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Large Language Models are 
everywhere



NLP Benchmarks





LLMs can also enhance 
autonomous agents



What is a language agent?

Language model = probabilistic 
model of text 

What does it provide? 

Language agent 

An agent that can understand and 
generate language

Several ‘language agents’ in this room!



> Pick up the red 
block on top of a 

green one 
OK.

SHRDLU 

(Winograd, 1968)

> How many red 
blocks are there? 

- THREE OF THEM

• Rule-based, requiring extensive programming 

• Limited domain



Statistical Learning

Semantic parsing 

Convert language into structured 
programs 

Execute programs to get actions 

Parsing and executor modules 
usually separate

(Artzi and 
Zettlemoyer, 

2013)

(Liang, 2016)



Deep RL for language agents

Learn both language 
comprehension and 
decision making together 

Neural networks to map text 
(input) to actions (output) 

But language understanding 
remained the bottleneck



What do modern language models provide?

LLMs have brought new levels of language understanding and human-AI 
communication 

A. They are better at understanding language inputs 

B. They can generate ‘structured’ information well (e.g. code, actions)  

C. They can even generate useful intermediate unstructured information (e.g. 
reasoning in natural language) 

A+C -> chain of thought reasoning (Wei et al., 2022) 

A+B -> LM for RL approaches like CALM (Yao et al., 2020), SayCan (Ahn et al., 2022)



Language Models for Decision Making

• Want: A good prior for action 
selection 

• Idea: Train a single language 
model (GPT-2) to generate action 
candidates for any game 

• Actions are subsequently 
reranked by an RL agent using 
game-specific rewards

[Keep CALM and Explore: Language Models for Action Generation in Text-based Games;  
Shunyu Yao, Rohan Rao, Hausknecht, Narasimhan, EMNLP 2020]



SayCan (Ahn et al., 2022)

Language Models for Decision Making



LLMs have brought new levels of language understanding and human-AI communication 

A. They are better at understanding language inputs 

B. They can generate “structured” information well (e.g. code, actions) -> this is what semantic 
parsing aimed to do 

C. They can generate useful unstructured information (e.g. reasoning in NL) 

A+C -> chain of thought reasoning (Wei et al., 2022) 

A+B -> early approaches like CALM (text game playing), SayCan (instruction following for robots) 

A+B+C -> ReAct (Yao et al., 2023)

What do modern language models provide?



Language Models can Reason
Chain-of-Thought prompting (Wei et al., 2022)



SayCan (Ahn et al., 2022)

Language Models can Act

“I’m looking for an X-large, red 
color, woman faux fur lined 

winter warm coat, price under 
70 dollars…”

WebShop (Yao et al., 2022)



Issues with only reasoning/only acting

• Hallucinations, error propagation in chain-of-thought 

• Insufficient generalization/lack of planning for text -> action 

• Lack of access to latest/relevant knowledge



Can we teach LMs to both reason 
and act?



ReAct: Reasoning and Acting with Language Models

• Synergy: reasoning guides acting, acting 
provides additional context to support 
reasoning 

• Advantages:  

• Flexibility (diverse reasoning/decision 
making tasks)  

• Performance (ReAct > Reason/Act only)  

• Alignment (human interpretability, 
diagnosability, controllability)

[Yao et al., ICLR 2023]



The ReAct loop 

• For each observation  along with previous historical context, 

• First produce a Thought  (usually in natural language) 

• Then produce an Action  using context history including  and  (e.g. 
tool call) 

• Environment executes Action  and produces next Observation  

• Repeat

ot

̂at

at ot ̂at

at ot+1



ReAct prompting for Reasoning tasks



ReAct prompting for Reasoning tasks



ReAct prompting for Reasoning tasks



ReAct prompting for Reasoning tasks



ReAct prompting for Reasoning tasks



Results
with PaLM-540B

HotpotQA 
(EM, 6-shot)

FEVER 
(accuracy, 3-shot)

AlfWorld WebShop

Few-shot prompting 28.7 57.1

Reason-only (chain-of-
thought)

29.4 56.3

Act-only 25.7 58.9 45 30.1

ReAct 35.1 64.6 71 40

Previously published 
SoTA

67.5 (using 
~140k samples)

89.5 (using ~90k 
samples)

37 (using ~100k 
samples)

29.1 (using ~90k 
samples) 



Human-in-the-loop revision with ReAct



What about general problem solving?

• Left-to-right one-pass decoding of LLMs 
has flaws: 

• No strategic exploration with lookahead 

• Hallucination + error propagation 

• No backtracking or trying out 
alternative solutions
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Not a new problem in AI; search and planning have been explored for decades!



Tree of thoughts
LLMs for deliberate problem solving

• Use LLMs to: 

• Suggest various paths of 
exploration (with goal in 
mind) 

• Evaluate current sub-paths 
to determine best next step 

• Integrate with classic search 
algorithms like BFS, DFS (or  
even heuristic-reliant ones like 
A*)

