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Data acquisition considerations
• How much data to acquire?

• Is there enough variety in the data?

• What is the inherent bias in the data sampling?

• Under-sampling or over sampling

• Addressing ethical concerns

• Usually sourced from multiple collections

• petabytes of data and trillions of tokens.

• Usually with the help of partners for enterprise data

• E.g. NextData

• Labeling datasets is a discipline in itself

Common crawl dataset



Types of datasets used to train FMs
• Raw text data, image data, video data, domain-specific data

• Data from pdfs – multimodal data

• Question-answer pairs on chunks derived from

• Text, Images, Videos

• Domain-specific content

• Manual, semi-automatic to fully-automatic ground truth labeling

• For medical imaging from companion reports



Datasets used for LLMs available in model cards

GPT-3:
(1) a version of the CommonCrawl dataset, filtered based on similarity to high-quality reference corpora, (2) an expanded version 

of the Webtext dataset, (3) two internet-based book corpora, and (4) English-language Wikipedia.

https://commoncrawl.org/the-data/
https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://en.wikipedia.org/wiki/Main_Page


Datasets for VLMs
• Paired Image-text

• LAION-5b dataset

• MS-COCO

• Flickr30k

• Diversity in visual concepts, languages, and contexts, which 

requires datasets covering multiple domains (e.g., nature, urban 

environments), languages beyond English, and varied lighting or 

object configurations.

• CAULDRON

• 50 datasets

• Structured and grounded datasets:

• bounding boxes in COCO or Flickr30K enable models to localize 

objects within images

• Healthcare datasets need special considerations for data assembly

https://www.nature.com/articles/s41597-022-01899-x

https://huggingface.co/datasets/HuggingFaceM4/the_cauldron

https://huggingface.co/datasets/HuggingFaceM4/the_cauldron


Datasets for training healthcare FM
• Access to large collections still an issue

• Popular datasets

• MIMIC (60k patients, 400,000+images), Chexpert 

(64k+patients, 200k images+reports), PadChest, NIH-8 

(30k patients, 100,000+images), ChestImagenome

• TCIA collections

• MedPix (12,000 patients, 9000 topics, 59K images)

• MURA (14,000+ studies, 40k+ images)

• OpenNeuro datasets (1200+ datasets, 51K patients)

• https://github.com/sfikas/medical-imaging-datasets

• https://dl.acm.org/doi/10.1145/3615862

https://dl.acm.org/doi/10.1145/3615862

https://github.com/sfikas/medical-imaging-datasets


Considerations for legal approvals
• Legal and Licensing issues

• Who owns the data

• Volume and Variety: Ensure the dataset is large and diverse enough to train robust models.

• Specific Use: Clarify whether the data can be used for commercial purposes, research, or both.

• Exclusivity: Determine if the rights are exclusive or non-exclusive.

• Sensitivity and bias in the data

• Representational bias (under or over representation ) leads to homogenization

• Abuse (chat bots use toxic content)

• Business relevance

• Training data not aligned with business values.



Recording model development  in a Lakehouse

• Design of schema to record all details associated with the development of the models.

• Schema covers:

• Data provenance (source, date acquired, etc.)

• Approval chains and data clearances

• Parameter variations for the various runs (e.g. context length)

• Model training logs (last epoch date, etc. ) and run status

• Model checkpoint details, base model details

• Datasets generated from the model

• Intended use

• Model family hierarchy details



• Protecting privacy & data leakage

• Removing objectionable content

• Hate and profanity, PII removal 

• Toxicity & biases in the content

• Stereotyping

• Copyright infringement

• Confidential/sensitive data

• Many of the cleansing operations use 

AI models underneath

Data cleansing

HAP filter
People 

detector

Face Blur

Children 

removal

HIPAA field 

removal

PHI 

removal

Deduplication

DICOM 

cleaner

Logo 

removal

Confidential 

data 

removal

Data

 quality 

filtering

License 

filtering



Cleansing operations examples

yolov8m-seg.pt people detection



Data preparation
• Need AI models underneath:

• Document shredding

• Chunking

• Text extraction

• Selecting relevant chunks

• Token generation

• Word-piece tokenization

• Image-text association

• Caption-image association

• Ground truth labeling for QA pair generation

• Platforms for large-scale parallel processing

• E.g. Ray parallelism, Spark, etc.



