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Abstract

The development of autonomous web agents,
powered by Large Language Models (LLMs)
and reinforcement learning (RL), represents
a significant step towards general-purpose AI
assistants. However, training these agents is
severely hampered by the challenges of inter-
acting with the live internet, which is ineffi-
cient, costly, and fraught with risks. Model-
based reinforcement learning (MBRL) offers a
promising solution by learning a world model
of the environment to enable simulated inter-
action. This paper introduces DynaWeb, a
novel MBRL framework that trains web agents
through interacting with a web world model
trained to predict naturalistic web page rep-
resentations given agent actions. This model
serves as a synthetic web environment where
an agent policy can dream by generating vast
quantities of rollout action trajectories for ef-
ficient online reinforcement learning. Be-
yond free policy rollouts, DynaWeb incorpo-
rates real expert trajectories from training data,
which are randomly interleaved with on-policy
rollouts during training to improve stability
and sample efficiency. Experiments conducted
on the challenging WebArena and WebVoy-
ager benchmarks demonstrate that DynaWeb
consistently and significantly improves the per-
formance of state-of-the-art open-source web
agent models. Our findings establish the viabil-
ity of training web agents through imagination,
offering a scalable and efficient way to scale
up online agentic RL.Our code can be found.1

1 Introduction

The paradigm of artificial intelligence is rapidly
shifting toward proactive, agentic systems that
can autonomously execute complex, long-horizon
tasks in open-ended environments. Large Lan-
guage Models (LLMs) have emerged as a power-
ful backbone for such agents, enabling rich rea-

1https://github.com/jadeleiyu/MBRL-Agent/tree/rllm

Figure 1: Comparison between traditional web agent
training via live web interaction and DynaWeb. By
replacing risky and inefficient real-world interaction
with a learned web world model, DynaWeb enables
imagination-driven training using virtual pages and
dreamed trajectories, optionally augmented with real
expert data, resulting in safer and more efficient agent
optimization.

soning, flexible action generation, and natural lan-
guage interaction. In the web domain, LLM-
based agents have demonstrated strong capabili-
ties in navigating real websites and accomplish-
ing user-specified goals through multi-step inter-
action, fueled by advances in prompting, struc-
tured reasoning, and action abstractions (Yao et al.,
2023; Zhou et al., 2024b; He et al., 2024). Be-
yond imitation learning, recent work has shown
that training web agents with online reinforce-
ment learning (RL) can substantially improve ro-
bustness, exploration, and long-horizon decision-
making, allowing agents to surpass static demon-
strations and adapt through trial-and-error interac-
tion (Wei et al., 2025; Qi et al., 2025; Zhuang et al.,
2025).

Despite its promise, online RL for web agents
remains constrained by the cost and risk of real-
environment interaction. Large-scale on-policy
data collection requires direct live-web interac-
tion, making training inefficient, expensive, and
hard to control. Agents may trigger irreversible
actions, including unintended purchases, account
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changes, or data submissions, while facing non-
deterministic pages, transient failures, and exter-
nal interference. These issues make pure online
RL costly and hazardous for real-world web en-
vironments (Zhou et al., 2024b; Qi et al., 2025).
This raises a key question: how can web agents
retain the benefits of online RL while sharply re-
ducing direct reliance on the live web? A natural
solution is to replace risky real interaction with a
learned, controllable surrogate that approximates
web dynamics. Recent work therefore explores
web world models as learned web-environment
simulators. However, their role remains mostly
auxiliary. Some methods use world models at in-
ference time for short-horizon look-ahead and ac-
tion evaluation, treating them as decision-time rea-
soning tools rather than learning substrates (Gu
et al., 2024; Wei et al., 2025). Others synthesize
offline trajectories for supervised fine-tuning or
imitation-style training, decoupling generated ex-
perience from on-policy optimization (Fang et al.,
2025a; Pahuja et al., 2025). Still missing is an on-
line model-based reinforcement learning (MBRL)
paradigm for web agents, where imagined rollouts
act as first-class experience that directly augments
on-policy policy optimization.

In this work, we revisit classical model-based
reinforcement learning for modern web agents. In-
spired by Dyna (Sutton, 1991) and imagination-
based frameworks such as Dreamer (Hafner et al.,
2020), we propose DynaWeb, an MBRL frame-
work that turns a web world model from a plan-
ning or data-generation tool into a core component
of online RL. DynaWeb uses the world model as a
controllable synthetic web environment to replace
or augment costly real interaction. Specifically,
an LLM-based web world model acts as a learned
web server: given the current page representation
and agent action, it predicts the next page state and
provides task-level feedback for policy optimiza-
tion. By mixing real and imagined experience,
DynaWeb enables scalable on-policy RL through
imagination while retaining the benefits of interac-
tion.

