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The LLM Stack
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LLM stack — architecture → training → 

alignment → inference → control.



Prompting methods in alignment

• Zero-shot prompting
• Instructional prompting
• Object-guided prompting
• Rule-based filters
• Self-critiques

Efficient prompting methods for large language models: A survey
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Instructional prompting

• Explicitly telling a language 

model 

• how it should behave 

• what task it should perform

• using natural language 

instructions in the prompt

Read the following sales email. Remove any personally identifiable 

information (PII), and replace it with the appropriate placeholder. For 

example, replace the name "John Doe" with "[NAME]".

Hi John,

I'm writing to you because I noticed you recently purchased a new car. 

I'm a salesperson at a local dealership (Cheap Dealz), and I wanted to 

let you know that we have a great deal on a new car. If you're 

interested, please let me know.

Thanks,

Jimmy Smith

Phone: 410-805-2345 Email: jimmysmith@cheapdealz.com

Example

Example from learnprompting.org
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Language models are few shot learners



Thinking exercise

• What is the difference between alignment vs. scaling?

• How is prompting during alignment different from prompting 

during scaling or ICL?

• How come no parameter updates still improve performance?

• Why not lightweight in-context training at inference time?

• How are mixture of expert models different from model 

ensembles?



Why does prompting improves performance?

• Since no LLM parameters are updated, how are we seeing improved performance?

• By prompting, we are selecting and configuring behavior the model already knows how to perform.

• All of the input is used as the context window and the activations are produced through self-attention

• Do we need sample answers if no loss is being minimized as in training?

• Sample answers are needed to affect generation because they shape the hidden representation of the 

sequence prefix, which in turn changes the probability distribution for the next token.

• So is there a guarantee that the machine will understand the examples to produce an 

analogous response?

• Correctness only exists as statistical regularity learned during training. The model is predicting 

continuation given evidence. 

• So there is a statistical guarantee under the training distribution, not a logical one.
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RAG – the formulation
14



15



16



17



18



20



Retrieval by query expansion
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i is the input token, j is the vocabulary 
token



SPLADE model
• Training data: 

• (query q, document+, document-)

• Architecture:

• Encoder

• BERT (or a BERT-like transformer)

• Usually fine-tuned (not frozen)

• Projection / “MLM-style” head

• A linear layer with output size = vocabulary 

size

• Same shape as an MLM head, but not used for 

mask prediction

Contrastive loss

Training loss function



How SPLADE differs from Pure Lexical Search

"neural retrieval models"

Can query expansion be done without SPLADE?
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Cross-encoders for reranking



COLBERT
• ColBERT = late interaction dense retrieval

• Instead of:

• collapsing a document into one vector (dense 

retrievers), or

• collapsing it into one sparse bag of terms (BM25 / 

SPLADE),

• ColBERT keeps a vector per token and lets 

queries and documents interact at retrieval time.

• Each query token gets to look for its best matching 

token in the document.”

Vector per token from BERT contextual 
embedding

Trained similarly to SPLADE for retrieval-
optimized embeddings



Scalable retrieval pipeline
• Retriever

• BM25 / SPLADE / DPR

• Fast, coarse recall

• Top 1k–10k docs

• Refiner

• ColBERT or similar

• Better semantic matching

• Top 100–500 docs

• Cross-encoder (reranker)

• Highest quality

• Top 10–50 docs

Query  Documents
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RAG – newer work
39

GraphRAG also emerging
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Using RAG for healthcare applications
• Diagnostic Assistance

• Similar patient cases

• Retrieve relevant clinical guidelines

• Summarization 

• EMR, discharge notes

• Medical QA

• Patient education chatbots

• Clinical trial matching

• Aligning patient profiles with the eligibility criteria extracted from trial registries

• Retriever identifies protocols, generator generates inclusion and exclusion criteria.

• Biomedical literature synthesis 

• For research purposes



RAG applications in healthcare
42

Retrieval-Augmented Generation (RAG) in Healthcare: A Comprehensive Review

medical reasoning, discharge

planning, and infectious disease support

patient self-management, pre-consult triage, 

mental health screening, telemedicine

specialty decision support, patient-specific 

education, and knowledge reinforcement

using time-series data enhance diagnostic accuracy 

by integrating structured physiological signals into 

prompts

keyword, vector, and graph retrieval with a validated 

knowledge graph using topic-based chunking

and semantic matching

Secure and auditable retrieval in sensitive domains, 

e,g. pediatrics

Second opinions, structured reporting, and 

continuous medical education in complex cases

https://www.mdpi.com/2673-2688/6/9/226


RAG Benchmarks in healthcare
• MedQA (USMLE): 

•  multiple-choice question dataset derived from medical licensing exams, focused on clinical knowledge assessment 

•  PubMedQA: 

• biomedical abstracts paired with yes/no/maybe questions,  requiring grounded reasoning and evidence-based 

answers 

•  MIMIC-IV: 

• de-identified EHR dataset supporting tasks such as summarization, question answering, and document retrieval 

•  MedDialog: 

• multilingual dataset of doctor–patient conversations, suitable for training and evaluating medical dialogue 

systems



RAG challenges in healthcare
• Effective use of clinical knowledge graphs in RAG

• Static versus dynamic RAG 

• updating retrieval indexes for evolving knowledge

• Multimodal integration still not prevalent

• Handling privacy issues

• Domain-specific evaluation metrics

• Clinical workflow integration

• Bias and fairness issues
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