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On Formulating and Evaluating 
Language Agents
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Language Agent

ActionFeedback

Use LLMs to interact with the world



A lot of Papers
● SayCan
● ReAct
● Toolformer
● Generative Agents
● Tree of Thoughts
● ……

A lot of Products
● ChatGPT plugins
● Windows copilot
● Perplexity search
● LangChain
● Adept ACT-1
● ……

A lot of Terms
● Language agent
● LLM-empowered agents 
● LLM powered autonomous agents
● Language enabled agents
● LLM based agents
● ……

A lack of Theories
● What defines “language agent”?
● How to unify existing efforts?
● What is lacking?

A lack of Benchmarks
● NLP tasks? (too easy to solve?)
● Robotics tasks? (too hard to set up?)
● Evaluation? (too noisy and subjective?)



Part 1. Formulation



Language Agent

ActionFeedback

?



ReAct (Yao et al., 2022)

LM Env

Actions

Observations

Reasoning 
Traces



Voyager (Wang et al., 2023)



Generative Agents (Park et al., 2023)



How to make sense of Language Agents?

LLM
reasoning

acting

Prompt engineering

environment grounding

web

coding

planning Decision 
making

Control flow
memory

retrieval

self-reflection

feedback

robotics
multi-agent……

……

……

……



How to make sense of Language Agents?
Circuits



Von Neumann architecture makes sense & guides building of circuits.



How to make sense of Language Agents?

A system architecture, with LLM as a component
(computer architecture, with CPU as a component)

● History: What’s cognitive architecture?
● Analog: Why it’s related to language agents?
● Framework: How to formulate language agents via CoALA?
● Insights: Future directions through CoALA?



1900-1950: Production System Theorized

● Symbol manipulation formalizes math, logic, and computation
● Production system formalizes symbol manipulation: 

○ a set of precondition → action rules X Y Z → X W Z
○ Also used to explain language & cognition



1950-1980: Production System Implemented

● Symbol manipulation -> Physical symbol system

● Usage towards real-world applications
○ Interact with the world → IO devices
○ Many possible actions → Priorities over fired rules
○ Complicated information → Memory mechanisms
○ …



Production System -> Cognitive Architectures

Issue: world is…
● Complex: too many rules
● Stochastic: rules can be fragile



2015 - 2022

OutputInput

LMs are like large, implicit production systems

Issue: world is…
● Complex: too many rules
● Stochastic: rules can be fragile



2022 - 2023

Language agents can be guided by Cognitive Architectures!



1. Memory
2. Action
3. Decision

The CoALA framework



1. Memory

Long-term memory
1. Episodic (experience)
2. Semantic (knowledge)
3. Procedural (LLM, code)

Short-term working memory
● Information for the 

current “decision cycle”



2. Action Space

● A language agent is defined with an action space
○ External actions interact with external environments (grounding)
○ Internal actions interact with internal memories

■ Reasoning: read & write working memory
■ Retrieval: read long-term memory
■ Learning: write long-term memory



3. Decision Making

● A language agent chooses actions via decision (making) procedures
○ Split taken actions into decision cycles
○ In each cycle, plan then execute a learning/grounding action

■ Planning: use reasoning/retrieval to propose/evaluate actions
■ Execution: apply the learning/grounding action



That’s it, basically.



Make Sense of (Existing) Language Agents



Make Sense of (Existing) Language Agents



Make Sense of (Existing) Language Agents

Learn = Write long-term memory
● Unify various things



Guide Building of (Future) Language Agents

Learn = Write long-term memory
● Unify various things
● Reveal lots of gaps



Guide Building of (Future) Language Agents

1. Prompt engineering
2. Retrieval corpora
3. In-context learning, finetuning
4. External actions, tools

1. Working memory & reasoning
2. Long-term memory
3. Learning
4. Action space

1. Systematic prompting & parsing (e.g. OpenAI function calls, Guidance, …)
2. Writing to memory, beyond just retrieval (e.g. Reflexion, Generative Agents, Voyager…)
3. Various learning understudied (meta-prompt, update code, unlearn, mixed learning)
4. Synergizing effects & safety analysis via action space



Read the paper for much more information!

🐨 CoALA:
● Agent = LLM + Memory + Code
● Memory = episodic / semantic / procedural (stores LLM+code)

● Code = decision / action procedures
● Action = grounding / reasoning / learning / retrieval

● New techniques can fix old issues
● Old insights can guide new development



Part 2. Evaluation



0. easy to solve, easy to evaluate
1. easy to solve, hard to evaluate
2. hard to solve, easy to evaluate
3. hard to solve, hard to evaluate

(Most existing NLP tasks are becoming..)
(Open-ended Text Generation)
(Games; Coding?)
(Most recent agent tasks?)

Evaluation of Language Models

Easy to evaluate: cheap, fast, consistent, (not too subjective)



Evaluation: how to be cheap, fast, yet high-quality?