Crucially, DynaWeb uses two complementary
experience sources. Besides policy-driven imag-
ined rollouts from the web world model, it incor-
porates fully real expert trajectories from exist-
ing training data. These trajectories are indepen-
dent of the world model and reflect ground-truth
web interactions. During training, real expert tra-
jectories are randomly interleaved with imagined

rollouts and real on-policy interaction, giving the
agent high-quality demonstrations while without
costly live-web exploration. This simple interleav-
ing strategy preserves the on-policy signal and en-
ables efficient online RL without real-environment
interactions.

Our contributions are summarized as follows:

• We train a web world model that predicts
naturalistic web page state transitions in the
form of structured accessibility tree represen-
tations, enabling realistic simulation of web
environment dynamics without live web inter-
action.

• We show that policy-driven imagined roll-
outs generated by a learned web world model
can be directly used as on-policy training ex-
perience for reinforcement learning of web
agents.

• We propose DynaWeb, a model-based rein-
forcement learning framework that integrates
fully real expert trajectories from training
data with imagined rollouts from a world
model, enabling effective policy optimization
without interacting with the live web.

• Through extensive experiments and analysis,
we demonstrate consistent performance im-
provements on WebArena and WebVoyager,
and provide empirical insights into the de-
sign and use of world-model-based imagina-
tion for training web agents.

2 Related work

Web Agent Recent advances in web agents are
largely driven by (multimodal) large language
models (LLMs) serving as the core decision-
making backbone (Dubey et al., 2024; Jia et al.,
2024; OpenAI, 2023; Anthropic, 2025). On top
of these models, reasoning and interaction frame-
works such as ReAct (Yao et al., 2023), MCP (An-
thropic, 2024), and Cognitive Kernel (Zhang et al.,
2024a) enable structured multi-step web actions.
Web agents are commonly evaluated on interactive
benchmarks including WebShop (Yao et al., 2022),
Mind2Web (Deng et al., 2023), WebArena (Zhou
et al., 2024b), VisualWebArena (Koh et al.,
2024a), WebVoyager (He et al., 2024), Web-
Walker (Wu et al., 2025b), and MMInA (Zhang
et al., 2024c).
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Beyond off-the-shelf prompting, a broad line
of work improves web agents via data scaling
and stronger agent training pipelines. Data-centric
efforts such as Explorer (Pahuja et al., 2025),
NNetNav (Murty et al., 2025), and InSTA (Tra-
bucco et al., 2025) collect or synthesize high-
quality interaction data, while recent agent foun-
dation models and deep research agents push to-
ward more general web interaction at scale, e.g.,
WebThinker (Li et al., 2025b), WebDancer (Wu
et al., 2025a), WebSailor (Li et al., 2025a),
WebShaper (Tao et al., 2025), Cognitive Kernel-
Pro (Fang et al., 2025b), MiroFlow (MiroMindAI,
2025), and multimodal research agents such as
WebWatcher (Geng et al., 2025). In parallel,
inference-time optimization (e.g., tree search and
self-reflection) further improves decision-making
without additional training (Koh et al., 2024b;
Putta et al., 2024; Yu et al., 2024; Zhou et al.,
2024a; Zhang et al., 2024b; Shinn et al., 2023).

World Models World models stem from model-
based reinforcement learning (Ha and Schmid-
huber, 2018) and have recently re-emerged as a
useful abstraction for agent reasoning and plan-
ning (Valevski et al., 2024; Alonso et al., 2024;
Smith and Wellman, 2023). With LLMs, several
works view them as implicit world models for
simulating future states. RAP (Hao et al., 2023)
combines LLM-based world modeling with Monte
Carlo Tree Search for hypothetical trajectory ex-
ploration, while WKM (Qiao et al., 2024) distills
structured world knowledge from agent trajecto-
ries to guide planning.

In web environments, WebDreamer (Gu et al.,
2024) and WMA (Chae et al., 2025) use LLMs
to predict web-action outcomes through natural-
language simulation. Yet these methods mainly
use world models at inference time, as plan-
ning or prompting modules for action selection.
Even with multi-step simulation, imagined roll-
outs guide immediate decisions rather than im-
prove the policy through training.

By contrast, DynaWeb makes the web world
model part of learning itself. It trains a dedi-
cated world model and uses its multi-step imag-
ined trajectories for policy optimization, moving
beyond inference-time reasoning toward genuine
model-based RL for web agents. This directly tar-
gets the data inefficiency and real-interaction cost
of prior RL-based web agents, enabling scalable
imagination-driven training.

Reinforcement Learning of Agents RL im-
proves agent policies through interactive feedback,
making it well suited to long-horizon web deci-
sion making (Wei et al., 2025; Qi et al., 2025; Wu
et al., 2025a; Zhuang et al., 2025). WebAgent-
R1 (Wei et al., 2025) is a representative online
RL method, optimizing multi-turn web policies
with outcome rewards and scalable trajectory sam-
pling, such as multi-group GRPO (Shao et al.,
2024). WebRL (Qi et al., 2025) instead stresses
self-evolving curricula and result-supervised feed-
back to generate tasks and improve robustness.

