StoryGPT-V: Large Language Models as Consistent Story Visualizers
— Supplementary Materials —

The supplementary material provides:
* Section 1: Multi-modal story generation ability.
 Section 2: First stage ablation; Number of [ IMG] tokens; Different LLMs.
 Section 3: The limitation of CLIP score; Human Evaluation; Open Domain Evaluation on VIST.
¢ Section 4: Human evaluation.
* Section 5: Data preparation and implementation details.
¢ Section 6: Limitation discussion.
 Section 7: Responses to Rebuttal.
¢ Section 8: Qualitative results.
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Figure 1. Our model StoryGPT-V extending stories in both language and vision: Gray part is the text descriptions from datasets.
part corresponds to the model-generated frames and the continued written stories based on the previous captions.

1. Multi-modal Story Generation

Owing to StoryGPT-V design leveraging the advanced capabilities of Large Language Models (LLMs), it exhibits a unique
proficiency in that it can extend visual stories. StoryGPT-V is not merely limited to visualizing stories based on provided
textual descriptions. Unlike existing models, it also possesses the innovative capacity to extend these narratives through con-
tinuous text generation. Concurrently, it progressively synthesizes images that align with the newly generated text segments.

Figure 1 presents an example of a multi-modal story generation. Initially, the first four frames are created according to the
text descriptions from the FlintstonesSV [1] dataset (gray part). Subsequently, the model proceeds to write the description
for the next frame ( part), taking into account the captions provided earlier, and then creates a frame based on this new
description ( part). This method is employed iteratively to generate successive text descriptions and their corresponding
frames.

Our model represents a notable advancement in story visualization, being the first of its kind to consistently produce
both high-quality images and coherent narrative descriptions. This innovation opens avenues for Al-assisted technologies to
accelerate visual storytelling creation experiences by exploring various visualized plot extensions as the story builds.



2. Ablation Studies
2.1. Effect of first-stage design.

In Table 1 lower half, we conducted an ablation study on how the stage-1 design contributes to the final performance. In the
first line, the stage-2 LLM is aligned with vanilla LDM fine-tuned on FlintstonesSV [1]. The second line aligns the LLM
output with our Char-LDM’s text embedding (Embyext), While the last line aligns with character-augmented fused embedding
(Emb¢yse) of our Char-LDM. The first two lines align to the same text embedding encoded by the CLIP [12] text encoder,
however, our Char-LDM enhanced with cross-attention control (Lreg) produces more precise characters. Different from
Embyext, the last line is aligned with Embgyse, which is augmented with characters’ visual features. This visual guidance
helps LLM to interpret references more effectively by linking “he, she, they” to the previous language and image context.

Models Aligning space Char-Acc (") Char-F1('") BG-Acc (") BG-F1(") FID #)
Vanilla LDM [14] 75.37 87.54 52.57 58.41 32.36
Vanilla LDM Embyext 84.06 92.54 53.18 58.29 22.94
Our Stage-2 Char-LDM Embyext 86.10 93.46 54.92 60.15 21.30
Char-LDM Embg e (default) 88.45 94.94 56.45 62.09 21.71

Table 1. The output of our stage-2 model (OPT) is aligned with conditional input of vanilla LDM [14] (finetuned on FlintstonesSV [1]),
our Char-LDM text embedding (Emby.,:) or character-augmented fused embedding (Emb ¢44c).

2.2. Number of [IMG] Tokens

We further examined the impact of the number of added [IMG] tokens. As indicated in Table 2, aligning with the fused
embedding and setting R = 8 yields the best performance.

Models R  Char-Acc (") Char-F1(") BG-Acc (") BG-F1(") FID (#)
Embiext 4 82.14 90.18 54.28 59.58 21.33
Embiext 8 86.10 93.46 54.92 60.15 21.30
Embiext 16 83.77 91.07 54.08 60.21 21.58
Embfyse 4 86.23 93.43 54.57 59.61 21.97
Embfyse 8 88.45 94.94 56.45 62.09 21.71
Embfyse 16 85.35 91.96 52.93 58.86 23.73

Table 2. StoryGPT-V Ablations: Impact of R, the number of added [IMG] tokens. Embyc.:: the output of LLM (OPT) is aligned with
text embedding extracted from the text encoder; Emb ,s.: aligned with fused embedding Emb .. of first stage model.

