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Story generation

• Problem
• Single image generation relevant to 

a caption

• Relevance and consistency in series 
of images



Story 
Visualization 
& 
Continuation

• Synthesize a series of images to describe a 
story containing multiple sentences
• Need to identify characters, objects,

• Consistently follow history during the image 
generation



Related work

• Single image generation models
• DALL-E

• Imagen

• Stable Diffusion

• Textual Inversion

• DreamBooth

• Re-Imagen



GAN based 
models for 
story 
visualization

• StoryGAN
• Context encoder

• Image generator

• Sperate image and story discriminator – aim to 
preserve image consistency

• DUCO-StoryGAN
• Uses copy-transform and dual learning by using 

features from previously generate images 
through attention mechanism to improve 
consistency to improve story visualization.



GAN based 
models for 
story 
visualization

• VLC-StoryGAN

• WordLevel SV
• Focus on text inputs, use structured input and 

sentence representation to better guide visual 
story generation

• Story-DALL-E
• Uses pre-trained transformers – DALL-E and 

achieves better results than GAN based models



Diffusion Models



Auto Regressive Latent 
Diffusion Model

• Model to be aware of history descriptions and 
scenes

• Ex : 

• “A red metallic cylinder cube is at the 
center. 

• Then add a green rubber cube at the right”

Requirement

• Get rids of the assumption of conditional 
independence between each frame in existing 
models

AR-LDM 





History-
Aware 
Conditioning 
Network

• Encode the history caption-image pairs into multimodal 
condition to guide denoising process

• Consists of 

• CLIP – Concatenates unimodal embeddings

• BLIP – pre-trained using vision-language 
understanding and generation tasks, uses cross-
attention mechanism to integrate visual and language 
modalities



Experiments

Uses PororoSV, Flinstone and VIST

• Contains stories in 5 consecutive frames and captions.

First frame is fed as source frame, rest of the 4 frames 
has to be generated using captions with reference to the 
source frame.



Results -
Quantitative

• Uses SoTA FID score 
• metric used to evaluate the quality and diversity 

of generated images

• FID measures the similarity between the 
distribution of real images and the distribution 
of generated images. It calculates the Fréchet 
distance between two multivariate Gaussian 
distributions fitted to the real and generated 
image features, respectively. The lower the FID 
score, the better the generated images are 
considered to be.





Results-
Human 
Evaluation



Limitations

observe that 49.2% of generated stories on VIST are as consistent as 
ground truth. 

PororoSV and FlintstonesSV datasets whose frames are sampled from 
videos, few synthesized visual stories are as consistent as ground truth 
references

Consistency is short and there is room for improvement



Thank you
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