Other works modify RL objectives or add su-
pervision to shape reasoning and planning. Web-
Dancer (Wu et al., 2025a) combines QA-style
structured supervision with policy optimization,
such as DAPO (Yu et al., 2025), to learn actionable
reasoning traces. WorkForceAgent-R1 (Zhuang
et al., 2025) combines behavior cloning with
GRPO-style optimization for single-step reason-
ing and multi-step planning. Beyond pure online
RL, AutoWebGLM (Lai et al., 2024) uses SFT,
RL, rejection-sampling fine-tuning, and curricu-
lum learning to first bootstrap navigation skills and
then refine them with RL.

Despite strong results, these agents still require
substantial real-environment interaction, which is
costly, unstable, and risky at scale, motivating our
imagination-driven training framework.

3 Method

3.1 Problem Formulation
We formulate the web agent task as a Partially
Observable Markov Decision Process (POMDP)
(S,A,O, T ,R). Given a natural language query
q and a target website w, the agent is required to
complete a multi-step web interaction to satisfy
the task objective. The state space S represents
the full underlying web environment, which is not
directly observable by the agent. Instead, at each
time step t, the agent receives a partial observa-
tion ot ∈ O obtained via an observation function
ot = Ω(st), where Ω(·) extracts visible informa-
tion such as the current URL and web elements
from state st.

The action space A consists of atomic browser
operations, including click, type, goback,
scroll up/down, and stop. Executing an action
at ∈ A deterministically advances the environ-
ment according to the transition function T :

st+1 = T (st, at), ot+1 = Ω(st+1). (1)
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Figure 2: Overview of DynaWeb. DynaWeb trains web agents via imagination-driven, model-based reinforcement
learning. A learned web world model serves as a synthetic environment, enabling the agent to generate multi-
step imagined rollouts without interacting with the live web. These imagined trajectories are mixed with a small
fraction of real expert trajectories to stabilize learning. The agent policy is optimized using sequence-level policy
optimization, allowing efficient and robust credit assignment for long-horizon web tasks with sparse terminal
rewards.

Following prior work (Zhang et al., 2024a), we
represent each observation ot using an accessibil-
ity tree that captures the structured layout of visi-
ble web elements. The agent is parameterized by
a large language model (LLM) policy πθ, which
conditions on the task query q, the interaction his-
tory, and system instructions I to generate reason-
ing traces and actions. At time step t, the agent
samples a chain-of-thought ht together with an ac-
tion at as

(ht, at) ∼ πθ(· | I, q, o1:t, h1:t−1, a1:t−1). (2)

An interaction episode produces a trajectory
τ = (o1, h1, a1, . . . , oT , hT , aT ), where T de-
notes the total number of interaction steps. Upon
termination, the trajectory is assigned a scalar re-
ward r̂(τ, q) ∈ [0, 1] based on task completion, ob-
tained via self-assessment or environment-specific
evaluation.

3.2 Web World Model
We introduce a web world model to approximate
web transition dynamics by predicting how visible
states change after agent actions. Given a partial
observation ot as an accessibility tree and an ac-
tion at ∈ A, the world model predicts the next
observation:

ôt+1 ∼ pϕ(· | ot, at, I), (3)

where pϕ is an LLM parameterized by ϕ. Rather
than learning latent dynamics, it operates directly

in observation space and generates web page rep-
resentations that can be consumed by the policy
during imagined rollouts.

Directly predicting the full next textual ob-
servation is inefficient, since many web transi-
tions modify only a small part of the current
page and thus ot+1 is often highly similar to ot.
We therefore decompose next-state prediction into
two steps: the model first predicts a free-form
natural-language description of the state change
∆(ot, ot+1) caused by at, and then applies this
change to ot to obtain ot+1. Thus, training fo-
cuses on the reasoning-intensive subtask of pre-
dicting state changes, while inference leverages
the LLM’s instruction-following ability to perform
state editing.

The world model is trained on real web
interaction trajectories from StanfordNLP/NNet-
Nav (Murty et al., 2025). We clean the data by
removing erroneous or incomplete trajectories, in-
cluding missing observations, invalid actions, and
inconsistent transitions. For each valid transi-
tion (I, ot, at, ot+1), we prompt GPT-5 to gener-
ate both a reasoning trace r and the correspond-
ing state-change description ∆(ot, ot+1). These
GPT-5-generated reasoning traces are used as SFT
targets to explicitly strengthen the world model’s
transition reasoning and improve its generalization
beyond surface-level state matching. The world
model is trained to predict both the reasoning trace
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and subsequent state changes conditioned on the
instruction, current accessibility tree, and executed
action:

Lϕ =
∑

(I,ot,at,r,∆)

− log pϕ(r,∆|I, ot, at). (4)

The learned world model then serves as a
reusable simulator for generating multi-step imag-
ined trajectories, which we use for model-based
reinforcement learning in the next section.

