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A bit about me:

● Previously worked on 
recommendation systems at 
YouTube

● Working on data and 
environment curation for 
post-training at Bespoke Labs

● Love good tea & coffee — let 
me know if you have 
suggestions :)
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Motivation - Why Environments

Environments are simulations of 
real-world scenarios.

They allow agents to be stress-tested 
for and trained on a given task 
distribution before real-world 
deployment.



Motivation - Why Reinforcement Learning (RL)?

Supervised fine-tuning required 
explicit demonstrations to be 
provided.

Demonstrations are really hard to 
write manually from scratch for 
agents!

Reinforcement learning allows 
agents to improve on a task 
without explicit demonstrations.

Example of an agent trajectory



Anatomy of an RL Environment
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Anatomy of an RL Environment: Hello World

��
LLM

��
Tools

�� 
State

👱
User

��
Grader

Write “Hello World” to 
/root/hello.txt

{“name”: “bash”, 
 “cmd”: “cat ‘Hello World’ > 
/root/hello.txt} 

Execute bash 
command 

Command executed 
successfully

{“result”: “Command 
successful”}

Task done!

File /root/hello.txt 
exists and content is 

‘Hello World’ ✅.
Reward: 1.0.



Question for the audience

Are there are any tasks you want do with LLMs that can be formulated as 
environments?  



Types of Environments

Function calling (τ-Bench, BFCL)

Tools: Domain-specific tools

User: Hard-coded request or simulated user

State: In-process database

Grader: Database state checker

  

Figure from τ-Bench paper 

https://arxiv.org/abs/2406.12045
https://gorilla.cs.berkeley.edu/leaderboard.html
https://arxiv.org/abs/2406.12045


Types of Environments

Search & Browsing (Deep Research, 
BrowseComp, Humanity’s Last Exam)

Tools: Search, Web Browsing

User: Task description

State: Search Index, Internet

Grader: Rubrics, Reference answers

OpenAI Deep Research

https://openai.com/index/introducing-deep-research/
https://openai.com/index/browsecomp/
https://agi.safe.ai/


Types of Environments

Terminal Tasks (Terminal-Bench, SWE-Bench)

Tools: Terminal

User: Task instruction

State: Virtual machines

Grader: Evaluation of VM state

  

https://www.tbench.ai/
https://arxiv.org/abs/2310.06770


Types of Environments

Computer Use (OSWorld)

Tools: Keyboard and mouse (via PyAutoGUI)

User: Task instruction

State: Virtual machines

Grader: Evaluation of VM state

  
Figure from OSWorld paper 

https://arxiv.org/abs/2404.07972
https://arxiv.org/abs/2404.07972


What makes a good RL environment?

Realism The environment closely resembles a real-world task.

Cheating Proof The environment’s grader must ensure that the model does not cheat.

All Requirements 
Tested

All of the requirements in the instruction are tested by the grader.

All Tested Behaviors 
Specified  

All of the behaviors tested in the grader are described in the instruction. 

Not Too Easy RL will not learn from a tasks where the model’s success rate is 100%.

Not Too Difficult RL will not learn from a tasks where the model’s success rate is 0%.

Reproducible The environment must be able to start from a reproducible initial state and the 
state transitions & reward distribution must be stationary.



Methods of Environment Curation - Manual

Many benchmarks created environments 
hand-crafted from scratch by domain-expert 
humans.

OSWorld

BrowseComp Terminal-Bench



Methods of Environment Curation - Synthesize from scratch
Environments can be synthesized from 
scratch with LLM data pipelines.

BFCLτ-Bench

https://gorilla.cs.berkeley.edu/leaderboard.html
https://arxiv.org/abs/2406.12045


Methods of Environment Curation - Mining Web Data
For certain domains, many web datasets exist that can be easily converted into environments.

MLE-Bench

https://github.com/openai/mle-bench


Methods of Environment Curation - World-breaking 
Take a system that (1) is working and (2) can be easily verified to work with tests. Break the 
system in way that breaks the tests.

SWE-smith

https://arxiv.org/abs/2504.21798


Methods of Environment Curation - Needle in a Haystack 

BrowseComp

https://arxiv.org/abs/2504.12516


Reinforcement Learning - Setup & Definition

Markov Decision Process (MDP) 
Repeat until st is a terminal state:
● Agent takes action at, conditional on state st 

according to the policy πθ(at|st)
● The environment transitions from state st to st+1 

according to the state transition distribution 
P(st|st+1)

● Agent receives a reward rt(at, st, st+1)

Find the policy πθ that maximizes the total expected 
return Eθ[∑rt]
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πθ

s1

P
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πθ

s2 a2

P
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Reinforcement Learning - Setup & Definition
st   = All the tokens observed by the model up to token t
at    = The LLM’s predicted token at position t+1
πθ  = An LLM with parameters θ
Pt  = The environment’s response at position t+1 (empty if LLM is generating, 
response token otherwise)
rt     = The reward at step t, which is 0 if t is not the final token and equal to   
the grader reward if t is the final token
 
<|im_start|>user
Write “Hello World” to /root/hello.txt<|im_end|>
<|im_start|>assistant

<tool_call>

{"name": "bash", "arguments": {"cmd": "cat ‘Hello World’ > /root/hello.txt"}}
</tool_call><|im_end|>
<|im_start|>user
<tool_response>Tool call successful</tool_response><|im_end|>
<|im_start|>assistant
Done<|im_end|>

a32

s32



Policy Gradient Algorithms - The Theorem

∇θEθ[∑trt] = Eθ[∑t(∑trt)∇θ log πθ(at|st)]

Intuition: 

● ∇θlog πθ(at|st) is the direction of fastest descent for log πθ(at|st), which is the log-probability that the 

next token is at given the current state st

● ∑t(∑trt) is the total return from the entire trajectory

● Total return is negative → decrease log probability of at in proportion to the magnitude of the return.

