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Abstract

Not all web tasks are feasible under strict cost and safety requirements, yet standard reinforcement
learning implicitly assumes feasibility. This study introduces a feasibility-aware agentic
reinforcement learning framestudy that explicitly reasons about whether a task can be completed
within given cost budgets and failure risk limits. A feasibility estimator is trained to predict the
probability that any valid action sequence exists under current constraints. The agent uses this signal
to adapt its strategy, prioritize feasible subtasks, or terminate early when feasibility is low. Evaluation
on 800-1,400 constrained web tasks demonstrates that feasibility-aware decision-making reduces
wasted interactions, prevents high-risk attempts, and improves overall system reliability. This study
reframes web automation as a constrained decision problem where recognizing infeasibility is as
important as optimizing success.

Keywords: feasibility analysis; constrained reinforcement learning; web agents; failure risk
management; budget-aware decision models

1. Introduction

Web automation has evolved rapidly from rule-based scripts to agentic systems capable of
translating natural-language instructions into multi-step browser actions. Early systems relied
primarily on handcrafted rules and predefined workflows, which limited their ability to generalize
across diverse websites and dynamic user interfaces. Recent progress in large language models and
agent frameworks has enabled web agents to reason over complex instructions, interact with web
environments, and autonomously complete multi-stage tasks. In particular, recent studies have
explored reinforcement-learning-based decision models for web agents operating under multi-cost
and failure-risk constraints, highlighting the importance of balancing task success with operational
limitations in realistic web environments [1]. Over the past five years, the development of new
benchmarks and datasets has further advanced this field by providing more realistic evaluation
settings that include heterogeneous websites, dynamic layouts, and long-horizon task workflows
[2,3]. These resources have significantly improved the ability to assess agent performance beyond
simple navigation tasks.

At the same time, evaluation environments have expanded from basic browsing scenarios to
knowledge-worker and enterprise-level tasks that require complex reasoning, information retrieval,
and multi-step interaction across web services [4,5]. Such environments reveal a substantial gap
between the success rates reported in academic benchmarks and the level of robustness required for
real-world deployment. In practical settings, web agents must operate under strict constraints related
to interaction cost, computational resources, and acceptable failure risk. These constraints often
determine whether a system can be deployed reliably in production environments [6]. Consequently,
maximizing task success alone is insufficient; practical web automation must also ensure efficiency,
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predictability, and adherence to operational limits. Recent research has improved the grounding
capabilities of web agents by linking language understanding to screen content and interface
elements. Advances in multimodal perception and Ul grounding enable agents to identify relevant
components on the page, select appropriate actions, and adapt to common interface changes such as
layout shifts or dynamic loading of content [7,8]. In parallel, agent frameworks integrating planning,
tool usage, and iterative self-correction have enhanced multi-step reasoning and execution reliability
in browser environments [9,10]. These approaches allow agents to decompose complex tasks into
intermediate steps and recover from certain classes of execution errors. Despite these improvements,
many current methods implicitly assume that the task is feasible within the given constraints. This
assumption frequently breaks down in real web environments. In practice, web tasks may become
infeasible due to factors beyond the agent’s control [11]. Missing permissions, authentication barriers,
paywalls, rate limits, unstable page layouts, and incomplete information can prevent successful task
completion even when the instructions are clear. Under strict interaction budgets or safety
constraints, continued exploration may only waste resources without increasing the likelihood of
success. Reinforcement learning provides a natural framework for modeling sequential decision-
making in such environments because it allows agents to learn policies over action sequences through
interaction with the environment. Recent work has explored training web agents using
demonstrations, offline interaction data, and iterative self-improvement techniques to improve
generalization and reduce brittle behavior [12,13]. However, conventional reinforcement-learning
objectives typically optimize expected return, which can encourage excessive exploration when
success is uncertain. In web automation scenarios, such behavior is often undesirable because each
interaction consumes time, tokens, or external API calls, and repeated trial-and-error increases the
risk of triggering undesirable outcomes. Safe reinforcement learning introduces formal frameworks
for learning under explicit constraints, including constrained Markov decision processes and risk-
aware optimization objectives [14]. These methods aim to learn policies that maximize expected
utility while satisfying predefined safety or cost limits. Research on risk-sensitive learning also
emphasizes the importance of managing tail risk, as rare failures may have disproportionately large
consequences in safety-critical applications [15]. Related developments in language-model alignment
have demonstrated that constrained optimization can effectively balance task utility with safety costs
during training rather than relying solely on post-hoc filtering mechanisms [16]. Nevertheless, most
existing safe-RL approaches focus on identifying policies that satisfy constraints under the
assumption that a feasible policy exists. In the context of web automation, this assumption may not
hold because infeasibility often arises from external conditions that cannot be resolved through policy
learning alone. Another limitation arises from current evaluation practices. Many web-agent
benchmarks primarily report task success rates while providing limited information about
interaction efficiency or safety-related behaviors [17,18]. As a result, an agent may appear successful
even if it consumes excessive interaction budgets, enters repeated action loops, or approaches safety-
violation boundaries. Safety-oriented evaluation suites demonstrate that agents can complete tasks
while still producing actions that violate operational policies or expose users to risk [19].
Furthermore, experimental reports rarely present joint analyses of interaction cost, failure-risk
exposure, and early-termination behavior. Without these metrics, it remains difficult to compare
different approaches in terms of their suitability for real-world deployment under strict operational
constraints. These observations motivate a reframing of constrained web automation. Instead of
assuming that a feasible solution exists and focusing solely on policy optimization, web agents should
also be capable of estimating whether a task is likely to be solvable under the current conditions and
constraints. Feasibility recognition becomes a critical capability in environments where external
restrictions and uncertainty are common. When the probability of feasibility is low, continued
exploration may increase resource consumption and expose the system to unnecessary risk.
Conversely, recognizing infeasibility early enables an agent to terminate execution gracefully or
redirect effort toward feasible subtasks, improving reliability and resource efficiency.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0977.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 March 2026 d0i:10.20944/preprints202603.0977.v1