3.3 DynaWeb: Model-based RL of Web
Agents

DynaWeb trains web agents through model-based
reinforcement learning by relying on imagined
rollouts generated by a learned web world model,
eliminating the need for live web interaction dur-
ing training. Given a task query q and an initial
observation o1, the agent policy πθ interacts with
the world model as a synthetic environment to pro-
duce multi-step trajectories. At each step t, the
agent samples an action

at ∼ πθ(· | o1:t, h1:t−1, a1:t−1, q), (5)

and the world model predicts the next observation

ôt+1 ∼ pϕ(· | ôt, at, q), ô1 = o1. (6)

Iterating this process yields an imagined trajectory

τ̂ = (ô1, h1, a1, . . . , ôT , hT , aT ), (7)

without interacting with the live web environment.
To enable reinforcement learning on imagined

trajectories, a task-level reward signal is obtained
via model-based self-assessment conditioned on
the task query. After trajectory termination, a
task-level completion reward r̂(τ̂ , q) ∈ {0, 1} is
obtained via model-based self-assessment with re-
spect to the task query, indicating whether the task
objective has been achieved.

We treat the return as G(τ̂) = r̂(τ̂ , q) and use
the resulting imagined rollouts as valid training
data for policy gradient optimization, substantially
reducing reliance on real-environment interaction
while preserving task-level supervision.

Beyond policy-driven imagined rollouts, Dy-
naWeb additionally incorporates fully real expert
trajectories sampled from training data to improve
training stability and sample efficiency. These ex-
pert trajectories correspond to ground-truth web
interactions and are entirely independent of the

world model. In practice, real expert trajectories
are randomly interleaved with policy-driven imag-
ined rollouts during training, allowing the agent
to benefit from high-quality demonstrations while
learning under a simulated environment.

To optimize the agent policy from this mixture
of real and imagined experiences, we adopt Group
Sequence Policy Optimization (GSPO) (Zheng
et al., 2025). Concretely, GSPO lifts importance
sampling from the token level to the rollout (se-
quence) level by assigning each trajectory a sin-
gle sequence-level ratio, which is then applied uni-
formly to all tokens in the trajectory. Let {τ̂ i}Gi=1

denote a group of rollouts sampled from πθold (ei-
ther imagined via the world model or real expert
trajectories), and let y i be the serialized token se-
quence produced by the policy along τ̂ i (i.e., con-
catenating all generated reasoning traces and ac-
tions). GSPO optimizes the clipped objective

JGSPO(θ) = Eq∼D, {τ̂ i}Gi=1∼πθold
(·|q)

[
1

G

G∑

i=1

min
(
s i(θ) Â i, clip(s i(θ), 1− ε, 1 + ε) Â i

)] (8)

where Â i denotes the (trajectory-level) advantage
computed from the terminal return G(τ̂ i). The
sequence-level ratio s i(θ) is defined as the geo-
metric mean of token-wise likelihood ratios:

s i(θ) =

(
πθ

(
y i | q, o1

)

πθold

(
y i | q, o1

)
)1/|y i|

= exp

(
1

|y i|

|y i|∑

k=1

log r i
k(θ)

)
,

(9)

with token-level ratios

r i
k(θ) =

πθ

(
y i
k | q, o1, y i

<k

)

πθold

(
y i
k | q, o1, y i

<k

) . (10)

4 Experiments

4.1 Setups
Benchmarks and metrics We evaluate Dy-
naWeb on two challenging web-navigation bench-
marks: WebArena (Zhou et al., 2024b), with 812
real-life tasks in simulated environments across
five websites and four domains, and WebVoy-
ager (He et al., 2024), with 643 open-ended tasks
from 15 popular live websites. We use Success
Rate (SR), the percentage of instructions success-
fully completed by the agent trajectory, as the
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Table 1: Success rate (%) on self-hosted websites in WebArena. Results are reported for five representative website
domains (Reddit, GitLab, Maps, CMS, and Shopping). DynaWeb achieves the highest average success rate and
consistently outperforms strong supervised, RL, and inference-time lookahead baselines across most domains.
Best results are in bold, and second-best are underlined.

Self-hosted Websites (WebArena)

Method Reddit Gitlab Map CMS Shopping Average SR

Llama3.1-8B-Ins +CoT 0.0 3.3 3.3 2.9 11.1 4.1

GPT-4o 10.5 10.0 20.0 20.0 11.1 14.3

Qwen2.5-32B 10.5 20.0 19.2 19.2 17.8 17.3

NNetNav 16.4 8.7 11.4 16.7 25.9 15.8

Go-Browse 30.7 15.3 17.9 25.3 22.4 22.3

WebRL 35.6 23.5 19.1 30.6 24.7 26.7

ITL 26.5 18.0 12.6 23.6 31.3 22.4

DynaWeb-8B (Ours) 43.8 28.7 17.8 31.5 33.2 31.0

main metric. For WebArena, we use the official
AWS EC2 Docker environment for fair and repro-
ducible comparison. For WebVoyager, we remove
tasks whose websites are inaccessible in our envi-
ronment due to geographic or IP restrictions. Fol-
lowing (Fang et al., 2025a), we run experiments
twice in roughly the same time window and report
average results.

