
distances among generated images from the prompts in our ext@uhsiStory+benchmark, which further
con rms that1Prompt1Storyproduces better identity consistency.

the other two comparison methods, whilaive Prompt Reweightinghows improvements over

the SDXL baseline. We also applied the analysis across our extended ben&@wnarstory+and
calculated the average pairwise distance, as shown in Fig. 3 (right). These results further consolidate
our conclusion that thisEame promptsn a single-prompt setup share more identity consistency than
the multi-prompt case.

3.2 ONE-PROMPT-ONE-STORY

As also observed from the above section, simply concatenating the promptaiaes Prompt
Reweightingcannot guarantee that the generated images accurately re ect the frame prompt de-
scriptions, for which we assume that the T2l model cannot accurately capture the correct partition
of the concatenated prompt embeddings. Furthermore, the various semantics within the consoli-
dated descriptions interact with each other (Chefer et al., 2023; Rassin et al., 2024). To mitigate
this issue, we propose additional techniques based oRrbrapt Consolidation (PConnamely
Singular-Value Reweightin@VR) andldentity-Preserving Cross-AttentigiPCA).

Singular-Value Reweighting After the Prompt ConsolidatiorasC = ([Po;P1;:::;PN]) =

[cSOT ;cPo;cP it Py cBOT ], we require the current frame prompt to be beerpressedn

the T2l generation, wh|ch we denoteR8® = Pj;(j =1;::;N). We also expect the remaining
frames to besuppresseth the generation, which we denotelﬁ%Jp = Pk, k 2 [1;N]nfj g. Thus,

the N frame promptsof the subject description can be written f&s*; PSP g. As the [EOT]
token contains signi cant semantic information (Li et al., 2023a; Wu et al., 2024b), the semantic
information corresponding 8%® , in bothP; and [EOT], needs to be enhanced, while the semantic
information corresponding tBsYP, in Py, k 6 j and [EOT], need to be suppressed. We extract

the token embeddings for both express and suppress set§®s= [cPi;cEOT ] and XS =
[CP1 ..... CPJ 1- CPJ” ;Z"'CPN CEO ]

Inspired by (Gu et al., 2014; Li et al., 2023a), we assume that the main singular val¥&8Pof
correspond to the fundamental information I%?Xp. We then perform SVD decomposmon as:
XeP = U V' where = diag( o; 1; n; ), the singular values o

To enhance the expression of the fraie we mtroduce the augmentation for each smgular value
termed asSVR+ and formulated as:

Nz e : (2)
where the symbog is the exponential, and are parameters with positive numbers. We recover
the tokens ag{®® = U VT, with the updated" = diag("; A; ; #4,). The new prompt
embedding is de ned aX®® = [&Pi;6EOT | and€ = [cSOT ;cPo;  ;@Pi;  ;cPn;@EOT.
Note that there is an update&f’® = [cP;:::;cPi 1;cPivt ;1 cPh; @EOT

2n; = min( D; jcPij+ jcE°T j). The dimensio in the SDXL model is greater thgn®i j + jcEOT j)
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Figure 4:(a): The overall pipeline oL Prompt1StoryWe combine théentity promp&andframe promptsnto a
single prompt, then we apply bo8ingular-Value ReweightingVR) andldentity-Preserving Cross-Attention
(IPCA) to generate identity-consistent imagés): During SVR we rst enhance the semantic information of
theexpress seX ®® (red arrow), then iteratively weaken the semantics forstingpress sex *? (blue arrow).
(c): In IPCA, we concatenatl with K andV with V to improve identity consistency.

Similarly, we suppress the expression of the remaining frames. ifite contains information
related to multiple frames, the main singular values of SVIXf only capture a small portion

of these descriptions, which may lead to insuf cient weakening of such semantics (as shown in the
Appendix of Fig. 11-right). Therefore, we propose to weaken each frame protdptinseparately.

We construct the matrix 285" = [cP+; 59T |k 6 j to perform SVD with the singular values

o “n. - Then, each singular value is weakened as follows, term&y/&s:

[N

~= % n (3)

where %and ©are parameters with positive numbers. The recovered structug’s =
[€7«; eEOT ], After reducing the expression of each suppress token, we nally obtain the new text
embeddingC=[cSOT ;cPo;ePr;  :6Pi;  ;ePn;eFOT ]

Identity-Preserving Cross-AttentiarnThe use ofSingular-Value Reweightingan reduce the blend-

ing of frame descriptions isingle-prompt generatiorHowever, we observed that it could also im-
pactcontext consistenayithin the single prompt, leading to images generated slightly less similar

in identity (as shown in the ablation study of Fig. 7). Recent work (Liu et al., 2024) demonstrated
that cross-attention maps capture the characteristic information of the token, while self-attention
preserves the layout information and the shape details of the image. Inspired by this, we propose
Identity-Preserving Cross-Attentido further enhance the identity similarity between images gen-
erated from the concatenated prompt of our propd&echpt Consolidation

For a speci c timestep, after applyingSingular-Value Reweightingve have the updated text em-
beddingC. During a denoising pass through the diffusion model, we obtain the corresponding
Q; K; V¥ in the cross-attention layer. Here, we aim to strengthen the identity consistency among the
images and mitigate the impact of irrelevant prompts. We set the token featifeimesponding

to Pj;i 2 [1;N] to zero, resulting irK. Here, only theidentity promptremains to augment the

identity semantics. Similarly, we can gét We form a new version dfk by concatenating it with
K, dubbed = Concat (K> ;K>)>. The new cross-attention map is then given by:

A = softmax QK> Pa (4)

whered is the dimension o) andK. Similarly, we updat& = Concat (Vv ;V>)”. The nal out-

put feature of the cross-attention laye/is V. This output is a reweighted version that strengthens
identity consistency using Itered features, which only containitientity promptsemantics.