2.3. Different LLMs (OPT vs Llama2)

Models #Params Char-Acc () Char-F1(") BG-Acc(") BG-F1(') FID#) BLEU4(") CIDEr (")
OPT [17] 6.7b 88.45 94.94 56.45 62.09 21.71 0.5037 1.6718
Llama2 [15] 7b 89.08 95.07 57.29 62.62 21.56 0.5169 1.7516

Table 3. Performance on FlintstonesSV [1] dataset with referential text using different LLMs.

Our primary contribution lies in leveraging Large Language Models (LLMs) for reference resolution for consistent story
visualization. In our work, we experimented with OPT-6.7b' and Llama2-7b-chat’ models. It’s important to note that the

Ihttps://huggingface.co/facebook/opt-6.7b

Zhttps://huggingface.co/meta-llama/Llama-2-7b-chat
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utilization of Llama2 was speci cally to demonstrate its additional capability for multi-modal generation. The ablation study
of different LLMs was not the main focus of our research.

Our ndings, as illustrated in Table 3, indicate only a slight improvement when changing from OPT [17] to Llama2 [15].
This marginal difference is attributed to the evaluation metric's emphasis on image-generation capabilities, which assesses
whether the model's visual output aligns well with rst-stage Char-LDM's conditional input space.

3. Evaluation

3.1. Text-image alignment.

CLIP [12] is trained on large-scale image-caption pairs to align visual and semantic space. However, a domain gap exists
between pre-train data and the story visualization benchmark. Therefore, we netune CLIP [12] on the story visualization
datasets. However, we found it still hard to capture ne-grained semantics, either text-image (T-1) similarity or image-image
similarity (I-1), i.e., the similarity between visual features of generated images and corresponding ground truth images.

Upon this observation, we choose the powerful captioning model BLIP2 [6] as the evaluation model. We netune BLIP2
on FlintstonesSV [1] and PororoSV [7], respectively, and employ it as an image captioner for generated visual stories. We
avoided direct comparisons to bridge the gap between BLIP2's predictions and the actual ground truth captions. Instead, we
used the ne-tuned BLIP2 to generate ve captions for each ground truth image and one caption for each generated image.
and report average BLEU4 [10] or CIDEr [16] score based on these comparisons.

Models CLIP (T-I) (") CLIP(I-)(") BLEU4(") CIDEr(")
StoryDALL-E [8] 0.4417 0.8112 0.4460 1.3373
LDM [14] 0.5007 0.8786 0.4911 1.5103
Story-LDM [13] 0.4979 0.8795 0.4585 1.4004
StoryGPT-V (Ours OPT)  0.5106 0.889 0.5070 1.6607

Table 4. Text-image alignment score for FlintstonesSV [1] with referential text descriptions in terms of CLIP [12] similarity, BLEU4 [10]
and CIDEr [16].

4. Human evaluation.

we use Mechanical Turk to assess the quality of 100 sto-
ries produced by our methods or Story-LDM [13] on
FlintStonesSV [1]. Given a pair of stories generated by
Story-LDM [13] and our model, MTurkers are asked to
decide which generated four-frame story is better w.r.t
visual quality, text-image alignment, character accuracy,
and temporal consistency. Each pair is evaluated by 3
unique workers. In Figure 2, our model demonstrates
signi cantly better story visualization quality with accu-
rate and temporally coherent synthesis. The human study
interface is illustrated in Figure 3.

4.1. Open Domain Evaluation

We mainly focus on closed-domain story visualiza- Figure 2. Human evaluation results on FlintStonesSV [1] w.r.t visual

tion and character synthesis with ambiguous references.q,ua“ty' text-image alignment, character accuracy and temporal con-
VIST is a story visualization data but lacks consistent vi- sistency.

sual stories as it relies on people crafting stories for 5

selected photos from a Flickr album. And it doesn't con-

tain character/background labels for a comprehensive evaluation in the setting of consistent story visualization like [1]. We
report CLIP image similarity and LPIPS score following [5] in Table 5.