Web Agents We use the open-source NNetNav
agent family (Murty et al., 2025), fine-tuned from
Llama-3.1-8B, as the DynaWeb backbone. NNet-
Nav provides two agents trained on live and
simulated web-navigation trajectories. For each
benchmark, we initialize from the correspond-
ing NNetNav checkpoint and train it in the Dy-
naWeb MBRL environment simulated by a WWM.
During training, 40% of dreamed trajectories are
randomly replaced with gold-standard trajectories
from the NNetNav SFT datasets.

World Models For WWMs, we fine-tune GPT-
oss-120b on curated next-state prediction data as
described in Section 3, obtaining a live WWM
for WebVoyager and a simulated WWM for We-
bArena. Each WWM is SFT-trained for one epoch
with LlamaFactory. During GSPO rollouts, we
limit synthetic trajectories to at most 10 steps and
terminate early if the WWM predicts a terminal
state, reducing hallucination effects. To cover
navigation states at different stages, rollout initial
states are randomly sampled from NNetNav-live
or NNetNav-wa SFT trajectories, including both
initial and intermediate gold-standard states.

Baselines We evaluated DynaWeb against sev-
eral representative baselines, described as follows.
1) Base models: We include an open-source base
agent built on Llama-3.1-8B-Instruct with vanilla
chain-of-thought prompting, which serves as a
minimal reasoning-enabled baseline without addi-
tional training or planning mechanisms. 2) Pro-
prietary model: We report results from GPT-4o as
a strong closed-source baseline, representing the
performance of state-of-the-art proprietary web
agents under the same evaluation protocol. Super-
vised fine-tuning (SFT): We consider supervised
fine-tuning on offline successful web navigation
trajectories. This includes the NNetNav agents of
(Murty et al., 2025), trained on expert-collected
demonstrations, as well as Go-Browse(Gandhi
and Neubig, 2025), where successful trajectories
are automatically collected via structured explo-
ration and used for standard supervised training
without reinforcement learning.

4) Offline reinforcement learning: The offline-
RL baseline refers to Llama-3.1-8B-based agents
trained using the WebRL framework by (Qi et al.,
2025). In this setting, the agent first interacts with
online web environments to collect exploration
trajectories, which are then scored by a trained
outcome-based reward model and used for offline
reinforcement learning. 5) Inference-time looka-
head (ITL): The ITL baseline is an Llama-3.1-8B-
based agent equipped with a web world model at
inference time. The agent performs inference-time
policy optimization by simulating multiple candi-
date future states at each action step and selecting
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the action with the highest expected advantage.

4.2 Main Results
As shown in Table 1, DynaWeb achieves the best
overall performance on WebArena, improving the
average success rate from 26.7 (Offline-RL) to
31.0, a relative gain of 16.1%. The gains are broad
rather than localized: DynaWeb performs best on
Reddit, Gitlab, CMS, and Shopping, suggesting
that its advantages generalize across diverse inter-
faces and task types rather than depending on spe-
cific site templates. Compared with Offline-RL
and ITL, whose gains are often tied to particular
exploration settings, DynaWeb more consistently
converts partial and imperfect exploration signals
into effective learning. This indicates that integrat-
ing imagined experience into on-policy optimiza-
tion provides a stronger training signal for com-
plex multi-step web interaction.

As shown in Table 2, this trend largely trans-
fers to the live, open-world setting of WebVoy-
ager. DynaWeb achieves the best All Rec per-
formance and outperforms competing methods on
many websites, including Amazon, Apple, BBC
News, Cambridge Dict, Coursera, Google Map,
Google Search, HugingFace, and Wolframα.
These results show that imagination-driven model-
based training remains effective even in dynamic,
partially observable, and less controlled environ-
ments. Meanwhile, the remaining gaps are also
informative: DynaWeb underperforms stronger
baselines on a few sites such as ArXiv and
GitHub, which require longer-horizon planning
under highly branching actions and rapidly chang-
ing page states. Overall, the results suggest that
DynaWeb provides robust and transferable im-
provements for web agents, while highlighting
long-horizon world modeling and dynamic UI han-
dling as key challenges for future work.

5 Analysis

We further analyze DynaWeb to better understand
how key design choices in model-based dreaming
affect training stability and overall agent perfor-
mance.

5.1 WM Dream Length Matters
As discussed in Section 3, the length of syn-
thetic trajectories generated through agentworld
model interaction (referred to as the dream length)
plays a central role in determining learning ef-
fectiveness. From the perspective of sequential
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Figure 3: Agent Success Rate vs. Dream Length.

decision making, dream length controls the ef-
fective rollout depth, i.e., the number of imag-
ined interaction steps over which the agent can
accumulate credit and propagate reward signals.
This induces a fundamental trade-off: trajecto-
ries that are too short limit the agents ability to
learn multi-step action sequences required for non-
trivial web tasks, while excessively long rollouts
amplify compounding world model errors and hal-
lucinations.

