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Admin

• The midway report is due in one week, on Apr. 21 at 11:59pm. 

• You are allowed to use any free late days you have remaining on this assignment. 

• Your report should contain the sections in the project specs.  

• If you’re doing an empirical project, you should have at least tried to run some experiments. 
It’s ok if you’re still debugging some experiments, but be specific about what kinds of issues 
you’re running into and how you plan to address them. (We can try to help in our feedback on 
Gradescope or in OH.) 

• If you’re using the shared cache, please add this to your .bashrc: `umask 007`. 

• (Or just use your own cache folder, but this may lead to disk space issues if everyone does it.) 

• We’re currently at about 25% usage—we’ll see how things go as the deadline approaches.



Outline

1. Retrieval 
 
 

2. What’s an agent? 
 
 

3. How do agents know when to use the right tools?



Prompting

• In normal prompting, we write a template and put an example into it: 
Please answer this question accurately: 

“What single was Kate Bush’s breakthrough hit in 1978?” 

• Prompting has some problems: 

• Knowledge cutoffs: your model is trained on data only up to a particular date 

• Private data: data stored in private docs not suitable for training on 

• Learning failures: even if a model saw some data, it might not be enough for 
the model to get the right answer



Retrieval

• Idea: supplement the prompt (query) with some dynamically retrieved passages 

• Given a prompt, we retrieve relevant passages, and then read the passages to 
answer the query

Query

Database

retrieve

Query+
read

Reader Answer



Dynamically figures out when 
to search the web (tool use)

Uses a subset of the internet as 
a database of passages it can 
get info from (retrieval)



Common Retrieval Methods

• Sparse retrieval: 

• TF-IDF 

• BM25 

• Dense retrieval: 

• Document-level 

• Token-level 

• Black-box retrieval 

• Cross-encoder reranking



Sparse Retrieval

Sparse retrieval includes classic methods 
like TF-IDF and BM25.

Employs term frequencies and precise word 
matching.

Fast and relatively easy to implement, and 
still makes for very strong baselines.



tf-idft,q = tft,q × idft = log(count(t, q) + 1) × log
N

count(t, d) > 0

TF-IDF

• Idea: express the query  and document  as sparse word frequency vectors; 
retrieve most similar documents based on vector similarities

q di

Each vector entry is a TF-IDF value:  

TF: term frequency - based on count of term  in document  or query .t d q

IDF: inverse document frequency - based on reciprocal count of docs containing term  

Relevance is then: score(q, di) = cos(q, di) = q ⋅ di

|q | |di |



BM25

• The most common sparse retrieval method is BM25. 

• A lot like TF-IDF, but with TF term smoothed 

• Actually a very strong baseline; still widely used today

BM25(q, di) = tf-st,q × idft

BM25(q, d) = ∑
t∈q

count(t, di)

k(1 − b + b( |di |
|davg | )) + count(t, di)

⋅ log( N
count(t, d) > 0 )

: controls importance 
of term frequency
k

: controls document 
length scaling
b



Dense Retrieval
Using Pre-trained LLMs

We can use the representations of LLMs to 
do retrieval!

One common approach: use two encoders (one 
for the query, one for the documents). Given a  
query, retrieve the most similar docs by dot 
product similarity.

Some systems learn embeddings specifically 
for retrieval.



• If we have a labeled corpus of positive and negative examples, we can learn 
retrieval embeddings using a contrastive loss: 

• If you don’t have labels, you could just treat any document containing the answer 
as a positive, and any document not containing the answer as a negative

Dense Retrieval
Using Learned Embeddings

L(q, p+, p−
1 , p−

2 , …) = − log
es(q,p+)

es(q,p+) + ∑n
j=1 es(q,p−

j )

Learn embeddings s.t. retrieving the 
correct passage becomes more likely 
relative to retrieving negative passages



Dense Retrieval
Sampling Negative Documents

⋮

q1 q2 q3 …

1
1

1
1

1
1

1
1

0

0

Problem: this task is 
too easy!

Most documents have 
nothing to do with a 
given query, so the 
embeddings don’t need 
to learn much to do well 
on the task.

Can use BM25 
to retrieve similar 
documents that 
are not labeled with 
1; this is called 
hard negative 
sampling.



Dense Retrieval

• Dense passage retrieval (DPR): learn encoders based on BM25 hard negative 
samples 

• Karpukhin et al. [2020] use two independent BERTs (one for the queries and 
one for the documents) 

• Contriever: unsupervised contrastive learning using two random spans from the 
same document as positive pairs 

• Izacard et al. [2021] use one encoder based on BERT

Representative Methods



Dense Retrieval

Using a single encoder to jointly encode the 
query and document is more accurate, but 
expensive. Used mainly for reranking.

Using separate encoders for the query and 
document is more efficient, but less 
accurate.



Token-level Dense Retrieval

• ColBERT uses contextual embeddings 
of all query and document tokens to 
compute a retrieval relevance score. 

• Very effective, but very 
computationally expensive.



Retrieval Algorithms

• Given a query  large vector database containing  documents, how can we 
efficiently retrieve the most similar documents? 

• Naive approach:  

• There exist sublinear-time methods based on approximate nearest neighbor 
search. 

• You won’t usually need to implement this yourself. Libraries like FAISS and 
ChromaDB can handle this for you.

q D

O( |D | )



End-to-end RAG
We can just use an out-of-the-box retriever and out-of-the-box reader, chain them 
together, and train everything all at once.