LM Evaluation
😰 Not High-quality (yet): hallucinations
😃 Scalable (somewhat): unlimited, but with costs

Human Evaluation
😃 High-quality (esp. if you’re OpenAI): RLHF
😰 Not Scalable (if you’re not OpenAI): expensive 

and slow to collect data

“Rule-based” Evaluation
😃 High-quality: if we leverage domain priors!
😃 Scalable: unlimited, free, fast



0. easy to solve, easy to evaluate
1. easy to solve, hard to evaluate
2. hard to solve, easy to evaluate
3. hard to solve, hard to evaluate

(Most existing NLP tasks are becoming..)
(Open-ended Text Generation)
(Games; Coding?)
(Most recent agent tasks?)

1. Collie: make text generation hard to solve and easy to evaluate!
2. InterCode: make coding interactive
3. WebShop: make web tasks easy to evaluate

Evaluation of Language Models

Easy to evaluate: cheap, fast, consistent, (not too subjective)

Evaluation of Language Agents



Environment: how to be cheap, fast, yet useful?

Physical World / Humans
😃 Practical: robots / chatbots
😰 Not Scalable: expensive and slow to collect data

Digital Simulations / Games
😰 Not Practical: sim-to-real is hard
😃 Scalable: free, unlimited interactions

Digital Applications (Internet, code, software, …)
😃 Practical: important tasks to automate
😃 Scalable: huge scale, rich complexity, free and fast



Overview

1. WebShop🛒 2. InterCode🔄 3. Collie🦮
Task “Find a t-shirt that…” “Remove the file that…” “Write a paragraph that…”

Action Web actions Code as action Text as action

Observation 
feedback

Webpage Code execution result Synthetic constraint 
satisfaction feedback

Reward 
feedback

Attribute rule-based Unit test or file diff Grammar rule-based

https://emojipedia.org/shopping-cart




Constrained Text Generation

● A traditional and important NLP (seq2seq) task: constraints -> text
● Prior benchmarks: fixed constraint type and too simple for LLMs

○ “Generate a sentence with dog, catch, happy.”
● Collie’s goal: 

○ Diverse and arbitrarily hard constraints for LLMs, yet guaranteed to be solvable
○ Automatic task construction + evaluation, without human efforts!
○ Challenge language understanding/generation, semantic planning, 

logical/arithmetic reasoning, …
● Core idea: leverage the infinite expressivity of grammar



Collie: Grammar

● Few core concepts: count, pos, level
● But compositionality yields power
● Easily extensible (e.g. POS, sentiment, topic, …)



Collie-v1: 2,080 Constraints across 13 Types



Task Construction is Fully Automatic

● Human just specify constraint types
● Collie automatically extracts constraint “values” from corpora
● Rule-based instruction rendering and text evaluation (extensible)



Feedback helps!

Many other cool findings in the paper! 





Code Interaction

● Static NL2Code benchmarks: HumanEval, Spider, NL2Bash, …
● But humans code in a fundamentally interactive manner!
● Some interactive/execution-based methods, but no standard benchmark



InterCode Setup

● Standard RL env:
○ Environment: Docker-based 

Python/SQL/bash terminals
○ Action: code command
○ Observation: execution result

● Benefits
○ Safe and reproducible
○ Unlock new tasks (e.g. CTF)
○ Unlock new evaluations (e.g. Bash)
○ Unlock new methods (e.g. 

Plan-and-solve)



InterCode: new methods

● Interactive >> seq2seq 
● Different interactive methods have 

different tradeoffs
● Large room for improvement



Future: Coding -> Software engineering?





Web Interaction

Mini World of Bits: Hand-made “Atari games”WikiNav: Synthetic “Maze games”WebGPT: RLHF



WebShop

Why Shopping?
● Scalable environment: rich dynamics, scalable items
● Scalable task: well-defined problem, possible for automatic reward synthesis
● Interesting challenges: multi-modal understanding, decision making, etc.

https://webshop-pnlp.github.io/assets/static/demo.mp4


Construction

● Scrape 1.18M products from amazon.com, text mine attributes

Orange: hidden from agents!
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● Build synthetic website with aligned text interface



Construction

● Scrape 1.18M products from amazon.com, text mine attributes

Orange: hidden from agents!

● Build synthetic website with aligned text interface
● Human instructions & Automatic reward via product attributes/options/prices/types



Construction

● Scrape 1.18M products from amazon.com, text mine attributes

Orange: hidden from agents!

● Build synthetic website with aligned text interface
● Human instructions & Automatic reward via product attributes/options/prices/types



Sim-to-real transfer (Amazon/eBay)

Learned policy generalizes to different search engine and products



WebShop: Summary

● First large-scale, realistic web interaction benchmark
○ Trending in 2023: WebArena, Mind2Web, …

● Synthetic website provides controlled development, transfers to real websites
● Task priors (self/model-supervision) provides scalable reward

(Individual) Human reward finetuning on top of synthetic reward pre-training? 



Other Recent Benchmarks

WebArena AgentBench 



Summary

● Language agents are a new & different kind of agents that rely on LLM reasoning 
● We have a lot of ideas (and hypes), but we lack theories and benchmarks

○ To formulate language agents, use classical insights from AI and CogSci
○ To evaluate language agents, use real-world interactive tasks  + “good” metrics
○ Where academia could uniquely help 

● Future directions for language agents……
○ Check section 6 of the CoALA paper
○ Chat with me (in the afternoon or email)
○ https://tinyurl.com/shunyu-feedback 

Thanks!

https://tinyurl.com/shunyu-feedback

