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Reminder: Project pitches 
● Sign up by Monday
● Present in class next week
● More details in class Thursday
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Agentic Systems   

Source: Building effective agents 

What are agents?

"Agent" can be defined in several ways. Some customers define agents as fully autonomous 
systems that operate independently over extended periods, using various tools to accomplish 
complex tasks. Others use the term to describe more prescriptive implementations that follow 
predefined workflows. At Anthropic, we categorize all these variations as agentic systems, but draw 
an important architectural distinction between workflows and agents:

• Workflows are systems where LLMs and tools are orchestrated through predefined code paths.
• Agents, on the other hand, are systems where LLMs dynamically direct their own processes 

and tool usage, maintaining control over how they accomplish tasks.

https://www.anthropic.com/engineering/building-effective-agents
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Building Block: The Augmented LLM

Source: Building effective agents 

https://www.anthropic.com/engineering/building-effective-agents
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Workflow: Prompt Chaining 

Source: Building effective agents 

Examples

• Generating Marketing copy, then translating it into a different language
• Writing an outline of a document, checking that the outline meets certain criteria, then 

writing the document based on the outline.

https://www.anthropic.com/engineering/building-effective-agents
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Workflow: Routing  

Source: Building effective agents 

Examples

• Directing different types of customer service queries (general questions, refund requests, 
technical support) into different downstream processes, prompts, and tools.

• Routing easy/common questions to smaller models like Claude 3.5 Haiku and hard/unusual 
questions to more capable models like Claude 3.5 Sonnet to optimize cost and speed.

https://www.anthropic.com/engineering/building-effective-agents
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Workflow: Parallelization (1/2)   

Source: Building effective agents 

Examples: Sectioning 

• Implementing guardrails where one model instance processes user queries while another 
screens them for inappropriate content or requests. This tends to perform better than having 
the same LLM call handle both guardrails and the core response.

• Automating evals for evaluating LLM performance, where each LLM call evaluates a different 
aspect of the model’s performance on a given prompt.

https://www.anthropic.com/engineering/building-effective-agents
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Workflow: Parallelization (2/2)   

Source: Building effective agents 

Examples: Voting 

• Reviewing a piece of code for vulnerabilities, where several different prompts review and flag 
the code if they find a problem.

• Evaluating whether a given piece of content is inappropriate, with multiple prompts evaluating 
different aspects or requiring different vote thresholds to balance false positives and negatives.

https://www.anthropic.com/engineering/building-effective-agents
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Workflow: Orchestrator-Workers   

Source: Building effective agents 

Examples

• Coding products that make complex changes to multiple files each time.
• Search tasks that involve gathering and analyzing information from multiple sources for 

possible relevant information.

https://www.anthropic.com/engineering/building-effective-agents
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Workflow: Evaluator-Optimizer   

Source: Building effective agents 

Examples

• Literary translation where there are nuances that the translator LLM might not capture initially, 
but where an evaluator LLM can provide useful critiques.

• Complex search tasks that require multiple rounds of searching and analysis to gather 
comprehensive information, where the evaluator decides whether further searches are 
warranted.

https://www.anthropic.com/engineering/building-effective-agents
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Workflow: Agents   

Source: Building effective agents 

Examples

• A coding Agent to resolve SWE-bench tasks, which involve edits to many files based on a task 
description;

• Anthropic “computer use” reference implementation, where Claude uses a computer to 
accomplish tasks.

https://www.anthropic.com/engineering/building-effective-agents
https://github.com/anthropics/claude-quickstarts/tree/main/computer-use-demo
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Agent Building Blocks 

● Planning
● Tool Use (incl. web search)

● Reflection
● Memory
● Multi agent collaboration 
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Agent Building Blocks 

  Reflection
○ Self-Refine: Iterative Refinement with Self-Feedback
○ Reflexion: Language Agents with Verbal Reinforcement Learning 

 Tool use
○ Gorilla: Large Language Model Connected with Massive APIs

• Gorilla: Large Language Models Connected with Massive APIs
• Gorilla LLM: Teach LLMs to Use Tools at Scale
• Evals: Berkeley Function-Calling Leaderboard

 Planning 
○ Chain-of-Thought Prompting Elicits Reasoning in Large Language Models
○ HuggingGPT: Solving AI Tasks with ChatGPT and its Friends in Hugging Face 

 Multi agent collaboration
○ ChatDev: Communicative Agents for Software Development
○ AutoGen: Enabling Next-Gen LLM Applications via Multi-Agent Conversation

References

https://arxiv.org/abs/2303.17651
https://arxiv.org/abs/2303.11366
https://gorilla.cs.berkeley.edu
https://www.youtube.com/watch?v=wQl9C3I936Q
https://www.youtube.com/watch?v=iz-ITyzteE8
https://gorilla.cs.berkeley.edu/blogs/8_berkeley_function_calling_leaderboard.html
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2303.17580
https://arxiv.org/abs/2307.07924
https://arxiv.org/abs/2308.08155
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Data Agents 

A data agent is an autonomous or semi-autonomous system 
that:

● Connects to data sources (databases, APIs, files, streams, 
sensors, Web etc.)

