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Abstract

Visual storytelling involves generating a sequence of coherent
frames from a textual storyline while maintaining consistency
in characters and scenes. Existing autoregressive methods,
which rely on previous frame-sentence pairs, struggle with
high memory usage, slow generation speeds, and limited con-
text integration. To address these issues, we propose Contex-
tualStory, a novel framework designed to generate coherent
story frames and extend frames for visual storytelling. Con-
textualStory utilizes Spatially-Enhanced Temporal Attention
to capture spatial and temporal dependencies, handling sig-
nificant character movements effectively. Additionally, we in-
troduce a Storyline Contextualizer to enrich context in story-
line embedding, and a StoryFlow Adapter to measure scene
changes between frames for guiding the model. Extensive ex-
periments on PororoSV and FlintstonesSV datasets demon-
strate that ContextualStory significantly outperforms existing
SOTA methods in both story visualization and continuation.

Introduction
Recent text-to-image (T2I) models, such as SD3 (Esser
et al. 2024), excel at generating images from text but only
produce individual images independently. Although text-to-
video (T2V) models like SVD (Blattmann et al. 2023) and
Sora (Brooks et al. 2024) generate coherent videos but of-
ten feature simple scene or motion changes. In contrast, this
paper focuses on visual storytelling, which comprises gener-
ating a sequence of coherent story frames from a textual sto-
ryline in story visualization and extending an initial frame
from a textual storyline in story continuation. This task
has significant potential for educational applications, such
as crafting vivid, coherent comics for storybooks. The key
challenge is aligning generated frames with sentences while
ensuring temporal consistency in characters and scenes. Pro-
viding sufficient context is essential due to the limited infor-
mation in individual sentences.

Many diffusion-based visual storytelling methods use an
autoregressive generative approach to capture temporal de-
pendencies based on previous frame-sentence pairs, such as
AR-LDM (Pan et al. 2024) and Story-LDM (Rahman et al.
2023). However, these methods face four key limitations:
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ContextualStory
w/o SETA & SC

ContextualStory
w/o SC

ContextualStory
(Ours)

AR-LDM

Ground Truth

1. Loopy asks reason to Pororo. Pororo is startled.
2. Pororo is making an excuse to Loopy.
3. Loopy is still angry at Pororo.
4. Pororo visited Eddy house for help.
5. Loopy thinks about doing exercise.

Figure 1: Story frames generated by our ContextualStory on
PororoSV dataset. Red circles highlight character inconsis-
tencies, and blue circles indicate repeated characters. SETA
and SC enhance character consistency and scene coherence,
achieving superior results compared to AR-LDM.

1) High memory usage due to storing all previous frame-
sentence pairs, making longer storyline difficult to handle;
2) Limited context in early frame generation, which may
impact frame quality; 3) Slow generation speed due to the
sequential nature of the process; 4) Inconsistent frames arise
from relying solely on past pairs and neglecting future con-
text, missing the global story context. We address this by ex-
ploring how the model can 1) access sufficient frame context
and 2) obtain adequate context from the storyline.

To access sufficient frame context, we integrate tempo-
ral convolutions and Spatially-Enhanced Temporal Atten-
tion (SETA) into the UNet, combining them with the spatial
modeling layer. By alternating between spatial and tempo-
ral modeling, the model effectively captures spatial depen-
dencies within individual frames and temporal dependen-
cies across frames for comprehensive context. To obtain ad-
equate context from the storyline, we propose the Storyline
Contextualizer (SC), which processes the CLIP text embed-
dings to propagate the context information across sentences,
providing sufficient context throughout.

Temporal attention is crucial for visual storytelling as it
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propagates context across frames along the temporal dimen-
sion. However, vanilla temporal attention struggles with sig-
nificant character movement between frames, as shown in
Figure 3(a). To overcome this, we propose SETA that em-
ploys a local window mechanism to allow queries to attend
to features within local windows of other frames. This effec-
tively captures moving characters and enhances spatial de-
pendency modeling. As shown in Figure 1, SETA improves
character consistency and reduces repeated characters, such
as Pororo, compared to ContextualStory w/o SETA & SC.

