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General Accomplishments

● Clustering ancient Ethiopian manuscript paintings using different AI methods (CLIP, 
BLIP-2, UMAP, Kmeans/HDBSCAN, IC|TC).
○ Developed a dataset of 1,007 preprocessed images for future model 

development and training
● Our goal for the summer was to create the best possible model to cluster these 

images based on stylistic differences.
○ Our work has expanded beyond this point 

● This work was completed as a continuation of work of the AAS314 final project



Organization & Hours

● The team worked for 520 hours total (~10 hrs/week 
each)

● All code was uploaded to GitHub for repo + issues 
tracking

● Communication was done mainly through Slack and 
weekly/ biweekly status meetings were held.



Technical Progress

● CLIP clustering with UMAP + KMeans (Revanth, Ajay, Blake)
● Hypertuning parameters for all systems (Sai)
● BLIP-2 captioning for representative images
● Enhancing workflow through accessing DELLA 

superclusters to shorten run time for experiments



Processed Dataset

● Filtered out dataset by 

removing manuscript images of 

text

● Manually did a 1:1 box crop of 

each manuscript focusing on 

the image

● Each image was then resized to 

224x224 to be used as model 

inputs



Hyperparameter tuning - Grid Search Optimization



Four Initial Versions
● og_hypertuned_pca: Uses ResNet feature embeddings with PCA for dimensionality 

reduction; hyperparameters for PCA and clustering are manually tuned for improved 

separation.

● og_hypertuned_umap: Uses ResNet feature embeddings with UMAP for nonlinear 

dimensionality reduction; UMAP and clustering hyperparameters are tuned for better 

clustering performance.

● clip_umap: Uses CLIP (Contrastive Language–Image Pretraining) to extract semantically 

rich image features, followed by UMAP for dimensionality reduction and clustering.

● blip2_umap: Uses BLIP-2 (Bootstrapped Language–Image Pretraining) to extract 

multimodal-aware visual embeddings, then applies UMAP for dimensionality reduction and 

clustering.



ResNet + PCA/UMAP
● ResNet feature extraction: leverages pretrained ResNet to obtain high-quality 

visual embeddings from manuscript images.
● PCA (linear reduction): projects embeddings into a lower-dimensional space; 

captures variance efficiently but may miss nonlinear structures.
● UMAP (nonlinear reduction): preserves local and global structure in the 

embedding space, often improving cluster separation compared to PCA.
● Hyperparameter tuning: manual adjustment of dimensionality and clustering 

parameters enhances separation between stylistic groups.
● Strengths: stable, interpretable, and computationally efficient; ResNet features are 

well-established in image analysis.
● Limitations: may capture only visual style, without semantic or contextual 

understanding of manuscripts.



ResNet + PCA (9 Categories) ResNet + UMAP (9 Categories)



Clip + UMAP
● CLIP feature extraction: uses pretrained CLIP to generate semantically rich 

embeddings aligned across image and text.
● Multimodal awareness: embeddings capture both visual style and higher-level 

semantic meaning (e.g., subject matter).
● UMAP dimensionality reduction: preserves local neighborhood structures, 

enabling more meaningful clustering of manuscript styles.
● Improved clustering: better separates groups based on both appearance and 

semantic content.
● Strengths: captures richer features than ResNet alone; useful for stylistic + 

contextual clustering.
● Limitations: computationally heavier; may overemphasize semantic similarities 

over purely visual ones.



BLIP2 + UMAP
● BLIP-2 feature extraction: generates multimodal-aware embeddings by combining 

vision and language pretraining.
● Contextual understanding: embeddings incorporate both fine-grained visual 

details and broader textual/semantic associations.
● UMAP dimensionality reduction: projects high-dimensional BLIP-2 embeddings 

into a low-dimensional space while preserving local/global structures.
● Enhanced clustering: captures nuanced manuscript similarities that go beyond 

style (e.g., theme, context, or symbolic meaning).
● Strengths: most semantically informed approach; powerful for tasks requiring 

multimodal interpretation.
● Limitations: high computational cost; risk of clustering more by semantic meaning 

than by visual authorship cues.



BLIP-2 Markov Code Snippet



CLIP + UMAP (9 Categories) BLIP2 + UMAP (9 Categories)



An IC/TC Implementation



Metadata & Captions

● BLIP-2 captions were too vague
● Using PEMM metadata for ICTC-style captions
● Ajay matched metadata to images
● Shravan converted descriptions to captions 



Matching Project





We have 1007 captions generated for all the images with metadata



UI Development

● Built interactive UI with 3D plots
● Displays image thumbnails + keyword 

filters
● Next: integrate CLIP/BLIP outputs







Current Status 

Produced results from 4 methods:
1. ResNet+PCA (hypertuned)
2. ResNet+UMAP (hypertuned)
3. CLIP+UMAP
4. BLIP-2+UMAP

Task: Evaluate categories & rank effectiveness
Captions in progress



Future Steps

● Integrating the models and training systems with an interactive UI
● Continue working on IC/TC

○ Finalize fine tuning the VLM
● Explore other multimodal methods of training

○ Have PhD Students classify 1st & 2nd Gondering Styles 
● Clusters will operate based on our training captions/ data
● Final Product → AI-search engine embedded within the UI