3of 8

Motivated by these challenges, this study investigates feasibility-aware agentic reinforcement
learning for web automation under joint interaction-cost and failure-risk constraints. The proposed
framework introduces a feasibility estimator that predicts whether a valid action sequence is likely
to exist given the current environment state and constraint limits. This signal guides the agent’s
decision-making process by prioritizing promising subtasks, avoiding high-risk exploration, and
enabling early termination when the likelihood of satisfying constraints becomes low. The approach
is evaluated on large-scale constrained web-task benchmarks comprising hundreds to over a
thousand tasks with realistic operational limits. Evaluation metrics emphasize deployability,
including reductions in wasted interactions, improved adherence to risk constraints, and more stable
behavior under strict budgets. By treating infeasibility detection as a normal outcome rather than an
exceptional case, the proposed framework aims to improve the robustness and reliability of web
agents operating in real-world environments where constraints are unavoidable.

2. Materials and Methods

2.1. Sample and Task Set Description

Experiments used a constrained web-task benchmark built from real browser sessions and
standardized instructions. The dataset contained 1,200 tasks, including 800 tasks for model
development and ablation studies and 400 tasks for final testing. Tasks covered information lookup,
sandboxed form filling, multi-step navigation, and checkout-like flows that were simulated without
real payments. Each task included a natural-language goal, an initial browser state, and a constraint
profile with (i) an action-step budget and (ii) a failure-risk limit defined over unsafe or irreversible
operations. Task sampling targeted diversity in page layouts and difficulty. For each run, logs
recorded success status, stop reason, steps used, and safety-related events.

2.2. Experimental Design and Control Conditions

A controlled comparison was used to test the effect of feasibility-aware decision making under
joint budget and risk limits. The proposed method combined a base web agent with a learned
feasibility estimator and a feasibility-gated policy. Three baselines were included. The first baseline
used the same base agent but without feasibility estimation and trained it to maximize success with
a budget penalty. The second baseline used constrained RL with an explicit safety cost and updated
a penalty coefficient during training, but it did not estimate feasibility. The third baseline used a rule-
based early-stop strategy that ended an episode when the remaining budget fell below a fixed
threshold. All methods were evaluated on the same tasks and constraint settings. Each task was
executed up to five times with different random seeds to reflect stochastic web behavior.