The Storyline Contextualizer enhances the contextual
information of storyline embeddings from the CLIP text
encoder, which initially contain only sentence-level se-
mantics. By integrating and propagating context across
sentences, it generates context-enriched storyline embed-
dings. The Storyline Contextualizer, a transformer-based
network, incorporates self-attention and temporal atten-
tion layers to capture both global and temporal dependen-
cies. These enriched embeddings guide the model through
a temporally-aligned cross-attention mechanism, ensuring
consistent story frames. As shown in Figure 1, Contextual-
Story improves scene consistency and coherence over Con-
textualStory w/o SC. Furthermore, compared to AR-LDM,
our ContextualStory significantly enhances both characters
and scenes consistency.

Additionally, to leverage scene changes between story
frames to guide the model, we proposed the StoryFlow
Adapter to measure change between story frames. For story
continuation, we simply add a convolution layer at the input
end of the UNet block to match the size of the first frame
latent with the noise latent and then concatenate them.

Our contributions are as follows: (1) ContextualStory
Framework: Our novel framework overcomes limitations
of existing autoregressive methods, including high mem-
ory usage, limited context, slow generation speed, and im-
age inconsistency. (2) Spatially-Enhanced Temporal At-
tention (SETA): We present the SETA into the UNet model,
combining temporal convolutions with spatial modeling to
capture both spatial and temporal dependencies, addressing
challenges of significant character movement and improving
frame consistency. (3) Storyline Contextualizer (SC): A
transformer-based network enriches CLIP text embeddings
by capturing global and temporal dependencies, ensuring
consistent story frames. (4) StoryFlow Adapter: We repur-
pose this tool to measure scene changes between frames,
guiding the model to handle scene transitions more effec-
tively. (5) Extensive experiments on PororoSV and Flint-
stonesSV datasets demonstrate that our ContextualStory sig-
nificantly outperforms previous SOTA in visual storytelling.

Related Works
Visual storytelling. Early methods for story visualization
primarily relied on GANs (Goodfellow et al. 2020). Sto-
ryGAN (Li et al. 2019) pioneers story visualization using
a sequential conditional GAN with a context encoder and
dual discriminators to improve narrative and visual coher-
ence. Subsequent works (Song et al. 2020; Li, Torr, and
Lukasiewicz 2022; Maharana, Hannan, and Bansal 2021;
Maharana and Bansal 2021; Li 2022) improve StoryGAN,

while others (Ahn et al. 2023; Chen et al. 2022) adopt
Transformer-based methods to enhance character consis-
tency. StoryDALL-E (Maharana, Hannan, and Bansal 2022)
extends the story visualization to story continuation with
a given initial frame and pre-trained DALL-E (Ramesh
et al. 2021). Recently, diffusion models (DM) (Ho, Jain,
and Abbeel 2020) have shown success in image generation.
Some works (Pan et al. 2024; Rahman et al. 2023; Feng et al.
2023; Song et al. 2024; Liu et al. 2024; Shen and Elhoseiny
2023; Wang et al. 2024) propose an autoregressive diffu-
sion framework based on previous captions and generated
frames for consistency. For example, Story-LDM (Rahman
et al. 2023) incorporates a visual memory module to capture
the context of previous generated images. However, these
autoregressive methods are memory-intensive and often fail
to capture the global context of the storyline. RCDMs (Shen
et al. 2024) is a two-stage model that predicts the embed-
ding of the unknown clip before generating the correspond-
ing images. StoryImager (Tao et al. 2024) is a unified frame-
work for story visualization, continuation, and completion.
StoryGPT-V (Shen and Elhoseiny 2023) combines the im-
age generation capability of LDM with the reasoning ability
of Large Language Model (LLM) to ensure semantic consis-
tency. TaleCrafter (Gong et al. 2023), Animate-A-Story (He
et al. 2023), and AutoStory (Wang et al. 2023) focus on de-
signing system pipelines for story visualization, all employ-
ing LLM to generate storylines. In contrast, our Contextual-
Story addresses consistency by leveraging SETA to capture
complex spatial and temporal dependencies, departing from
autoregressive methods.
Text-to-image generation. Recently, significant progress
(Rombach et al. 2022; Saharia et al. 2022; Ramesh et al.
2022) has been achieved in T2I generation, primarily due to
advancements in DM (Ho, Jain, and Abbeel 2020). Another
line of work (Dhariwal and Nichol 2021; Ho and Salimans
2022; Ruiz et al. 2023; Kumari et al. 2023) focuses on flexi-
ble and controllable image generation, including ControlNet
(Zhang, Rao, and Agrawala 2023), Composer (Huang et al.
2023), IP-Adapter (Ye et al. 2023), and T2I-Adapter (Mou
et al. 2024). ControlNet provides a general pipeline for con-
ditioning on both text and image data. The Diffusion Trans-
former (Peebles and Xie 2023) showcases scalability by re-
placing UNet with a Transformer, and Pixart-α (Chen et al.
2023) further reduces training costs while achieving superior
image quality. However, these methods focus on generating
individual images aligned with text and struggle to produce
multiple coherent and consistent images in a sequence.