Self-supervised labeling approaches

• Using companions reports to label images

• Using LLM to summarize the data

• Using LLM to extract QA

• Manual oversight for ground truth generation
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Labeling images from reports

Associated reports

Clear lungs without evidence of pneumonia.

Disease
Anatomy

Anatomical 
finding

Negation

Fine-grain modifiers:

• Anatomy affected, Sub-anatomy, 
Location, Laterality, Severity, Size, 
Shape, Character, Correlation, 
Cause, Symptom, Hedge



Label extraction from reports

Clear lung

evidence

pneumonia

of

without

Natural language analysis of the sentence using ESG parser (“Deep parsing in Watson”, M.Mc Cord, J.W. Murdock, B.K. Boguraev,IBM 
Journal of Research and Development ( Volume: 56 , Issue: 3.4 , May-June 2012)

Clear lungs without evidence of pneumonia.

DiseaseAnatomy

Anatomical 
finding

Negation
Steps Action

Initial groups given by 
dependency parser

[(1,2,u)]-> clear lung -> (core group)

Phrasal grouping using 
connected component 
analysis

[(2,u)(4,2,u)(5,4,6)(6,u,u))]-> lung evidence of 
pneumonia -> (core group)

Negation detection [(3,u)] -> without -> (negation span, helper group)

Assembled FFL patterns anatomical finding|no|clear lung|lung||||clear
disease|no|pneumonia|lung|

Dependency parse tree

ESG Parser Output

FFL pattern F =< T|N|C|M* > 

https://ieeexplore.ieee.org/xpl/RecentIssue.jsp?punumber=5288520
https://ieeexplore.ieee.org/xpl/RecentIssue.jsp?punumber=5288520
https://ieeexplore.ieee.org/xpl/tocresult.jsp?isnumber=6177717


Data Prep example- Automatic QA

• Prompt for Summary generation: Please describe this image

• Prompt for QA generation:

• Here are the rules for question and answer generation. 1) The question should not be a multiple choice 

question and answer. 2) The answers should be in a single paragraph (no bullet points). 3) The 

questions should be tagged as Question: and the answers should be tagged as Answer: 4) Do not 

generate any other text before and after the questions and answers. 5) If you are unable to generate 

question and answers your response should be - Unable to generate questions and answers. 6) Do not 

repeat the same question. Using these rules, generate 5 questions and answers based on the following 

text:

Generated QA

Generated Summary



Designing model architecture
• Basic architectures

• Transformers

• Llava 

• Newer (more details in later lectures)

• State-space

• Mamba

• Bamba

• RAG for training

• Tree of thought

https://www.linkedin.com/pulse/llm-end-to-end-resources-part-1-

model-architecture-vivek-madan-1a0ic/



Designing model architecture

• Byte pair encoding

• E.g. aaabdaaabac

• Compressed: XdXac

•  X=ZY Y=ab Z=aa 

https://www.linkedin.com/pulse/llm-end-to-end-resources-part-1-

model-architecture-vivek-madan-1a0ic/



Designing model architecture

• Mixture of experts models

https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-mixture-of-experts

Load balancing to prevent bias to one 
expert

Fedus, William, Barret Zoph, and Noam Shazeer. "Switch transformers: Scaling to trillion parameter 

models with simple and efficient sparsity." Journal of Machine Learning Research 23.120 (2022): 1-

39.



Designing model architecture
• Changing positional embeddings

• From fixed sinusoidal to relative embeddings

• RoPE (rotational position embeddings) (used by Llama, Llama2,..)

• RoPE rotates the embedding vector of each token based on its position in the 

sequence. The rotation angle is proportional to the token's position. 

• two tokens with the same relative distance will have the same rotation angle, 

regardless of their absolute position in the sentence.

• Allows to handle longer context length

• Captures relative distance between the tokens encoded

• ALiBi (Attention with linear biases) (used by BLOOM)

• Much simpler – adds a constant bias term to the attention computation



Training Resources/Costs for Foundational Models

• High computational requirements

• Smaller Models (7B and below): A single GPU with 16GB VRAM 

(like an RTX 4080) might suffice.

• Larger Models (13B+): Consider GPUs with 24GB+ VRAM (like 

NVIDIA A100, H100, or RTX 4090).

• Extremely Large Models (175B+): Thousands of GPUs are typically 

required, such as those used for training GPT-3.