● Understands queries expressed in natural language or 
code

● Plans & performs actions such as query decomposition, 
data retrieval, analysis or visualization

● Provides insights or takes decisions based on the data 
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Data Agents Gaining Widespread Adoption

Deep Research Snowflake Intelligence 
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How Do Agents Work? 

GOAL PLAN ACT
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How Do Agents Work Well?

Trustworthy Agents Execute with Goals, Plans and Actions Aligned.
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What is Your Agent’s GPA?

GOAL PLAN

ACT

5. Plan Adherence

3. Execution Efficiency

2. Logical Consistency

4. Plan Quality

4

5
2, 
3

4A. Tool Selection

5A. Tool Calling

1. Goal Fulfillment

1

1A. Answer Relevance
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Homework 1: Build & Evaluate a Data Agent

• Build with LangGraph 
• Background: LangGraph course 

• Evaluate with TruLens

• Walkthrough of Homework 1 notebook 

https://github.com/langchain-ai/langgraph
https://academy.langchain.com/courses/intro-to-langgraph
https://github.com/truera/trulens


LangGraph Agents in Notebook

● Memory
○ Augmented LangGraph State

● Reflection
○ Performed by Executor/Planner

● Tool Use
○ Web Researcher uses Tavily Tool
○ Charting uses Python Tool

● Planning
○ Performed by Planner

● Multi agent collaboration
○ Coordinated through Planner and Executor



Agent Memory for the Example Notebook 

● Global memory
○ User query
○ Available agents
○ Current Plan
○ Replan tracking

● Short Term Memory
○ Current step
○ Agent query
○ Agent selection reason



Who are the founders of TruEra? 2023



Generalization Memorization

This overlap is really murky

AI research 
optimizes LLMs for

And actively 
penalizes



Leave memorization 
to something else

✓ Summarization
✓ Text Embedding
✓ Logical Inference
✓ Planning

MemorizationGeneralization

Focus LLMs on ‘General’ Tasks



LLMs Need a Knowledge Source

Vector Databases



   Embedding

Enter Retrieval Augmented Generation (RAGs) 

Example: Question Answering ChatBot 

Relevant
Chunks

Query
Embedding

     Question?

   Vector DB

   Completion

     Response

          Query +
           Relevant Chunks



How RAGs work

1. Indexing
2. Retrieval
3. Augmentation
4. Generation



How RAGs work: Indexing

The custom data source, which can include documents, articles, databases, and more, is prepared for 
retrieval.

● The documents are first broken down into smaller, manageable "chunks" to fit within the LLM's 

context window during generation.

● An embedding model then converts each chunk of text into a numerical representation called a 

vector embedding. Vector embeddings capture the semantic meaning of the text, so similar 

content will have vectors that are numerically "close" to one another in a multi-dimensional 

space.

● All of these vector embeddings are stored in a specialized database, called a vector database.

● Metadata Association: Each vector is typically stored with an ID that links it back to its original 

chunk and stores additional metadata, such as the source document, date, or other relevant 

information.



How RAGs work: Retrieval

When a user submits a query, the system retrieves the most relevant information from the vector 
database.

● The user's query is converted into a vector embedding using the same embedding model that 

processed the source documents.

● The system then performs a vector search to find the most similar vectors in the database 

based on their proximity to the query's vector.

● The document chunks corresponding to the top-ranking vectors are retrieved



How RAGs work: Augmentation

The retrieved information is used to "augment" the original user query.

● The system creates a new, enhanced prompt for the LLM that includes the user's original 

question along with the retrieved, contextually relevant document chunks.

● This process, sometimes called "prompt stuffing," provides the LLM with the specific, 

factual information it needs to construct an accurate response.



How RAGs work: Generation

The augmented prompt is sent to the LLM, which uses the new information to create a final, detailed, 
and context-aware response.

● The LLM synthesizes its own general knowledge with the retrieved data.

● A key benefit is that RAG systems can also provide source citations, allowing the user to verify 

the information and build trust. 



Hybrid RAG

Cortex Search, Pinecone 



Evaluating RAGs 

Context Relevance
Is the retrieved context 
relevant to the query?

Groundedness
Is the response supported by 

the context?

Answer Relevance
Is the answer relevant to 

the query?

Query

ContextResponse

The RAG Triad



37

Choosing the Right Evals

● Human Evals

● Ground Truth Evals

● LLM-as-a-Judge
● MLM Judge

● Traditional NLP Evals

Meaningful

Sc
al
ab

le
Evals such as 
BLEU, ROUGE are 
too syntactic

MLMs (e.g. BERT) need to 
be fine-tuned to provide 
the right feedback

Ground truth is hard 
to collect at scale

Human evals are 
expensive to collect 
& can have variance 

LLM Judgeshave strong 
agreement with 
human evals but can 
be expensive



Retrieval Failure

TruEra RAG Triad

Query

ContextResponse

Context
Relevance

Groundedness

Answer
Relevance



Lack of Groundedness

TruEra RAG Triad

Context
Relevance

Answer
Relevance

Query

ContextResponse

Groundedness



TruEra RAG Triad

Answering the Wrong Question

Context
Relevance

Answer
Relevance

Query

ContextResponse

Groundedness



Reminder: Project pitches 
● Sign up by Sunday/Monday
● Present in class next week
● More details in class Thursday