● Total return is positive → increase log probability of at in proportion to the magnitude of the return



Policy Gradient Algorithms - REINFORCE

Insight: policy gradient maximizes the reward → empirically estimate the policy 
gradient and follow it

Repeat

1. Sample batches of b trajectories (s0,a0,r0...,sn,an,rn) from the policy πθ 

2. θ ← θ + ∑b∑t(∑trt)∇θ log πθ(at|st)



Policy Gradient Algorithms - The General Formulation 

All policy gradient algorithms use policy gradient updates, but with different ways 
to compute the magnitude Ψt

From Schulman et al 2016

https://arxiv.org/abs/1506.02438


Policy Gradient Algorithms - GRPO 
1. Prevent large abrupt updates

2. Account for differences between 
trained model and 
inference model

3. Baseline and 
normalize policy update 
magnitude based on the 
empirical distribution



Reinforcement Learning for Agents - What’s Different? 

Policy Gradient Algorithm

1. Sample batches of b trajectories (s0,a0,r0...,sn,an,rn) from the policy πθ 

(LLM + agent harness) and the environment P

2. θ ← θ + ∑b∑t(∑trt)∇θ log πθ(at|st)



Reinforcement Learning for Agents - Challenges

Trainer Inference

Environment
(NEW)

AgentEnvironments are a new 
infrastructure component to manage.

Many environments require us to spin 
up a VM / Docker instance to execute 
tools.

Now we need to manage multiple 
VMs/Docker.



Reinforcement Learning for Agents - Challenges

The same model can 
perform differently in 
different agent harnesses.

This opens up another set of 
variables to account for 
during training, e.g. we might 
need to co-train the model 
with our intended harness.

Terminal-Bench 
leaderboard



Reinforcement Learning for Agents - Challenges

Agent trajectories can easily involve 
up to 100s of tool calls, quickly 
consuming context length.

This makes both serving and 
training more expensive.

A few turns in a long agent trajectories



Reinforcement Learning for Agents - Recent Work

Agentic RL in the open is behind compared to agentic benchmarks. While widely 
applied in close-sourced labs, very few details are disclosed in the open. Some 
works with detailed recipes and datasets:

● Improving Multi-Turn Tool Use with Reinforcement Learning: 
https://www.bespokelabs.ai/blog/improving-multi-turn-tool-use-with-reinforcemen
t-learning

● Search-R1: https://github.com/PeterGriffinJin/Search-R1 
● DeepSWE: 

https://pretty-radio-b75.notion.site/DeepSWE-Training-a-Fully-Open-sourced-St
ate-of-the-Art-Coding-Agent-by-Scaling-RL-22281902c1468193aabbe9a8c59bb
e33

https://www.bespokelabs.ai/blog/improving-multi-turn-tool-use-with-reinforcement-learning
https://www.bespokelabs.ai/blog/improving-multi-turn-tool-use-with-reinforcement-learning
https://github.com/PeterGriffinJin/Search-R1
https://pretty-radio-b75.notion.site/DeepSWE-Training-a-Fully-Open-sourced-State-of-the-Art-Coding-Agent-by-Scaling-RL-22281902c1468193aabbe9a8c59bbe33
https://pretty-radio-b75.notion.site/DeepSWE-Training-a-Fully-Open-sourced-State-of-the-Art-Coding-Agent-by-Scaling-RL-22281902c1468193aabbe9a8c59bbe33
https://pretty-radio-b75.notion.site/DeepSWE-Training-a-Fully-Open-sourced-State-of-the-Art-Coding-Agent-by-Scaling-RL-22281902c1468193aabbe9a8c59bbe33


Looking Ahead
A proxy for the economic value of a task is how long it takes for a human expert to 
complete that task.

How do we build agents that can autonomously complete tasks that would take a 
human experts hours / days / months to complete?



Looking Ahead

A simple roadmap

Step 1: Create tasks that take hours / days / months to complete

Step 2: Use reinforcement learning to improve the agent on these tasks

 



Looking Ahead

Step 1: Create tasks that take hours / days / months to complete 

Challenge: The longer a task takes, the more complex the state space of its 
environment and the more difficult it is to create a reproducible sandbox around it, 
e.g. simulating a business requires simulating with a dizzying array of software 
tools, a complex and constantly changing supply chain and customer preferences.



Looking Ahead

Step 2: Use reinforcement learning to improve the agent on these tasks

Challenge: The feedback from RL gets sparser as the horizon gets longer.

Credit assignment problem: If you made ~1,000s of decisions and succeeded, 
how much credit should you assign each to each of these decisions?

Andrej Karpathy: “sucking supervision through a straw”  



Thank you!