• Storage capacity:

• Multiple copies of the whole model in a single storage device is dif ficult

• Distributed inference is needed

• OpenAI’s GPT-3 model, with 175B parameters, requires over 300GB of storage for its parameters

• Bandwidth requirements pos problems

• Energy consumption can be huge

• Cost

• running cost of the chatGPT is around $100,000 per day or $3M per month.

https://neptune.ai/blog/nlp-models-infrastructure-cost-optimization



Training infrastructures

• See report for details:

• Vela architecture

• https://arxiv.org/pdf/2407.05467

Compute node



Deploying model architecture – Inference 
costs
• KV Cache is the dominant factor

https://www.youtube.com/watch?v=80bIUggRJf4



Deploying model architecture

• KV Cache is the dominant factor

https://www.youtube.com/watch?v=80bIUggRJf4



Deploying model architecture

• KV Cache is the dominant factor

https://www.youtube.com/watch?v=80bIUggRJf4



Deploying model architecture

• KV Cache is the dominant factor

https://www.youtube.com/watch?v=80bIUggRJf4



Evaluation benchmarks
• Evaluation on standard benchmarks is critical for 

reporting performance.

• Benchmarks tests for skills:

• language understanding, question-answering, math problem-solving, and 

coding tasks

• Different benchmarks for different model types:

• LLM, VLM, Embedding models, Speech, Video, etc.

• Limitations of LLM benchmarks :

• data contamination

• Training and test on same data

• narrow focus,

•  loss of relevance over time as model capabilities surpass benchmarks.

• Applicability to enterprise situation

MMLU (Massive Multitask Language Understanding) 

benchmark 



Evaluation benchmarks
VLM text generation benchmarks

• Elevator toolkit has 20 datasets for 
VLM embeddings



Reporting performance on benchmarks

• Gives indication of the level of difficulty



Evaluation benchmarks

• Embedding benchmarks
Evaluate on many tasks:
• Entity extraction
• Clustering
• Classification
• Sentence completion
• Question answering
• Retrieval 
• Re-ranking



Evaluating using benchmarks
• Classification Metrics like accuracy. 

• These metrics are ideal for tasks with a single correct answer. 

• Overlap-based metrics

• Lexical matching methods e.g. BLEU, ROUGE

• Semantic scoring methods, e.g. cosine similarity

• Perplexity metrics ->coherence, conciseness, readability

• Functional code quality. 

• Some coding benchmarks, like HumanEval, use unique metrics such as pass@k, which reflects how many generated code samples pass unit 

tests for given problems.

• Fine-tuned evaluator models. 

• The TruthfulQA benchmark uses a fine-tuned evaluator called "GPT-Judge" (based on GPT-3) to assess the truthfulness of answers by 

classifying them as true or false.

• LLM-as-a-judge. 

• MT-bench introduced LLM-based evaluation to approximate human preferences. This benchmark, featuring challenging multi-turn 

questions, uses advanced LLMs like GPT-4 as judges to evaluate response quality automatically.

https://www.evidentlyai.com/classification-metrics/accuracy-precision-recall
https://www.evidentlyai.com/llm-guide/llm-as-a-judge


Preparing model cards and papers

• https://huggingface.co/ibm-granite/granite-vision-3.2-2b

https://arxiv.org/abs/2502.09927

https://huggingface.co/ibm-granite/granite-vision-3.2-2b
https://arxiv.org/abs/2502.09927


Releasing models in open source
• Most popular site is HuggingFace

• It is a git-based repository to track all versions

• Can be done as individual or through an organization umbrella

• Need to clear internal open source processes before upload.

• Models can be used from open source if they are designed for a library that has built-in support. 

• Custom models that use trust_remote_code=True can also leverage these methods.

•  In case your model is a custom PyTorch model, one can leverage the PyTorchModelHubMixin class as it allows to add from_pretrained, 

push_to_hub to any nn.Module class, just like models in the Transformers, Diffusers and Timm libraries. 

• In addition to programmatic uploads, you can always use the web interface or the git command line.

• More details on:

• https://huggingface.co/docs/hub/en/models-uploading#upload-from-a-library-with-built-in-support

• Other open source platforms:

• DeepSeek, Tensorflow, PyTorch, Keras, Scikit-learn

• You can provide training code and inference code or inference only

https://huggingface.co/docs/hub/en/models-uploading
https://huggingface.co/docs/hub/en/models-uploading
https://huggingface.co/docs/hub/en/models-uploading
https://huggingface.co/docs/hub/en/models-uploading
https://huggingface.co/docs/hub/en/models-uploading
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