Method
Story visualization aims to generate a sequence of images
Ĩ = {Ĩ1, . . . ĨN} that align with a multi-sentence storyline
S = {S1, . . . SN}, ensuring consistency in characters and
scenes throughout. For the story continuation task, the first
frame I1 is provided as additional input, guiding the gener-
ation of subsequent images Ĩ = {Ĩ2, . . . ĨN} by extracting
and maintaining characters and scenes, eliminating the need
to generate them from scratch. During training, ground truth
images are denoted as I = {I1, . . . IN}.
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1. Crong laughs while holding a toy car. Pororo is 
standing in front of Crong while holding a toy airplane.

2. Pororo looks at the toy car and then looks at the toy 
airplane in his hands.

3. Pororo smiles and moves his toy airplane. A toy car 
is in front of Pororo.

4. Pororo lies down on the ground and jumps up.

Storyline

5. Crong is standing while closing his eyes.
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Figure 2: Architecture of ContextualStory for Story Visualization. Each UNet block includes temporal convolution and
Spatially-Enhanced Temporal Attention to effectively capture complex spatial and temporal dependencies. The Storyline Con-
textualizer enriches the storyline embedding by integrating context information from all text embeddings, while the StoryFlow
Adapter measures scene changes by computing differences between adjacent frames.

Preliminaries
Diffusion models (DM) (Ho, Jain, and Abbeel 2020; Song,
Meng, and Ermon 2020) are generative models that approx-
imate data distributions by iteratively denoising a Gaussian
distribution through a reverse process of a Markov Chain.
Given a training sample x0 ∼ q(x0) and add Gaussian noise
ϵ ∼ N (0, I) to the input in a forward process q(xt|x0) =

N (xt;
√
ᾱtx0, (1 − ᾱt)I), where ᾱt :=

∏t
s=1(1 − βs) and

β1, . . . , βT is the variance schedule. The model is trained
to approximate the backward process pθ(xt−1|xt) by mini-
mizing the mean squared error (MSE) between the predicted
and target noise LDM := Ex,ϵ∼N (0,I),t

[
∥ϵ− ϵθ(xt, t)∥2

]
.

Latent Diffusion Models (LDM) (Rombach et al. 2022)
extend DM to high-dimensional data by compressing im-
ages into latent space. An encoder E maps the input x
to a latent representation z = E(x), , where the for-
ward and backward processes are applied. The denoising
network ϵθ(zt, t, c) is trained by minimizing LLDM :=
EE(x),c,ϵ∼N (0,I),t

[
∥ϵ− ϵθ(zt, t, c)∥2

]
, where c denotes

conditional signals, such as storyline embeddings. The gen-
erated image x̂ is obtained by decoding the denoised latent
z with pre-trained decoder D(z).