To characterize this trade-off, we perform an ab-
lation study in which DynaWeb agents are trained
with varying maximum dream lengths. As shown
in Figure3, we observe a clear performance peak
when the average dream length is around 45 steps.
Shorter rollouts fail to capture sufficient interac-
tion depth for task completion, whereas longer
rollouts suffer from degraded training signals due
to accumulated model inaccuracies. These results
validate our design choice of restricting dream
depth during training, and highlight that effec-
tive model-based web RL requires balancing roll-
out depth against simulation fidelity. Improv-
ing the robustness of world models to support
longer-horizon, high-fidelity imagined trajectories
remains an important direction for future work.

5.2 Effect of Real Interaction Data
Percentage

We analyze the role of real-environment interac-
tion data in stabilizing and regularizing model-
based web reinforcement learning. While Dy-
naWeb relies heavily on imagined rollouts gener-
ated by the web world model, incorporating a por-
tion of ground-truth trajectories from real environ-
ments can anchor learning to reliable state transi-
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Table 2: Success rate (%) on live websites in WebVoyager. Results are reported across a diverse set of commonly
accessed real-world websites. DynaWeb achieves the highest overall success rate and consistently outperforms
supervised, RL, and inference-time lookahead baselines on most websites. Best results are in bold, and second-
best are underlined.

Live Websites (WebVoyager)

Method
All
Rec

Ama Apple ArXiv
BBC
News

Camb
Dict

Cour
sera

ESPN
Git
Hub

G.
Map

GSea
rch

HF
Wfram
α

Llama3.1-8B-Ins+CoT 2.4 2.5 0.0 9.5 7.6 11.8 0.0 0.0 1.2 4.3 0.0 2.1 5.2

GPT-4o 31.1 25.8 29.7 27.9 32.6 41.9 35.3 27.3 26.4 33.5 5.3 19.4 37.1

NNetNav 28.9 24.5 25.2 40.1 32.2 56.8 35.8 15.6 14.1 44.4 0.0 12.9 39.4

Go-Browse 30.4 24.1 26.1 41.8 31.0 54.9 35.9 17.6 16.2 42.1 1.8 18.7 41.2

WebRL 32.6 20.9 27.3 50.4 29.7 57.5 36.6 19.8 18.4 40.6 2.7 20.1 43.7

ITL 25.6 28.7 30.6 43.7 25.1 39.0 35.8 15.4 15.0 46.5 0.0 1.6 18.8

DynaWeb-8B (Ours) 38.7 43.8 34.2 45.7 39.8 61.6 38.3 19.8 11.2 49.5 9.2 22.6 45.4

tions and reward signals.
Figure 4 reports the average success rate of Dy-

naWeb agents under varying proportions of real
interaction data. Two clear trends emerge. First,
agents trained exclusively on simulated trajecto-
ries tend to underperform the SFT baseline, indi-
cating that world model hallucinations and com-
pounding errors can degrade learning when unreg-
ularized. Second, introducing approximately 40%
real trajectories leads to a substantial performance
improvement over SFT, after which additional real
data yields diminishing returns.

These results suggest that real interaction data
serves as a critical regularizer for imagination-
driven training: a moderate amount is sufficient to
stabilize learning and correct systematic model bi-
ases, while the majority of training signal can still
be efficiently obtained from simulated rollouts.
This balance highlights the practical advantage
of DynaWeb in reducing reliance on costly real-
environment interaction without sacrificing perfor-
mance.

5.3 Essential Role of WM Training

We assess whether explicitly training a web world
model is necessary for effective model-based re-
inforcement learning. To isolate the contribution
of world model training, we keep the agent archi-
tecture, RL algorithm, and training protocol fixed,
and replace the learned DynaWeb world model
with a frozen GPT-oss-120b that is prompted to
predict next-step observations during imagined
rollouts.

As shown in Table 3, agents trained with the su-
pervised world model achieve substantially higher
downstream success rates on both WebArena and

0 20 40 60 80 100
Percentage of Real Trajectories (%)

15

20

25

30
Su

cc
es

s R
at

e 
(%

)

Impact of Real Trajectory Data on Success Rate

DynaWeb (WA)
DynaWeb (Live)
SFT Baseline (WA)
SFT Baseline (Live)

Figure 4: Impact of real trajectory data on success rate.

Table 3: Effect of world model training on downstream
agent performance.

Benchmark / World Model DynaWeb WM GPT-oss-120b

WebArena (Simulated) 31.0 20.9

WebVoyager (Live) 35.4 28.6

WebVoyager. The large performance gap indicates
that strong general-purpose LLM priors alone are
insufficient to function as a reliable simulator for
imagination-driven RL in web environments with-
out learning environment-specific transition dy-
namics. Crucially, this result suggests that the
effectiveness of DynaWeb does not arise merely
from increased model capacity or prompting, but
from grounding policy optimization in a world
model explicitly trained to capture web interaction
dynamics.
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6 Conclusion

We introduce DynaWeb, a model-based RL frame-
work that trains web agents through imagination
rather than live interaction. By learning a web
world model and mixing policy-driven imagined
rollouts with real expert trajectories, DynaWeb en-
ables on-policy optimization while reducing real-
environment cost and risk. Across WebArena and
WebVoyager, it consistently improves strong open-
source agents.