2.3. Measurement Procedures and Quality Control

Reported outcomes included success rate, mean number of actions, violation rate of the failure
constraint, and a reliability score that reflects both completion and safety compliance. A safety event
was recorded when an action entered a predefined unsafe class, such as submitting irreversible forms,
visiting restricted pages, or triggering rate limits, based on environment rules and action traces.
Quality control relied on full trajectory logging, including DOM snapshots, action parameters, and
terminal signals. Pages with unstable rendering were filtered out using a screening step that required
consistent loading in three warm-up trials. Log files were validated with schema checks and hash
verification to prevent missing fields and corruption. Metrics were computed only from runs that
passed these checks, and sensitivity tests confirmed that results were not dominated by a small set of
atypical tasks.

2.4. Data Processing and Model Formulation

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0977.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 March 2026 d0i:10.20944/preprints202603.0977.v1

4 of 8

Trajectories were converted into step-level records containing state embeddings, action types,
rewards, budget use, and safety indicators. The feasibility estimator was trained as a binary
probabilistic model that outputs the chance that at least one valid action sequence exists under the
remaining budget and risk limit. Labels were obtained from bounded rollouts and verified successful
traces: a state—constraint pair was marked feasible when a constraint-compliant continuation was
observed within a fixed horizon. The agent optimized a constrained objective that trades off task
reward and failure-risk cost through a penalty term:

T T
max B[ ) y'r]-AB[Y vial
t=0 t=0

Where 1, is the step reward and c; is the failure-risk cost. Feasibility gating used the estimator output
p, to control stopping:

terminate at t if p <t or B;<0,
where T is a feasibility threshold and B, is the remaining action budget. Hyperparameters were
selected on the development set by searching over A and T, and results were reported on the held-
out test set.

2.5. Implementation Details and Reproducibility

The web agent used a transformer encoder for page text and Ul structure, followed by an action
head that selected an operation type and its parameters. The feasibility estimator shared the encoder
backbone to keep state representations consistent and was trained with cross-entropy loss using
class-balanced sampling to reduce label imbalance. Training followed an offline-to-online schedule,
with offline pretraining on logged trajectories and constrained on-policy fine-tuning in the interactive
environment. All runs used fixed seeds per split, identical constraint schedules, and the same episode
horizon, and key runtime settings were recorded. Results are reported with 95% confidence intervals
from bootstrap resampling over tasks. Statistical comparisons used paired permutation tests on per-
task differences to avoid distributional assumptions.

3. Results and Discussion

3.1. Constraint-Compliant Completion Under Joint Limits

On the held-out test split (400 tasks; five runs per task), the feasibility-aware agent showed a
higher constraint-compliant completion rate than all baselines, with the largest gains on tasks that
required long action chains under tight step budgets. Fewer episodes ended in late budget
exhaustion, which indicates that the policy avoided extended recovery attempts when the remaining
budget was no longer sufficient for a valid solution. Similar failure patterns have been reported in
realistic web-agent evaluations, where dynamic interfaces and partial observability make late-stage
recovery costly and often ineffective [20,21]. For context on visually grounded interaction and explicit
marking of clickable elements, Fig.1 is cited as an external reference:Fig.1. Set-of-Marks augmented
webpage screenshot with interactable elements labeled.
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Figure 1. Set-of-Marks augmented webpage view highlighting interactable elements for visually grounded web-

agent control.

3.2. Action Efficiency and Reduction of Wasted Steps

Feasibility-aware control reduced wasted steps, reflected by fewer actions in failed episodes and
fewer repeated loops such as re-clicking unresponsive elements or re-issuing equivalent inputs after
small Ul changes. Under the same budget, baseline agents often continued exploring low-yield
branches near the end of an episode, which increased cost without improving the chance of meeting
constraints. In contrast, feasibility gating shifted effort earlier toward higher-probability subtasks,
such as stabilizing navigation anchors, narrowing the target field, or consolidating required page
transitions before committing to risky operations. This pattern complements prior work showing that
planning and reflection can improve web agents, while also indicating that detecting low-feasibility
states is a distinct capability that directly affects cost control [22,23].

