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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

o

User LLM Tools State

Grader



Anatomy of an RL Environment: Hello World

Write “Hello World” to {"name”: "bash”, '
/root/hello. txt cmd”: “cat ‘Hello World’' >

/root/hello.txt}

(@ -. ) -
A —
User LLM Tools
Task done! {“result”: “Command

successful”}

Execute bash
command

_—

-—

State

Command executed
successfully

File /root/hello.txt
exists and content is
‘Hello World’ [%4.

Reward: 1.0. Grader



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 (1-Bench, BECL)

Tools: Domain-specific tools
User: Hard-coded request or simulated user
State: In-process database

Grader: Database state checker

DX PoeXx P

My mobile data is not working.

Could you check your status bar?

user_tools.get status_bar()

User
Read Tool

©o
BOT

Status Bar: £* Excellent | 5G|  Tool Return

8 Data Disabled | 1 80%

Seems that my data is disabled.

Message

Could you enable your data
by toggling the data?

user_tools.toggle data()

Mobile Data is now ON.

Figure from 1-Bench paper

User
Write Tool

Message

©o
BOT

Tool Return


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

Types of Environments

ChatGPT 5 v &, Share - Activity 29 Sources
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in the US from B2B Saa$ (primarily), B2C, e-commerce, and CPG companies who are WIS
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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

Demo

Toot@a3eadt4d67b6: /app# apt-get update & apt-get install -y git python3:

3 on/ubuntu noble InRelease [256 KB]
http://security.ubuntu.con/ubuntu noble-security InRelease [126 KB.
http://security.ubuntu.con/ubuntu noble-security/multiverse and64 Packa

4 nttp://archive.ubuntu.com/ubuntu noble-updates InRelease [126 k8]
15 nttp://s tu.com/ubuntu noble-security/restricted and6d Packa
/ubuntu noble-backports InRe: [126 k8]
http://archive.ubuntu.com/ubuntu noble/universe and64 Packages [19.3 ME
ecurity.ubuntu.con/ubuntu noble-security/main amds4 Packages [1
19 nttp://security tu.con/ ty/universe and64 Package
110 http://axchive.ubuntu.con/ubuntu noble/restricted and64 Packages [117
11 http://azchive.ubuntu.con/ubuntu noble/multiverse and64 Packages [331
112 http://archive.ubuntu.com/ubuntu noble/main and64 Packages [1808 kB]
13 http://archive.ubuntu.con/ubuntu noble-updati
114 nttp://azchive.ubuntu.con/ubuntu noble-updates/multiverse amd64
+15 http://azchive.ubuntu.con/ubuntu noble-updates/main amd64 Packa
16 http://archive tu. con/ut tes/restricted amds4
117 http://archive t t ackports/universe and64 Pa
18 http://archive com/ubunt: /main and64 Packag
Fetched 30.0 MB in 4s
Teading package lists

Instruction

Agent Details

State Analysis

The terminal is at a shell prompt as root in /app.
No prior setup for a git server or webserver is
evident yet.

Explanation

First, install git and a simple webserver (e.g.,
nginx or python3) if not present. Then, create the
directory structure for the git bare repository that
will serve as the remote. This will allow future
configuration steps like post-receive hooks to
update the webserver content upon git push.

Commands
apt-get update & apt-get install -y git python3
B ng Til t: 120s

mkdir -p /git/server & cd /git/server & git init —b
are

Bl

Configure a git server so that I can run on my computer

git clone user@serve: git/server
echo "hello world" > hello.html
git add hello.html

git commit -m "add hello.html"
git push origin master

And have this data then be pushed to a webserver running on port 8080 so if I run

curl http://server:8080/hello.html
then I see the output "hello world".

I'11 setup login with the server to work, you don't have to worry about th:



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

Task instruction |: Update the bookkeeping sheet with my recent transactions over the past few days in the provided folder.

Figure from OSWorld paper


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

What makes a good RL environment?

Realism
Cheating Proof

All Requirements
Tested

All Tested Behaviors
Specified

Not Too Easy
Not Too Difficult

Reproducible

The environment closely resembles a real-world task.
The environment’s grader must ensure that the model does not cheat.

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

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

RL will not learn from a tasks where the model’s success rate is 100%.
RL will not learn from a tasks where the model’s success rate is 0%.

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.

IV MMUIL AU UMMM S UDA ML) WAV MMM 1TV WAUU MMM o LADIAU AL UAAE VAW W UMAILG DML AUL AW s wUse s

on Windows. Overall, it takes 9 computer science students (all student authors) over 3 months,
consuming approximately 1800 man-hours (650 hours on single-app tasks, 750 hours on workflow
tasks and 400 hours for double-checking).