Our analysis identifies key factors for
imagination-driven training: rollout length,
real expert data as regularization, and explicitly
trained world models. These results suggest
that model-based imagination offers a practical
and scalable path for training web agents, and
point toward world-model-centric learning as a
promising direction for long-horizon decision
making in complex environments.

Limitations

Our experiments are limited to text-based
accessibility-tree environments and relatively
small open-source agents. Extending DynaWeb
to multimodal web interaction and larger-scale
agent training remains important future work. In
addition, although DynaWeb reduces reliance
on live-web interaction, the quality of imagined
rollouts still depends on the fidelity of the learned
world model, especially for long-horizon or highly
dynamic web transitions.
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A Error Analysis of Local vs. Full-Page Transition Prediction

Web state transitions exhibit heterogeneous difficulty. While many actions induce localized updates on
the current page, others lead to full page transitions that substantially alter the entire accessibility tree.
These two regimes differ significantly in terms of prediction complexity and error characteristics.

To better characterize this distinction, we partition the evaluation set into two subsets: (i) non-full-
page-transition actions, where the resulting state can be described as a localized modification of the
current page, and (ii) full page transition actions, which involve navigation to a substantially different
page state.

For non-full-page-transition actions, we evaluate prediction quality using a sequence-level match rate
against the ground-truth state-change description. Under this metric, the world model achieves a match
rate of 97%, indicating that it is highly reliable in modeling local updates, which constitute the majority
of interaction steps.

We then analyze the more challenging subset of full page transition actions, which account for approx-
imately 36% of the dataset. In this regime, exact matching becomes less informative due to the large
structural differences between states. Instead, we adopt an LLM-as-a-judge protocol using GPT-5 to
assess prediction quality along multiple dimensions:

• Action semantics: correctness of understanding the intended effect of the action;

• Causal reasoning: validity and consistency of the inferred transition logic;

• Resulting page correctness: alignment of the predicted page with the ground-truth state;

• Faithfulness: absence of hallucinated elements or content that should not appear.

Each dimension is scored in [0, 1], and the overall score is obtained by summing across the four criteria,
yielding a final score in [0, 4]. Under this protocol, the world model achieves an average score of 3.4/4
on full page transition actions.

Further inspection shows that, although discrepancies with the ground-truth accessibility tree occa-
sionally arise, only about 12% of cases are judged as completely incorrect, i.e., predictions that fail on
multiple core dimensions and result in substantially wrong page states. The remaining cases typically
preserve the high-level structure and semantics of the transition, despite minor inconsistencies at the
element level.

Overall, these results indicate that the world model maintains high fidelity on local transitions and
remains reasonably robust under full page transitions, despite the increased difficulty of the latter. This
gap in difficulty also helps explain the sensitivity to rollout length observed in Section 5.1, as errors in
full page transitions are more likely to propagate and compound over multi-step imagination.

B More Details About DynaWeb

B.1 WebArena Training Prompt
We provide the full system prompt used to train our web agent on WebArena. The prompt defines the
agents role, available actions, observation format, and task completion criteria, and is used consistently
across both real-environment interaction and imagined rollouts generated by the web world model. This
prompt is fixed throughout training and evaluation to ensure reproducibility.

B.2 World Model System Prompt
We provide the full system prompt used by the web world model. The prompt specifies the input infor-
mation available to the model, including the user objective, current webpage state, and executed actions,
as well as the required output format for predicting web state changes and the resulting next-step acces-
sibility tree. This prompt is fixed throughout training and inference, and is shared across all experiments
to ensure reproducibility.
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WebArena Agent System Prompt

You are an AI assistant performing tasks on a web browser. You will be provided with task objective, current step,
web page observations, interaction history and previous taked notes. You need to issue an action for this step.

Generate the response in the following format:
INTERACTION HISTORY SUMMARY:
Emphasize all important details in the INTERACTION HISTORY section.

OBSERVATION DESCRIPTION:
Describe information in the CURRENT OBSERVATION section. Emphasize elements and features that are relevant
or potentially helpful for fulfilling the objective in detail.

REASON:
Provide your rationale for proposing the subsequent action commands here.

ACTION:
Select your action here.

OBSERVATION HIGHLIGHT:
List the numerical ids of elements on the current webpage based on which you would issue your action. Also include
elements on the current webpage you would attend to if you fail in the future and have to restore to this step. Don’t
include elements from the previous pages. Select elements at a higher hierarchical level if most their children nodes
are considered crucial. Sort by relevance and potential values from high to low, and separate the ids with commas.
E.g., 1321, 52, 756, 838.

