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Fig. 1. The workflow of CCDM. After providing prompts from various domains, they are 

input into the T2I model derived from either the HuggingFace[1] or CivitAI[6] platform. The 
CCDM method is incorporated during the generation process to produce high-quality video se-
quences. 
 
CCDM has been evaluated on multiple representative T2I models, including those in 
anime style and real-world image domains. Without specific adjustments, most person-
alized T2I models can achieve video generation by incorporating the trained composite 
module, thus reducing the flickering commonly seen in T2I video generation methods. 
CCDM enables users to obtain high-quality personalized videos using standard T2I 
models, achieving multi-frame fusion to mitigate flickering. 

In summary, this paper begins with an introduction (Section 1), and we set the stage 
for our work. Section 2 provides a succinct review of related work, touching upon fine-
tuning neural networks, diffusion models for image synthesis, and personalized text-to-
image (T2I) animation. Section 3 delves into the specifics of our proposed method, 
encompassing the training process (Section 3.1) and logical design with loss computa-
tion (Section 3.2). Section 4 details our experiments, including comparisons (Section 
4.3) and an ablation study (Section 4.4). The section concludes the paper, summarizing 
contributions and critical findings. Finally, Section 6 addresses limitations and outlines 
potential future directions.  
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4 Experiments 

We implement CCDM with SD[2] to test various models, including those with different 
domain styles and types, such as SD[2] models with real-world styles or LoRA models 
with anime character styles. Please refer to the appendices for more information on the 
results under different parameters. 

4.1 Evaluate 

To validate the effectiveness and generalizability of our method, we downloaded some 
representative SD[2]  models from CivitAI[6] in different domains. CivitAI[6] is a pub-
lic platform that allows artists to train and share their personalized model results. On 
each model file’s recommendation page, we used the example provided by the model’s 
homepage as our prompt input for our study. 

Our model selection covers various aspects, from cartoon images to real-world do-
mains. However, we need to create a new evaluation standard to evaluate our method: 
we do not use GPT-generated or generic text prompts during generation because per-
sonalized models can only generate expected content with a specific text distribution 
based on fine-tuning effects. In other words, our prompts must contain text with a fixed 
format, i.e., trigger vocabulary. Otherwise, even with the addition of LoRA[5] or 
Dreambooth [4], the model’s generated effects can only reach the base model level and 
cannot play a reasonable testing effect in our generality test. The following results sec-
tion will mainly showcase the results generated using these models.  

4.2 Result 

Due to space constraints, only six frames were chosen from each video-generated con-
tent. All models download from the CivitAI [6] platform. To reduce the impact of spec-
ificity, all parameter settings (except for image resolution) use the same data as the 
model’s homepage. The prompts are below the corresponding images. 

To verify that our method applies to various personalized models derived from fine-
tuning the SD [2] model, we selected models from multiple domains from CivitAI [6], 
including anime, still life, landscape, real-world, and other types. Through our method 
combined with personalized models, our approach demonstrates the ability to generate 
high-quality videos that are also highly engaging. 

Furthermore, our tests are not limited to lightweight personalized models. We also 
used some larger models based on modifications of SD v1.5. These models are uni-
formly labelled as SD [2], while lightweight methods are labelled according to their 
respective training methods.  
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(Misty ɱɿʥ Kasumi, LoRA)misty pokemon, orange hair, solo,looking at viewer 

 
(Shadow of the Colossus Aesthetics,LoRA)a fortress sotcstyle 

 
(epiCPhotoGasm,SD),fashion portrait photo of beautiful young woman from the 60s 
wearing a red turtleneck standing in the middle of a ton of white balloons 

 
(MoXin,LoRA),shuimobysim,portrait of a woman standing,willow branches 

 
(XSarchitecturalV3, SD), no humans, scenery, reflection, sky, outdoors, reflective wa-
ter, building, water 

 
(XSArchi_148, LoRA) plant, scenery, window, table, pillow, blanket, bed 

 
(majicMIX realistic,SD) 1girl,hair with bangs,black long dress,orange background 

Fig. 4. The model names and types are indicated in parentheses, with the prompts at the end. 
For better readability, we only display part of the text prompts. 

4.3 Comparation 

In Figure 4, we will compare our method and AnimateDiff[10]. Although various 
methods such as Tune-a-Video[20] and CoDeF[18] can also used for personalized T2I 
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particularly involving models of different styles like anime, posed challenges to the 
learning process of the action module. 

Future work will address these challenges, especially in the context of anime models. 
We plan to adjust the training approach using a DiT+DDPM[38] strategy, testing dif-
ferent ranges of ɓ values to accommodate diverse generation needs. Resolving these 
issues will further enhance the performance of CCDM, making it more robust and ap-
plicable, thereby contributing significantly to advancements in video generation.  

6 Limitations and Future Works 

Due to using the WebVid[8] dataset, a collection of real-world videos, CCDM outper-
forms in generating realistic videos. However, in practical applications, this study em-
ploys real-world video models and models of different styles like pixel art or anime. 
These diverse video types challenge the method module to learn motion priors. In spe-
cific models, particularly anime models, issues illustrated in the figure below emerge 
during generation, stemming from a mismatch between the motion module's training 
data and the characteristics of these models. As a result, when the model is integrated 
into the U-Net[7] module of SD[2], initial generations may contain erroneous infor-
mation. Furthermore, this study's multi-frame fusion technique considers both preced-
ing and succeeding frames during generation, hindering the prompt rectification of er-
ror information at the video sequence's outset.  

The training approach shifted to a DiT+DDPM[38] strategy, employing a linear 
schedule and ɓ values ranging from 0.0001 to 0.02. The results displayed an anomalous 
phenomenon resembling overexposure. Although intuitively, using a diffusion sched-
ule consistent with pre-training should help the model retain its learned feature space, 
deviations in ɓ values during training led to a gradual reduction in image motion range 
and a subtle saturation trend in color variation. Consequently, a balance between visual 
quality and video flickering was sought.  

 

 
Fig. 8. Some instances of poorly generated results. 

In future work, our plan includes expanding the model training dataset to incorporate 
various video materials, including longer sequences. Additionally, we aim to enhance 
our algorithm to grant the model greater flexibility in adjustment and control. This 
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improvement is intended to elevate the image quality of generated video sequences, 
approaching the quality achieved in pure text-based image generation. 
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(Asuka Langley Soryu,LoRA)blue eyes, hair ornament, asukalangley 

Fig. 10. Model diversity. Four consistent tests were conducted for each of the two models to 
demonstrate that the CCDM method had no impact on the models. Additionally, two sets of re-
sults generated with the same prompts and personalized models are shown, indicating that the 
personalized models maintain their diversity even after being inflated with CCDM. For better 
readability, only partial text prompts are displayed.  
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