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Outline

1. Retrieval Augmented Generation
◦ Improve performance by ingesting domain knowledge into LLM parameters 

2. AI Automation 
◦ Teaching LLMs to perform Tool-Calling: Challenges and Directions
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◦ Improve performance by ingesting domain knowledge into LLM parameters 

2. AI Automation 
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Parametric LLMs – amazing creative writers!



Parametric LLMs – Stellar performance in exams!

OpenAI – GPT-4 Technical Report
https://arxiv.org/abs/2303.08774

https://arxiv.org/abs/2303.08774
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Hallucinations



Slide source: https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
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Retrieval Augmented Generation (RAG)



Slide source: https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view

Are these problems 
solved?

https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
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RAG Runtime

Question
LLM Response

Ret. 
Passages

In RAG, retriever failure typically results in 

1. Incorrect/incomplete responses

2. Hallucinations

Retriever Failure



How can we teach LLM a new task/domain?

Quick Detour



1. Prompt engineering using instructions and in context examples

2. Fine tune the entire model on the task data (aka full finetuning)

How can we teach LLM a new task/domain?

Quick Detour



Parameter Efficient Fine Tuning (PEFT)

LLM

LLMLLM

LLMLLM

LLMLLM

QA

Summarization

Classification

Popular Solution: PEFT

1. Require less memory than 
full finetuning

2. Requires less storage than 
full finetuning

We will use LoRA - a specific 
method of PEFT for our 
discussion today.

Quick Detour
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◦ Improve performance by ingesting domain knowledge into LLM parameters 
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Knowledge Ingestion in RAG

31

Ingesting domain knowledge into LLM’s parameters may help improve the 
response correctness when the retriever fails.

LLM

Domain 
Specific

Docs

LLMLLM
Knowledge

Infusion+

KI Training RAG Runtime with KI

LLMLLM Response

Question

Ret. 
Passages



Existing Approaches
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𝒒𝒊 question

𝒂𝒊 answer

𝒒𝒊 + D* + D1 + D2 + … + Dk → 𝒂𝒊 

𝒒𝒊 + D1 + D2 + … + Dk → 𝒂𝒊 



Existing Approaches
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RAG

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

RAFT*

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝒒𝒊 question

𝒂𝒊 answer

𝒒𝒊 + D* + D1 + D2 + … + Dk → 𝒂𝒊 

𝒒𝒊 + D1 + D2 + … + Dk → 𝒂𝒊 

*RAFT: Adapting Language Model to Domain Specific RAG, Zhang et al., COLM 2024



Issues with RAFT
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RAFT

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

Epoch 1

Epoch 2

Epoch 3

Conditional Memorization Bias:

1. The answer 𝒂𝟐 will be memorized, as retrieval failure is 
simulated for the question 𝑞2

2. But the answers 𝒂𝟏 and 𝒂𝟑 may not be memorized as 
retrieval success is simulated for the questions 𝑞1 and 𝑞3 
respectively.



Issues with RAFT
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RAFT

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

Epoch 1

Epoch 2

Epoch 3

Canonical Answer Overfitting:

1. Each question in the fine-tuning dataset is associated with 
only one canonical answer

2. This singular association may lead to learning and 
replicating spurious syntactic patterns



Proposed Approach

36

RAFT

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

Epoch 1

Epoch 2

Epoch 3

Context Augmentation

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝒒𝒊 + D* + D1 + D2 + … + Dk → 𝒂𝒊 

𝒒𝒊 + D1 + D2 + … + Dk → 𝒂𝒊 

Epoch 1

Epoch 2

Epoch 3

Avoids Conditional Memorization Bias 

1Systematic Knowledge Injection into Large Language Models via Diverse Augmentation for Domain-Specific RAG, Findings of NAACL 2025
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RAFT

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑
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Epoch 1