Model Architecture
Previous methods based on T2I diffusion models typically
use an autoregressive approach, generating story frames se-
quentially with each frame relying on the preceding frames
and captions. However, these methods often fail to capture

sufficient storyline context, leading to poor frame consis-
tency. Moreover, the UNet struggles to capture temporal de-
pendencies, while vanilla temporal attention layers are inef-
fective in addressing significant character movement across
frames. To overcome these challenges, as shown in Figure 2,
we introduce temporal convolution and SETA into the UNet.
These components enable the model to capture contextual
information across both spatial and temporal dimensions,
allowing it to better handle complex spatial and temporal
dependencies. We also propose the Storyline Contextual-
izer that ensures contextual information propagates to each
sentence. Additionally, to address the significant changes in
characters and scenes, we introduce the StoryFlow Adapter
to quantify these changes and guide the model in generating
more coherent visual stories.
Spatially-Enhanced Temporal Attention. In video diffu-
sion models (Zhang et al. 2023), temporal attention layers
are often employed to model temporal dependencies. How-
ever, unlike video frames with minimal changes and redun-
dant pixels, story frames feature significant character and
scene changes. As shown in Figure 3, significant charac-
ter movement across story frames make it challenging for
vanilla temporal attention to capture the same character.

To address this challenge, we propose Spatially-Enhanced
Temporal Attention. Assuming the green block within the
red-bordered area is the query, the query itself, along with
the green blocks covered by the k × k local window at
the same position across other frames (i.e., all the green
blocks), form the key and value. Formally, given a hidden
state Zt = {z1t , . . . , zNt } ∈ Rn×c×h×w, where n = N is
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(c) Spatially-Enhanced 
Temporal Attention

(b) Vanilla Temporal Attention(a) Character Movement 
Across Frames

Figure 3: Spatially-Enhanced Temporal Attention leverages
a local window mechanism across frames to capture both
spatial and temporal dependencies, effectively handling sig-
nificant character movements.

the number of story frames, and c, h, w represent the chan-
nel, height, and width dimensions of the hidden state, re-
spectively. We first reshape Zt to Z ′

t ∈ Rhw×n×c, then ex-
tract the local window feature Z lw′

t ∈ Rhw×nlw×c at each
spatial position, where nlw = (n− 1)k2 + 1. Subsequently,
we compute the query, key, and value and then perform the
Attention(QT ,KT , VT ) through Eq. (2).

QS = Z ′
tW

Q
S ,KS = Zlw′

t WK
S , VS = Zlw′

t WV
S , (1)

Attention(Q,K, V ) = Softmax(
QKT

√
d

)V, (2)

where WQ
T , WK

T , WV
T are learnable projection matrices,

and d is the feature dimensionality. To ensure a complete lo-
cal window at the boundaries, we pad Z ′

t by replicating the
boundary features. We utilize rotary positional embedding
(RoPE) (Su et al. 2024) as the temporal positional embed-
ding to enable the model understand temporal relationships
between frames efficiently.
Storyline Contextualizer. We use the pre-trained CLIP text
encoder to independently extract text embeddings for each
sentence in the storyline. These embeddings contain the se-
mantic information of the corresponding sentences but lack
the global contextual information of the storyline. Directly
using these text embeddings to guide the model may re-
sult in inconsistent story frames. To address this challenge,
we propose the Storyline Contextualizer, which propagates
and integrates the contextual information from all text em-
beddings to generate a context-enriched storyline embed-
ding. As shown in Figure 2, the Storyline Contextualizer
is a transformer-based network, each layer contains a self-
attention layer, a temporal attention layer, and two Feed-
Forward Networks (FFNs).