Query

Wikipedia

retrieve

Query+
read Language 

Model
Answer

1. Call a retriever to find the top-k 
most relevant passages.

2. Create a prompt that  
includes the query and 
passages.

3. Call an LLM 
on the prompt



• Reader ( ): maximize generation likelihood given single retrieved document 

• Retriever ( ): maximize overall likelihood by optimizing mixture weights over 
documents

θ

ν

pRAG(y |x) = ∏
i

∑
z∈topk(p(⋅|x))

pν(z |x)pθ(yi |x, z, y1:i−1)

End-to-end RAG Training

pν(z |x) ∝ exp(d(z)⊤q(x))

d(z) = encd(z), q(x) = encq(x)

retriever

generator

The retriever probability is just the embedding 
similarity of the retrieved doc and the query



End-to-end RAG Training



Pre-training with RAG

• Retrieve contexts and condition pre-training on these contexts 

• DrQA: retrieve from Wikipedia and train the reader 

• RETRO: pre-train language model with retrieved context 

• Use the whole internet as your database and pre-training corpus!



RAG with Black-box Models



How do we know when to retrieve?

• Always retrieve at the beginning of generation. 

• This is the method used by most RAG systems. 

•  Retrieve several times during generation as needed. 

• Include a special search token in the model’s vocab 

• Search when the model is uncertain 

• Retrieve at every token 

• Find similar final embeddings



Retrieval Tokens

•  Retrieve several times during generation 
as needed. 

• Include a special search token in the 
model’s vocab 

• Toolformer [Schick et al., 2023] uses 
tokens that trigger retrieval (among many 
other tools) 

• Iterative training: generate and then 
identify successful retrievals



What’s an agent?

• People don’t really agree on these criteria, but here are some common ones: 

• Agents are generally able to proactively use tools. 

• Agents generally employ iterative multi-step processes. 

• Agents might have some interaction with the broader world. 

• Examples: 

• An LM that can browse the web is definitely an agent 

• An LM that can search for files on your computer is definitely an agent 

• A RAG model based on LMs is probably not an agent 

• An LM with just complex chain-of-thought is not an agent



What makes for a good agent?

Effective tool use

Environment representation

Environment understanding

Reasoning and planning abilities

Interaction and communication capabilities



Web Agents



Software Agents



What is a tool?

• In the context of LM-based agents, a tool is a function interface to some program that runs 
externally to the LM. The LM generates function calls and input arguments to use the tool. 

• Examples: 

• Using a calculator program to do math 

• Using web search to find information 

• Exerting actions on some external environment 

• Using some external model to handle non-text modalities 

• Things like chain-of-thought are not tools! The model itself does them with its own 
parameters.



Types of Tools



Methods of Tool Use

• To use tools effectively, a model must know some important things: 

• When to switch between text generation mode and tool execution mode 

• How to induce tool use 

• Training with tools 

• Test-time prompting



Tool Tokens

Allegedly the method used by OpenAI models.
Good if you know ahead of time exactly which tools your 
model will have access to.



Prompting for Tool Use

• DocPrompting retrieves code library documentation



Training for Tool Use

• We can filter for tool use cases that successfully increased the probability of the 
correct next token, and use those as training examples.



Tool Induction

Instead of using a preset list of tools, we could have an LM induce tools on the fly!

Wang et al. [2024] instruct models 
to come up with new functions to 
solve particular tasks. These are only 
added to the model’s “toolbox” if 
they improve performance.



Environment Representations

• For an agent to understand an environment, it needs: 

• Tools to access the environment 

• A representation of the environment 

• Methods for understanding and exploration of the environment



Example: Text Worlds

ALFWorld 
[Shridhar et al., 2021]



Example: Web Environments

Challenge: how do we distill 
extremely verbose webpage 
source to just the most 
important details needed 
to engage with/do tasks on 
these webpages?



Environment Understanding

• Models don’t know everything about the environments they’re interacting with 

• Some knowledge is in the LLM parameters (e.g., coding, navigating popular 
websites seen during pre-training) 

• Other info needs to be given to the models at inference time.



Environment Prompting

• Can manually craft prompts that give directions about the environment 

• e.g., Sochi et al. [2023] use this prompt for web navigation:



Prompt Induction

[Wang et al., 2024]:
Remember successful 
workflows and 
prompt models 
with them.



Environment Exploration

• Can design rewards for agents for exploring the environment 

• Like a “curiosity” reward 

• We can use RL and increase rewards when the model enters parts of a state 
space that are not predictable [Pathak et al., 2017]



Error Identification and Recovery



Multi-agent Systems

• We can have multiple agents that interact with each other! 

• Why would we want to do this? 

• Specialization: Some agents are better than others at certain tasks 

• Redundancy: Can help with security/safety/robustness 

• Simulation: Can help simulate human interactions 

• Reasoning: Can help with things like planning/reasoning



Multi-agent Debate



Multi-agent Debate

Works well on 
many tasks, 
but uses many 
tokens.

Can be 
expensive 
when using 
proprietary 
models.



You can shove these agents into a single LLM, and it often does better while using 
way fewer tokens! [Yi et al., 2026]



Some Crazier Applications

• An agent-only forum 

• A case study in giving 
agents full access to a 
lab’s communications, 
files, and the internet: 

[Shapira et al., 2026]: 
Agents of Chaos

Moltbook



LLM Agents in the News



Simple Alternatives to Using Agents

• Agents are extremely difficult to get right; lots of moving parts; lots of compute 
needed. 

• Here are some alternatives that often work just as well and are easier to set up: 

• Use a more descriptive prompt 

• Use retrieval 

• Switch between LLMs using model routing



Summary

• Agents are systems that (usually) have some interaction with some external 
environment, and that (usually) have access to some external tools. 

• Tool use, environment understanding and exploration 

• One of the most common tools is retrieval, where an LLM (or reader) can 
dynamically select what text to include in its prompt before generation. 

• Retrieval-augmented generation 

• Surprisingly simple baselines are still quite competitive!