Figure 3. Human study interface.

5. Implementation Details
5.1. Data preparation

FlintstonesSV [1] provides the bounding box location of each char-

acter in the image. We fed the bounding boxes into SAM [4] to ob- "Models CLIP-I(") LPIPS (®
tain the segmentation map of corresponding characters. This of ine [ pM [14] 0.598 0.704

supervision from SAM is ef ciently obtained without the need for  Story-LDM [13] 0.504 0.715

manual labeling efforts. StoryGPT-V (Ours) 0.613 0.692
5.2. Extending dataset with referential text Table 5. Results on VIST [3] dataset.

We follow Story-LDM [13] to extend the datasets with referential text

by replacing the character names with references, i.e., he, she, or they,

wherever applicable as shown in Algorithm 1. The statistics before and after the referentail extension are shown in Table 6.
Please refer to Story-LDM [13] implementatiofor more details on how the referential dataset is extended.

5.3. First stage training

We built upon pre-trained Stable Diffusion [14] vi-8nd use CLIP [11] ViT-L to extract characters' visual features. We
freeze the CLIP text encoder and ne-tune the remaining modules for 25,000 steps with a learning rate of 1e-5 and batch size

Shttps://github.com/ubc-vision/Make-A-Story/blob/main/ldm/data
4https://huggingface.co/runwayml/stable-diffusion-v1-5



Dataset # Ref (avg.) # Chars # Backgrounds

FlintstonesSV [1] 3.58 7 323
Extended FlintstonesSV 4.61 7 323
PororoSV [7] 1.01 9 None
Extended PororoSV 1.16 9 None

Table 6. Dataset statistics of FlintstonesSV [1] and PororoSV [7]

of 32. The rst stage utilizes solely the original text description without extended referential text. To enhance inference time
robustness and exibility, with or without reference images, we adopt a training strategy that inéasconditional
training, i.e., classi er-free guidance [2]0%text-only training, and0% augmented text training, which integrates visual
features of characters with their corresponding token embeddings.

5.4. Second stage training

We use OPT-6.7Bmodel as the LLM backbone in all experiments in the main paper. To expedite the second stage alignment
training, we rst pre-compute non-referential fused embeddings residing in the input space of the rst-stage Char-LDM. We
map visual features inttm = 4 token embeddings as LLM input, set the max sequence length as 160 and the number of
additional[IMG] tokens aRR = 8, batch size as 64 training for 20k steps. Llamaz2 is only trained for the experiments high-
lighted in the supplementary materials, demonstrating its capability for multi-modal generation and the ablation of different
LLMs. The training con guration is almost the same as OPT, except for batch size 32. All experiments are executed on a
single A100 GPU.

Please refer to all the details at the source code.

Algorithm 1 Character Replacement Algorithm

De nitions:
i: index for frames, ranging from 1 s
S;: text description of frame
G: a set contains immediate character(s) in the cur-
rent frame
fori2f1;2;:::;Ngdo
if i =1 then
G immediate character &;
else
if G C; 1then
if length(G) = 1 then
ReplaceG in S; with “he” or “she”
else iflength(c) > 1then
ReplaceG in S; with “they”

end if
end if
G Ci
end if Figure 4. DALL-E 3 [9] zero-shot inference on Flint-
end for stonesSV [1] dataset.

6. Limitations

Our method demonstrates pro ciency in resolving references and ensuring consistent character and background conditions
in the context provided by guiding the output of a multi-modal Large Language Model (LLM) with character-augmented
semantic embedding. However, several limitations remain. The process involves feeding the previously generated frame
into the LLM to produce a visual output that aligns with the Latent Diffusion Model (LDM) input conditional space. This

Shttps://huggingface.col/facebook/opt-6.7b
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