Given the storyline embedding C = {c1, . . . , cN} ∈
Rn×l×cT from the CLIP text encoder, where n = N is the
number of story sentences, l is the feature sequence length,
and cT is the feature dimension. In Storyline Contextualizer,
we first reshape the storyline embedding to 1× nl× cT and
apply self-attention, then reshape it to l×n×cT for temporal
attention. To minimize any adverse effects from additional
modules, we zero-initialize the weights of the second FFN in
the final layer and incorporate a residual connection, ensur-
ing that the Storyline Contextualizer functions as an identity
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Figure 4: Architecture of ContextualStory for Story Contin-
uation. The first frame latent is used as additional input for
all UNet blocks, resized and adjusted with a 1× 1 convolu-
tion layer before concatenation with the hidden state.

mapping at the beginning of training. The context-enriched
storyline embedding C′ guides the model through a cross-
attention layer. Unlike T2I and T2V models that compute
cross-attention between images/frames and a single text,
we adopt a temporally-aligned approach, computing cross-
attention between each individual context-enriched text em-
bedding ci and hidden state zit of the corresponding frame.
StoryFlow adapter. To leverage scene changes between
story frames to guide the model, we propose the StoryFlow
Adapter, inspired by (Jeong, Park, and Ye 2023; Wu et al.
2023; Qing et al. 2023). As shown in Figure 2, the storyflow
is computed as the L2 norm of differences between adjacent
images, δi =

∥∥zi0 − zi+1
0

∥∥, to quantify the image difference.
Given N ground truth frames, we calculate the storyflow
∆ = {δ1, . . . , δN−1}. We then encode the storyflow ∆ into
a c-dimensional embedding using sinusoidal embedding and
a zero-initialized FFN. Through linear interpolation, we ob-
tain the storyflow embedding ∆′ ∈ RN×c. Finally, we add
storyflow embedding to timestep embedding and feed them
into the spatial convolution of the UNet block. During infer-
ence, we use the average of the storyflows computed from
the training set as the storyflow ∆.

Solving the Story Continuation Task
For story continuation tasks, besides the storyline, the first
frame is provided as an additional input. As shown in Figure
4, we extract the first frame latent z1 and use it as an ad-
ditional input to all UNet blocks. Within each UNet block,
z1 is resized to match the spatial dimensions of the hidden
state, then a 1 × 1 convolution layer adjusts the channels to
match the hidden state. Finally, it is concatenated with the
hidden state before inputting into the spatial convolution.

Experiment
Experimental Setup
Datasets. We employ two popular benchmark datasets,
PororoSV (Li et al. 2019) and FlintstonesSV (Gupta et al.
2018), to evaluate the performance of our model on story
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Model PororoSV FlintstonesSV

FID ↓ Char. F1 ↑ Frm. Acc. ↑ FID ↓ Char. F1 ↑ Frm. Acc. ↑

StoryGANc 74.63 39.68 16.57 90.29 72.80 58.39
StoryDALL-E 25.90 36.97 17.26 26.49 73.43 55.19
MEGA-StoryDALL-E 23.48 39.91 18.01 23.58 74.26 54.68
Story-LDM 26.64 47.56 29.19 24.24 76.59 57.19
AR-LDM 17.40 - - 19.28 - -
Causal-Story 16.98 - - 19.03 - -
StoryImager 15.45 - - 18.32 - -
RCDMs 16.25 59.03 41.48 14.96 85.51 78.44
ContextualStory 13.86 76.25 50.72 13.27 91.29 81.91

Table 1: Quantitative comparison with SOTA methods of story continuation on PororoSV and FlintstonesSV.

Model FID ↓ Char. F1 ↑ Frm. Acc. ↑

PororoSV

StoryGAN 158.06 18.59 9.34
CP-CSV 149.29 21.78 10.03
DUCO 96.51 38.01 13.97
VLC 84.96 43.02 17.36
VP-CSV 65.51 56.84 25.87
Word-Level SV 56.08 - -
Story-LDM 27.33 - -
AR-LDM 16.59 - -
Causal-Story 16.28 - -
StoryImager 15.63 - -
ContextualStory 13.61 77.24 51.59

FlintstonesSV

StoryGAN 127.19 46.20 32.96
DUCO 78.02 54.92 36.34
VLC 72.87 58.81 39.18
Story-LDM 36.55 - -
AR-LDM 23.59 - -
StoryImager 22.27 - -
ContextualStory 20.15 91.70 83.08