OSWorld

The BrowseComp dataset was collected purely by human trainers. The instructions of BrowseComp
largely followed those of SimpleQA (Wei et al., 2024)—the human trainers created challenging, fact-
seeking questions with single, indisputable, short answers that would not change over time and were
supported by evidence. The key properties of BrowseComp are described below.

BrowseComp

Contributors

Thonas Walshe

Martanna Nezhurina

Zizhao Chen

Yiging Liang

Changzhi Zhou Dav

John Yang Junhong Lin

Nog

Vi

Terminal-Bench

Guanghao Ye
Jenia Jitsev

Zhived Xu

Leon Liangyu Chen




Methods of Environment Curation - Synthesize from scratch

Environments can be synthesized from
scratch with LLM data pipelines.

T-bench defines domain-agnostic environment and user simulation classes shared by various domains,
and domain-specific data in terms of database JSON files, database API Python code and documenta-
tion, domain policy text, and task instances. Each domain is created in a three-stage approach with a
mix of LM and code runs, and human labeling and checking.

Stage I: Manual design of database schema, APIs, and policies. We start by co-designing the
simplest possible database schemas, APIs, and policies with inspiration (and simplification) from their
real-world counterparts. Simplicity is important for the logical consistency of various components
and the ease of API and task annotation. Still, a minimally realistic domain requires at least tens of
schemas, APISs, rules, and turns out to be challenging enough for existing agents. See § B.1 for more.

Stage II: Automatic data generation with LMs. Once the data schema is set up, we create an
example entry and use gpt-4 to generate a systematic code snippet to sample scalable entries, and
manually polish minor bugs in the code. See § B.2 for an example snippet and more details.

Stage III: Manual task annotation and validation with agent runs. Here, the key challenge is
to ensure the user instruction leads to a unique database outcome. For example, if the preferred
payment method is not specified, the user might answer differently and cause the final database to be
different across trials. So we write an initial user instruction, run a trial with gpt-4-turbo function
calling agent, polish the user instruction by examining the trajectory, and do this iteratively until
we are certain no ambiguities exist (see Figure 7 in § A, where we run each 7-retail task with > 40
gpt-4-turbo trials and check all tasks with zero or low success rates). We can copy and edit agent
actions and outputs for ground truth annotation, which is easier than annotating from scratch.

1-Bench

API Source Code Creation

Custom API
Codebase
Primary Domain APls. Icvoss-luncunna\ APIs

Apply AP design
principles

Develop Unit Tests

Graph Edge Construction

Construct API
Dependency Graph

BFCLV3 N

API Source Code

2 2\ 2 2
Questions Function AP! Initial Qround
Lt Configs Trajectories

Data Collection

1

Task Generation

Sample from API
Dependency Graph

Set AP Inital
Configurations

User Queries (..

Function (i.e.Tool)
Questions) Lists

|

Human Labeling

Review Generated
Eval Data

Label Ground Truth
Trajectories

=
BFCLV3

Eval Data
Entries

BECL



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.

- Agent
Competition Dataset
Description sample_submission.csv

Train a model to

achieve the highest
accuracy....

Debug Create submission

|
|
|
|
Fhinking
train.csv test.csv I W@ 'hinking...
|
|
|
|
|
|

MLE-Bench

Score 4 *
63.4% ‘ +— Grader

|
|
|
|
I
|
Train model Test model |
I
I
|
|
I
|
|

Figure 1: MLE-bench is an offline Kaggle competition environment for Al agents. Each competi-
tion has an associated description, dataset, and grading code. Submissions are graded locally and
compared against real-world human attempts via the competition’s leaderboard.

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.

[ Real Repositories & Environment Creation & Task Gen. Strategies 5 New Task Instances
<> Source Code ( ) &5 Environment Ima,
ge
R 3 SWE-agent « Procedural L4
. e N Modification ;
B tests/ [ setuppy Attempts to install the repo ©® Synthetic Tasks
and execute tests )

EJ Unit Tests v 2 ( f LM Generated ) 2 | {2 GeneratedIssue
tests/test_api.py Ve N g
tests/test_auth.py a Developer ( + Combine BUgS ) rx Bugged Fatch =
tests/test_client.py Writes Dockerfile based on L_:] Verified Tests % 2

_ 7 : : X v9
tests/test_utils.py SWE-agent work ) ( [J PR Mirroring )

Figure 2: SWE-smith creates training data for software engineering agents by crafting bugs
into real codebases. Given a codebase, we employ several strategies to create task instances
that break existing tests. Using SWE-smith, we create 50k+ task instances with execution
environments from 128 real world repositories.