You are ONLY allowed to use the following action commands. Strictly adheres to the given format. Only issue one
single action.
Use the following actions:
- click [id]: To click on an element with its numerical ID on the webpage. E.g., click [7] If clicking on a specific
element doesn’t trigger the transition to your desired web state, this is due to the element’s lack of interactivity or GUI
visibility. In such cases, move on to interact with OTHER similar or relevant elements INSTEAD.
- type [id] [content] [press_enter_after=0|1]: To type content into a field with a specific ID. By default,
the “Enter” key is pressed after typing unless press_enter_after is set to 0. E.g., type [15] [Carnegie Mellon
University] [1] If you can’t find what you’re looking for on your first attempt, consider refining your search
keywords by breaking them down or trying related terms.
- stop [answer]: To stop interaction and return response. Present your answer within the brackets. If and only if the
task doesn’t require a textual answer or appears insurmountable, indicate “N/A” and additional reasons and all relevant
information you gather as the answer. Otherwise, including “N/A” will be penalized. E.g., stop [5h 47min]
- go_back: To return to the previously viewed page.

Figure 5: System prompt used for training and evaluation of the WebArena agent.

B.3 Training Recipe and Hyperparameters
This subsection summarizes the training recipe used for DynaWeb agent optimization. Our training
follows an online reinforcement learning setup in a synthetic web environment powered by a learned
world model. The agent is initialized from a supervised web navigation model and optimized using
Group Sequence Policy Optimization (GSPO) with sparse terminal rewards. Imagined rollouts generated
by the world model are interleaved with real expert trajectories to stabilize learning.
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Web World Model System Prompt

You are an intelligent agent that predicts next state from given current action in a web environment, with your own
logical reasoning.

Here’s the information you’ll have:
The user’s objective: This is the task you’re trying to complete.
The current web page’s accessibility tree: This is a simplified representation of the webpage, providing key
information.
The current web page’s URL: This is the page you’re currently navigating.
The previous action: This is the action you just performed in the previous step. It may be helpful to track your
progress.
The current action: This is the current action that you performed to achieve the user’s objective in the current web
page’s accessibility tree.
The format of previous actions can fall into several categories:

Page Operation Actions:
click [id]: This action clicks on an element with a specific id on the webpage.
type [id] [content]: Use this to type the content into the field with id. By default, the ‘Enter’ key is pressed after
typing unless press_enter_after is set to 0, i.e., type [id] [content] [0].
hover [id]: Hover over an element with id.
press [key_comb]: Simulates the pressing of a key combination on the keyboard (e.g., Ctrl+v).
scroll [down] or scroll [up]: Scroll the page up or down.

Tab Management Actions:
new_tab: Open a new, empty browser tab.
tab_focus [tab_index]: Switch the browser’s focus to a specific tab using its index.
close_tab: Close the currently active tab.

URL Navigation Actions:
goto [url]: Navigate to a specific URL.
go_back: Navigate to the previously viewed page.
go_forward: Navigate to the next page (if a previous ‘go_back’ action was performed)

Completion Action:
stop [answer]: Done when you believe the task is complete.

Given the information above, you should first perform reasoning to predict expected changes on the current web
page’s accessibility tree,
and then generate the resulting next web page’s accessibility tree based on your predicted web page changes.
Generate your answer in the following format:
[Web state changes]
changes
[Next page accessibility tree]
next_acc_tree

where changes are the predicted web page changes, and next_acc_tree is your predicted next page accessibility tree.
For next_acc_tree, you MUST generate a valid accessibility tree based on your predicted changes, do NOT output
summary descriptions of how the next_acc_tree will change.
If the full predicted next_acc_tree is too long, you should output a pruned tree by removing unimportant elements that
the web agent will unlikely use in subsequent action steps.
Meanwhile, you should NOT omit key unchanged elements that the web agent might interact with in future time steps.
Note: Even if the web page does not change, you must still output the complete next_acc_tree !

Figure 6: System prompt used to train the web world model for predicting next-step accessibility trees from actions
and current observations.
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Category Setting

Backbone policy model LLaMA-3.1-8B-Instruct
Optimization algorithm GSPO (sequence-level policy optimization)
Advantage estimator GRPO-style estimator
Policy learning rate 1× 10−6

Entropy coefficient 0
KL regularization Disabled
Training epochs 10
Train batch size 4
Validation batch size 32
Max prompt length 32,000 tokens
Max response length 16,000 tokens
Max tokens per GPU (PPO) 48,000
Rollout engine vLLM (asynchronous)
Rollout samples per prompt (n) 8
Rollout temperature 0.7
Rollout top-p 0.9
Validation top-p 0.8
Validation top-k 20
World model max steps 10
Agent max steps 10
World model max tokens 8,192
World model temperature 0.7
World model top-p 0.9
Precision bfloat16
Gradient checkpointing Enabled
FSDP parameter offloading Enabled
Optimizer offloading Enabled
GPUs 8 × H100 (single node)

Table 4: Key hyperparameters for DynaWeb agent training.
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