Table 2: Quantitative comparison with SOTA methods of
story visualization on PororoSV and FlintstonesSV.

visualization and story continuation tasks. PororoSV con-
tains 10,191, 2,334, and 2,208 stories within the train, vali-
dation, and test splits, respectively, featuring 9 main charac-
ters. FlintstonesSV contains 20,132, 2,071, and 2,309 stories
within the train, validation, and test splits, respectively, fea-
turing 7 main characters and 323 backgrounds. Each story
in both datasets comprises 5 consecutive story images.
Automatic metrics. To evaluate the quality of generated
images, we employ the following three evaluation metrics
following previous works (Maharana, Hannan, and Bansal
2022; Pan et al. 2024) in story visualization: (1) Frechet In-
ception Distance (FID) (Heusel et al. 2017), which measures
the distance between feature vectors of ground truth and
generated frames; (2) Frame accuracy (Frm. Acc.), which
evaluates character matching to ground truth using a fine-
tuned Inception-v3 model; (3) Character F1-score (Char.
F1), which assesses the quality of generated characters using
the same Inception-v3 model as Frm. Acc.
Implementation details. We initialize ContextualStory with
the pre-trained Stable Diffusion 2.1-base and fine-tune only
the UNet parameters with the AdamW optimizer. Training
is performed on 4 NVIDIA A800 GPUs with a batch size
of 12, a learning rate of 5 × 10−5 and 40,000 iterations
for PororoSV and 80,000 iterations for FlintstonesSV. The
SETA window size is k = 3, and the SC layer count is 4.
During training, we apply classifier-free guidance by ran-

Model Memory (GB)↓ Inference Speed (s)↓

StoryDALL-E 20 347
Story-LDM 11 18.5
AR-LDM 40 40.4
StoryGen 29 31.7
StoryGPT-V 25 14.1
RCDMs 22 30.4
ContextualStory 5 11.8

Table 3: Comparison of GPU memory usage and inference
speed across SOTA models.

Dataset Attribute Ours Tie AR-LDM

PororoSV
Visual Quality 81.0% 6.9% 12.1%

Semantic Relevance 85.6% 9.2% 5.2%
Temproal Consistency 84.1% 8.8% 7.1%

FlintstonesSV
Visual Quality 80.4% 6.2% 13.4%

Semantic Relevance 82.6% 6.3% 11.1%
Temproal Consistency 84.8% 5.4% 9.8%

Table 4: Human evaluations of story visualization task. Ours
(%) means our ContextualStory is preferred over AR-LDM.
AR-LDM (%) means AR-LDM is preferred over our Con-
textualStory. Tie (%) means the annotator believes that the
two image sequences are similar.

domly dropping input storylines with a 0.1 probability and
use the PYoCo mixed noise prior for noise initialization. For
inference, we use the DDIM sampler with 50 steps and a
guidance scale of 7.5 to generate 256× 256 images.

Quantitative Results
Story Visualization. Table 2 presents quantitative re-
sults for story visualization on both PororoSV and Flint-
stonesSV, comparing ContextualStory to several SOTA
methods, including StoryGAN, CP-CSV (Song et al. 2020),
DUCO (Maharana, Hannan, and Bansal 2021), VLC (Ma-
harana and Bansal 2021), VP-CSV (Chen et al. 2022),
Word-Level SV (Li 2022), Story-LDM, AR-LDM, Causal-
Story (Song et al. 2024), and StoryImager. The results
clearly demonstrate that ContextualStory significantly out-
performs existing SOTA methods across all metrics on both
datasets. This superior performance is primarily due to
SETA, SC, and StoryFlow Adapter, which effectively utilize
context information to generate coherent story frames.
Story Continuation. Table 1 presents the quantitative re-
sults for story continuation on both PororoSV and Flint-
stonesSV. We evaluate the effectiveness of ContextualStory
model against several SOTA methods, such as StoryDALL-
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1. Harry is flying. Blue sky and some clouds are showing behind him.
2. Poby opens the wooden door of his house and looks at the inside.
3. Poby is in his house. Poby is rubbing his belly saying delicious.
4. Poby is scratching the back of his head in a snowy forest. his cheeks are flushed.
5. Poby farts while Poby is going across the snowy forest. Poby stops and spreads his 
body when Poby farts.
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1. Fred is standing in a doorway. He is wearing his orange and blue shirt with a blue tie. 
Fred is talking with an angry face and is using hand motions with his left hand.
2. Betty and Wilma are standing in the backyard. Betty is talking to Wilma over a stone 
fence. Wilma is leaning on the fence listening to Betty speak.
3. Betty and Wilma speak to each other at a fence.
4. Wilma and Betty are standing outside in the yard. they are talking to each other over 
the fence that separates their yards.
5. Wilma and Betty are walking together in a room each are holding a tray of drinks.