Epoch 2

Epoch 3

Context Augmentation

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝑞1, 𝒂𝟏 𝑞2, 𝒂𝟐 𝑞3, 𝒂𝟑

𝒒𝒊 + D* + D1 + D2 + … + Dk → 𝒂𝒊 

𝒒𝒊 + D1 + D2 + … + Dk → 𝒂𝒊 

Epoch 1

Epoch 2

Epoch 3

Paraphrase Augmentation

𝑞1, 𝒂𝟏𝟏 𝑞2, 𝒂𝟐𝟏 𝑞3, 𝒂𝟑𝟏

𝑞1, 𝒂𝟏𝟐 𝑞2, 𝒂𝟐𝟐 𝑞3, 𝒂𝟑𝟐

𝑞1, 𝒂𝟏𝟑 𝑞2, 𝒂𝟐𝟑 𝑞3, 𝒂𝟑𝟑

Epoch 1

Epoch 2

Epoch 3

Avoids Canonical Answer Overfitting

Avoids Conditional Memorization Bias 

1Systematic Knowledge Injection into Large Language Models via Diverse Augmentation for Domain-Specific RAG, Findings of NAACL 2025
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RAFT
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Context Augmentation
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Epoch 1

Epoch 2

Epoch 3

Paraphrase Augmentation

𝑞1, 𝒂𝟏𝟏 𝑞2, 𝒂𝟐𝟏 𝑞3, 𝒂𝟑𝟏
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Epoch 1

Epoch 2

Epoch 3

Our Approach

𝑞1, 𝒂𝟏𝟏 𝑞2, 𝒂𝟐𝟏 𝑞3, 𝒂𝟑𝟏

𝑞1, 𝒂𝟏𝟐 𝑞2, 𝒂𝟐𝟐 𝑞3, 𝒂𝟑𝟐
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Epoch 2

Epoch 3

Avoids Conditional Memorization Bias 

Avoids Canonical Answer Overfitting Avoids Conditional Memorization Bias
& Canonical Answer Overfitting 

1Systematic Knowledge Injection into Large Language Models via Diverse Augmentation for Domain-Specific RAG, Findings of NAACL 2025



Results
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Infused LLMs with contents from 2 books:
◦ Book 1: Do More with Less: Automating IBMStorage FlashSystem Tasks with REST APIs, Scripting, and Ansible

◦ Book 2: Red Hat OpenShift Container Platform on IBM Z and LinuxONE

Retriever Index Setup:
◦ ~ 70 books (4765 passages)

◦ Used LlamaIndex to parse pdfs into markdown format

◦ Used heuristics to extract chapters.

◦ Each chapter was broken into chunks/passsages of 512 tokens

◦ Added book name, chapter name, and passage number at top of each passage

https://www.redbooks.ibm.com/redpieces/pdfs/redp5736.pdf
https://www.redbooks.ibm.com/redpieces/pdfs/redp5711.pdf


Results

40



Results

41



Issues
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1. Scalability

a. Difficult to ensure synthetic QA covers the entire corpus

b. Generating multiple answers for so many questions further adds to the cost 

2. How to ensure good quality synthetic data?

a. Vanilla synthetic data generation creates a local myopic view of the corpus

 



Issues: local myopic view of the corpus

43



Outline
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◦ Improve performance by ingesting domain knowledge into LLM parameters 

2. AI Automation 
◦ What is Tool Calling?
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1a. Developer specifies a set of tools and the 
user enters a query

What is Tool Calling?



1b. The user enters a query

What’s the status of my payment? My transaction ID is T1001.

What is Tool Calling?



2. Model identifies the tool and its arguments

tool_calls=[ FunctionCall(name='payment_status', 

arguments={"transaction_id": "T1001"}) ]

What is Tool Calling?



3. Runtime executes the tool call to obtain 
tool results

Function Call Output:

{"status": "Paid"}

What is Tool Calling?



4. Model uses the tool call results to 
generate the user response 

Function Call Output:

{"status": "Paid"}

Your transaction with ID T1001 has been paid. Is there anything 
else I can assist you with?

What is Tool Calling?



Outline

1. Retrieval Augmented Generation
◦ Improve performance by ingesting domain knowledge into LLM parameters 

2. AI Automation 
◦ What is Tool Calling?

◦ Teaching LLMs to perform Tool-Calling: Challenges and Directions
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Challenges

1. Multi Step Tool Calling

2. Support for Long Context

3. Lack of License Friendly Datasets for Training

4. Requires Policy Adherence



Summary

1. Retrieval Augmented Generation
◦ Improve performance by ingesting domain knowledge into LLM parameters 

2. AI Automation 
◦ Teaching LLMs to perform Tool-Calling: Challenges and Directions
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