GĮŔũƜ

jũƜŔũƜ

GĮŔũƜ

jũƜŔũƜ

ʱÊʲˤGj ʱæʲˤ�ĵÉ

GĮŔũƜ

ˤjũƜŔũƜ

ʱçʲˤ�ĵÉˁ��

ʟʟ ʟʟ

aÊĠĵŗƓŤƆˤſĵŤò

GĮŔũƜ

ˤjũƜŔũƜ

ʱíʲˤÉĵÉˤʱĵũŗŝʲ

ʟʟ

ʟʟ

ʟʟ

ˤˤʝˤƛĎĵũĈĎƜ

)L[�FRORU��E\�<XTLDQ�

0DUN�GLIIHUHQFH�E\�FRORU

GĮŔũƜ

jũƜŔũƜ

GĮŔũƜ

jũƜŔũƜ

GĮŔũƜ

ˤjũƜŔũƜ

ʱçʲˤ�òĦƙˤ�ĵĮŝƓŝŤòĮçƆˤ
ƀƓƜĎˤ�ĵÉˤʱ�ĵÉˁ��ʲ

aÊĠĵŗƓŤƆˤſĵŤò

GĮŔũƜ

ˤjũƜŔũƜ

ʱíʲˤÉŗòòˤĵƙˤ�ĎĵũĈĎŤŝˤʱÉĵÉʲ

ʟʟ

ʟʟ

ʟʟ ʟʟ ʟʟ

ˤˤƛĎĵũĈĎƜ

ʱçʲˤ�ĎÊđĮˤĵƙˤ�ĎĵũĈĎƜˤ
�ŗĵĭŔƜđĮĈˤʱ�ĵÉʲ

ʱÊʲˤGĮŔũƜˁjũƜŔũƜˤ
�ŗĵĭŔƜđĮĈˤʱGjʲ

Tree of Thoughts: Deliberate Problem Solving with Large Language Models (Yao et al., NeurIPS 2023)



Game of 24



ToT for solving crossword puzzles



LLM “brain”

Sensory inputs 
(vision, speech, servo 

measurements)

APIs, Tools, Physical 
actuators

Internal memory/
datastore

External knowledge 
source



Deployment of Agents

AutoGPT
Adept Labs

https://vimeo.com/749413832


Language agents have flaws

[ToolEmu; Ruan*, Dong* et al., 2023]



Key challenges

1) Evaluations 

a) Different from how we’ve built benchmarks for NLP, RL 

b) No longer boundaries between fields 

2) Principled frameworks for agent development 

3) Mechanisms for ensuring safety and trustworthiness 

a) Agents much more powerful and dynamic than static NLP models



Evaluating agents
What are the key requirements?

1. Realistic 

2. Reproducible 

3. Measurable 

4. Scalable 

5. Easy to use 
 



The Web as an Interactive Language Environment

• Both practical and scalable! 

• Scalable: large number of pages 
and transitions, easy to extend to 
new domains and tasks 

• Practical: real-world domains, 
important applications



The Web as an Interactive Language Environment

(World of Bits; Shi et al. 2017)



WebShop
A simulated shopping website environment for interactive agents

• Task: Given an instruction in natural language, navigate through webpages to 
purchase the item with the desired requirements

“I’m looking for an X-large, red 
color, woman faux fur lined 

winter warm coat, price under 
70 dollars…”

(Yao et al., NeurIPS 2022)



WebShop in a browser



Sim-to-real Transfer
• Deploy models trained on WebShop directly to amazon.com and ebay.com 

• Promising transfer to real websites despite differences in products and search engines 

ebay.com

http://amazon.com
http://ebay.com


WebArena (Zhou et al., 2023)

Mind2Web (Deng et al., 2023)



InterCode: an interactive coding test

(Yang et al., NeurIPS Benchmarks & Datasets, 2023)







SWE-Bench: a software engineering benchmark

(Jimenez*, Yang* et al., ICLR, 2024)





Model evaluations

Inherently difficult for LLMs to solve; well suited for agents to provide valuable delta



Key challenges

1) Evaluations 

a) Different from how we’ve built benchmarks for NLP, RL 

b) Mixture of fields 

2) Principled frameworks for agent development 

3) Mechanisms for ensuring safety and trustworthiness 

a) Agents much more powerful and dynamic than static NLP models



Set of rules specifying a precondition + an action 

When a precondition is met, corresponding action can be taken 

Example: String rewriting 

X Y Z —> X W Z 

Can also express entire algorithms (e.g. division by 5) 

*||||| —> |* 

* —> *  (terminal) 

 —> *   (zero)

Production Systems

(Newell and Simon, 1972)



Productions can define agents

• Thermostat controller



Cognitive Architectures build on productions

• Augment productions with: 

• Memory 

• Grounding 

• Decision making procedures 

• Learning mechanisms

SOAR architecture (Laird et al. 1987, Laird, 2022)



Language Models as Production Systems





CoALA: Cognitive Architectures for Language Agents

• Provide a blueprint for 
building robust agents 

• Categorize existing 
systems into a single 
framework 

• Key modules: memory, 
grounding, decision 
making routines, 
learning

(Sumers*, Yao* et al., TMLR 2024)



With great(er) power, comes 
great(er) responsibility



Technical risks

• Agents automate entire chain of 
decisions 

• Any single misstep can have 
repercussions down the pipeline 

• Issues like toxicity, bias have greater 
impact  

• Hallucination issues can lead to 
deleted emails, emptied bank 
accounts, etc.



Societal Risks

• Broader questions around the safe, 
controlled deployment of AI agents 

• Robustness 

• Malicious use 

• Job displacement 

• Existential risk 

• How do we ‘align’ AI models and agents 
with human values?

Language Agents in the Digital World: Opportunities and Risks, Yao and Narasimhan (2023)

(https://princeton-nlp.github.io/language-agent-impact)

https://princeton-nlp.github.io/language-agent-impact


Summary
• Language agents are the next evolution of language models 

• We are closer than ever to the initial dream of holistic artificial intelligence 

• Lines between traditional fields like NLP, RL, CV, cognitive science will become 
blurrier 

• Developing robust, useful agents requires good evaluations, principled frameworks 
and a clear understanding of the risks involved 

• Lots of room for combining ideas from classical AI with modern ML/DL