Figure 5: Qualitative comparison of story visualization on PororoSV (left) and FlintstonesSV (right).

E, MEGA-StoryDALL-E (Maharana, Hannan, and Bansal
2022), StoryImager, and RCDMs. The results demonstrate
that ContextualStory outperforms existing methods by a
large margin across all metrics for the story continuation
on both datasets. This indicates that ContextualStory bet-
ter utilize contextual information to generate coherent story
frames based on the storyline and the first image.
Inference Speed. We compare the GPU memory usage and
inference speed of recent open-source SOTA models (e.g.,
AR-LDM and StoryGen) in Table 3. The experiment is con-
ducted on an A800 GPU with 50 DDIM steps to ensure a fair
comparison. Autoregressive methods like Story-LDM, AR-
LDM, StoryGen, and StoryGPT-V suffer from high memory
usage and slow inference speeds. In contrast, Contextual-
Story, a non-autoregressive model, not only overcomes the
bottleneck of autoregressive methods by achieving the low-
est memory usage and fastest inference speed, but also out-
performs SOTA methods in overall performance.

Qualitative Results
Story Visualization. Figure 5 shows a qualitative compar-
ison of story visualization on PororoSV and FlintstonesSV.
Stable Diffusion (SD) generates high-quality images inde-
pendently from individual sentences, but its lack of contex-
tual awareness leads to inconsistent character appearances
and character duplication. AR-LDM avoids character dupli-
cation but still struggles with inconsistent character appear-
ances. In contrast, ContextualStory produces high-quality
images with coherent and consistent characters and scenes
across both datasets.
Story Continuation. Figure 6 demonstrates a qualita-
tive comparison of story continuation on PororoSV and
FlintstonesSV datasets. StoryDALL-E produces low-quality
characters with inconsistent backgrounds. AR-LDM gen-
erates higher-quality characters, but the backgrounds lack
consistency and deviate significantly from the ground truth.
In contrast, ContextualStory generates high-quality images

with consistent characters and backgrounds that closely
match the ground truth. More results are provided in the sup-
plementary material.

Human Evaluation
Due to the limitations of metrics such as FID, Char. F1, and
Frm. Acc. in accurately reflecting the quality of generated
story frames, we conducted human evaluations for the story
visualization task on PororoSV and FlintstonesSV, focusing
on Visual Quality, Semantic Relevance, and Temporal Con-
sistency. We randomly selected 300 pairs of story frame se-
quences generated from AR-LDM (Pan et al. 2024) and our
ContextualStory. Annotators were tasked to select the bet-
ter sequence for the three attributes: Visual Quality, Seman-
tic Relevance, and Temporal Consistency. Each pair of story
frame sequences was evaluated by 10 annotators. As shown
in Table 4, the results indicate that our ContextualStory out-
performs AR-LDM significantly across all three attributes.