SWE-smith


https://arxiv.org/abs/2504.21798

Methods of Environment Curation - Needle in a Haystack

Easy to verify, but hard to solve. To create challenging questions, we encouraged trainers to
start with a fact, and then create an inverted question, where the answer is hard to find but easy to
verify. Trainers typically started with a “seed” (could be a person, event, or artifact), found several
characteristics with a large search space, and created a question from them. The exemplar question
we gave them was:

What’s the title of the scientific paper published in the EMNLP conference between 2018-
2023 where the first author did their undergrad at Dartmouth College and the fourth
author did their undergrad at University of Pennsylvania? (Answer: Frequency Effects on
Syntactic Rule Learning in Transformers)

In this example, it’s easy to verify the answer with just a few web searches, but it is much harder
to find the answer, as a brute-force search would require examining thousands of papers, and looking
into the backgrounds of the authors for each of them.

BrowseComp



https://arxiv.org/abs/2504.12516

Reinforcement Learning - Setup & Definition

Markov Decision Process (MDP)
Repeat until s, is a terminal state:

e Agent takes action at, conditional on state st
according to the policy m(a/s,)

e The environment transitions from state s to s, ,
according to the state transition distribution
P(St|St+1)

e Agentreceives areward r(a, st, st+1)

Find the policy 1, that maximizes the total expected
return E[>r]



Reinforcement Learning - Setup & Definition

s, =All the tokens observed by the model up to token t
a, = The LLM's predicted token at position t+1
M, =An LLM with parameters 6

P, = The environment’s response at position t+1 (empty if LLM is generating,
response token otherwise)

r. =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]|> 332
<|im_start|>assistant

<tool_call> 6332

{"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|>




Policy Gradient Algorithms - The Theorem

VoEel2n] = Egl2,(2r) V4 log Tg(as,)]

Intuition:
e V. ogT(als,)is the direction of fastest descent for log 1.(a[s,), which is the log-probability that the
next token is a, given the current state s,
e > .(2r) s the total return from the entire trajectory
e Total return is negative — decrease log probability of a, in proportion to the magnitude of the return.

e Total return is positive — increase log probability of a, 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 (so,ao,ro...,sn,an,rn) from the policy A

2. 80+ 50 r)V, logmals,)



Policy Gradient Algorithms - The General Formulation

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

Policy gradient methods maximize the expected total reward by repeatedly estimating the gradient
g:=VeE[} 2 o T't]- There are several different related expressions for the policy gradient, which
have the form

g=E|> ¥, Vylogmp(as|ss)|, (1)
t=0

where ¥; may be one of the following:

1. Z;’i o T¢: total reward of the trajectory. 4. Q™ (st,at): state-action value function.
2. oo, ry: reward following action ay. 5. A™(s,ay): advantage function.
3. Yo, Te — b(s:): baselined version of

previous formula. 6. 7+ + V™ (st41) — V™ (s¢): TD residual.

From Schulman et al 2016



https://arxiv.org/abs/1506.02438

Policy Gradient Algorithms - GRPO

1. Prevent large abrupt updates

Jarro(0) = E[q ~ P(Q), {oi}iL; ~ 76,,(0|q)] / \

—Z( i 220009 g 2Dy 4 o) - s ol

9,4 (Ol |q) P 7o, (Oi |q)
2. Account for differences between

trained modeland D, (7t6||7tref) =
inference model

ﬂ'ref(oilq) 1 ﬂ'ref(oilq)
g (0ilq) g (0ilq)

where ¢ and B are hyper-parameters, and A; is the advantage, computed using a group of
rewards {ry,r,...,rg} corresponding to the outputs within each group:

- 1/ (2)

- mean({rl, L T rG})

ri
A = .
. std({r1,r2, - ,76}) T

(3)

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 (so,ao,ro...,sn,an,rn) from the policy A
(LLM + agent harness) and the environment P

2. 80+ 50 r)V,logmials,)



Reinforcement Learning for Agents - Challenges

Environments are a new 4 Agent N\
infrastructure component to manage.

Many environments require us to spin Trainer Inference
up a VM / Docker instance to execute

tools.

Now we need to manage multiple \ ‘
VMs/Docker.

Environment

(NEW)




Reinforcement Learning for Agents - Challenges

The same model can
perform dlfferently In Ante claude-sonnet-4-5 A0 s Let Anthropic 60.3%= 1.1
different agent harnesses. s e paetony e oo

Droid claude-sonnet-4-5 2025-09-29 Factory Anthropic 57.5%+ 0.8

0B-1 Multiple 2025-09-10 OpenBlock Multiple 56.7%+ 0.6

This opens up another set of 2025.60%  Antioe Labe e o
variables to account for
during training, e.g. we might s e
need to co-train the model e sione o
with our intended harness. e e

DeepAgent Desktop claude-sonnet-4-5 2025-10-17 Abacus.AI Anthropic 50.5%+ 0.

Warp Multiple 2025-06-23 Warp Anthropic 52.0%+ 1.

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:

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

t-learning
e Search-R1: https://github.com/PeterGriffindin/Search-R1
e DeepSWE:

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

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!