3.3. Failure-Risk Control and Safety Behavior

Under strict failure-risk limits, the feasibility-aware agent reduced the violation rate relative to
both a penalty-based constrained-RL baseline and a rule-based early-stop strategy. The difference
mainly came from fewer high-risk actions during late recovery, where baseline methods tend to
attempt irreversible clicks or repeated submissions after most budget has already been spent. This
outcome is consistent with safe-RL findings that constraint satisfaction becomes harder when rare
events dominate risk and when the environment includes irreversible transitions [24,25]. In this
setting, feasibility estimation worked as a guardrail: when the state and remaining constraints were
unlikely to support a valid continuation, the policy avoided escalation and instead terminated or
shifted to a safer partial outcome.

3.4. Ablations, Calibration Effects, and Relation to Web Datasets

Ablation results showed that both feasibility prediction and feasibility-gated control were
needed for stable gains. Removing feasibility gating preserved part of the step reduction but
weakened safety compliance, while removing feasibility prediction made stopping behavior
resemble a fixed rule that either stopped too late or quit too early. Results also depended on feasibility
calibration: poorly calibrated scores increased premature stopping on hard-but-solvable tasks,
whereas better calibration improved separation between infeasible states and recoverable states. This
point aligns with dataset-driven web research, where diverse sites and interaction styles produce
wide variation in solvability across states. As an external illustration of multi-step web trajectories,
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Fig.2 is cited as follows: Fig.2. Example data instance showing task context, webpage snapshots, and
action transitions.

Task Description: Webpage Snapshots:
Show me the reviews for the auto repair business closest to 10002.
Bl Action > et
e

Action Sequence: sErTER susmess |2
—— ——paamnoll
Target Element Operation | o= = (e | =  E— = |
1. [searchbox] Find TYPE: :i _
auto repair Bl e =
2. [button] Auto Repair
[ ] Pa CLICK <input name="find_ <button>Search</button>
3. [textbox] Near TYPE: type="search">
10002
4. [button] 710002 CLICK Action6 W Actiono |
5. [button] Search CLICK e —
Category. Auto Repain Fast Lana 24 Hour Auto Repar—
6. [switch] Show BBB Accredited only CLICK == === PRSI R
2 o "
7. [button] Sort By CLICK =
) X <button>Show BBB N
8. [link] Fast Lane 24 Hour Auto Repair CLICK Accredited only <span>Fast Lang 24 Hour
9. [link] Read Reviews CLICK </button> Auto:Repalr</span
Action 10 [ - em
=
Fast Lane 24 Hour Auto Repai
<span>Fast Lane 24 <a href="link:XXX"Read
Hour Auto Repair</span> Reviews</a>

Figure 2. Example Mind2Web trajectory instance showing task context, webpage snapshots, and action

transitions across steps.

4. Conclusion

Feasibility-aware agentic reinforcement learning strengthened constrained web automation by
treating infeasibility as a normal outcome under joint limits on action budget and failure risk. In large-
scale tests with strict constraints, combining feasibility prediction with feasibility-gated control
reduced unnecessary steps, lowered violation rates, and increased constraint-compliant completion,
which indicates more stable behavior when solvability depends on the remaining budget and risk
margin. The main contribution is a decision framework that separates “hard but solvable” states from
states that are unlikely to admit any valid continuation, showing that feasibility recognition can be
as important as policy optimization for reliable web execution. This approach is relevant to customer-
service workflows, enterprise operations, and regulated online processes where each interaction has
a real cost and rare unsafe actions are unacceptable. Limitations remain in feasibility supervision and
generalization: labels derived from bounded rollouts can be imperfect, and estimator calibration may
degrade when websites, permissions, or hidden state change, which can cause early termination on
difficult tasks. Further work should improve calibration and uncertainty handling, expand
evaluation to longer horizons and broader sites, and develop more robust feasibility signals that
remain reliable under web drift.
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