Ablation Studies
Ablation study of the proposed components. To evaluate
the benefit of each proposed component, we conduct an ab-
lation study on the story visualization task using PororoSV.
As shown in Table 5, progressively removing components
from ContextualStory results in a consistent decline across
all three metrics. The removal of SETA has the most signifi-
cant effect, increasing FID by 16.0%, and reducing Char. F1
and Frm. Acc. by 4.9% and 7.4%, respectively. The qualita-
tive comparison in Figure 7 shows the following: 1) Remov-
ing the StoryFlow Adapter slightly reduces background con-
sistency. 2) Further removing SC leads to duplicated char-
acters, like Loopy. 3) Removing SETA reduces background
consistency, introduces duplicated characters (e.g., Pororo),
and incorrect characters (e.g., Petty and Poby), making im-
ages less accurate. 4) Removing Temporal Convolution fur-
ther decreases character and scene consistency. These results
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1. Crong falls down. and rubs his head. Pororo loses his tempo.
2. Pororo looks angry. Pororo shout to Crong and Crong turns his head and looks at 
what Crong did.
3. Pororo and Crong's room is massed up. whole room is filled with Crong's paints.
4. Crong feels apologetic. Crong seems to say sorry to Pororo.
5. Pororo says something to Crong suppressing his anger.

1. Fred and Barney are outside, standing next to a car. Fred holding money in his hand 
while speaking to someone.
2. Barney is outside pointing at something. While he is pointing he is saying something.
3. Fred is holding money in the room.
4. Fred looks at some money and talks in a store.
5. Betty and Wilma are sitting in a car. Wilma tugs at a rope while Betty leans back in her 
seat.

Figure 6: Qualitative comparison of story continuation on PororoSV (left) and FlintstonesSV (right). The image marked with a
red box is the first frame additionally input to the model.
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1. Pororo is holding a green box. Eddy is explaining to Pororo.
2. Pororo is thanking Eddy for the present.
3. Pororo Rody Eddy are laughing. Pororo is holding green present.
4. Pororo gives a present to Loopy.
5. Loopy is surprised to get a present.

Figure 7: Qualitative results of the ablation study on the pro-
posed components for story visualization on PororoSV.

indicate that all proposed components contribute to the per-
formance of ContextualStory, with SETA having the most
significant impact.
Ablation study of temporal attention. Table 5 presents the
ablation study results of comparing Vanilla Temporal Atten-
tion and our proposed SETA for the story visualization task
on PororoSV. The results clearly show that SETA outper-
forms Vanilla Temporal Attention across all metrics. Specif-
ically, SETA achieves a lower FID score, indicating better

Model FID ↓ Char. F1 ↑ Frm. Acc. ↑

ContextualStory 13.61 77.24 51.59
−StoryFlow Adapter 14.84 77.09 50.48
−Storyline Contextualizer 15.02 75.42 48.39
−SETA 17.42 71.70 44.83
−Temporal Convolution 19.69 68.12 39.60

Vanilla Temporal Attention 14.78 75.94 48.79
SETA (Ours) 13.61 77.24 51.59

Table 5: Ablation study of the proposed components and
temporal attention for story visualization on PororoSV.

alignment with ground truth images, and higher Char. F1
and Frm. Acc., demonstrating improved character consis-
tency and accuracy. These improvements highlight the ef-
fectiveness of the local window mechanism of SETA, which
allows the model to better capture both spatial and tempo-
ral dependencies, leading to more coherent and consistent
story frames. The significant gains in performance suggest
that incorporating spatial context within temporal attention
is crucial for enhancing visual storytelling models. More ab-
lation studies are provided in the supplementary material.

Conclusion
In this paper, we propose ContextualStory, a novel frame-
work that overcomes the limitations of traditional autore-
gressive methods in visual storytelling. By incorporating
Spatially-Enhanced Temporal Attention, we effectively cap-
ture spatial and temporal dependencies, ensuring consis-
tency in characters and scenes across frames. Addition-
ally, the Storyline Contextualizer enriches the global context
from storyline, while the StoryFlow Adapter enhances the
ability of model to handle scene changes. Extensive experi-
ments on PororoSV and FlintstonesSV show that Contextu-
alStory achieves superior performance over state-of-the-art
methods in both story visualization and continuation tasks.
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