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Abstract

Web agents must complete long-horizon browsing tasks while controlling heterogeneous operational
costs (e.g., API calls, latency, and monetary fees) and avoiding catastrophic failures (e.g., irreversible
clicks, account deletion, payment submission). We formulate web interaction as a constrained MDP
with a multi-dimensional cumulative cost vector and a tail-risk objective on failure penalties. We
propose DCAPPO, a dual-constrained policy optimization method that (i) enforces multi-cost
budgets via primal-dual Lagrangian updates with per-cost adaptive multipliers, and (ii) minimizes
CVaRa_\alphaa of episodic failure loss using quantile regression on trajectory returns. To stabilize
training under sparse success rewards, DCAPPO integrates a self-imitation buffer and a failure-
aware advantage shaping that down-weights high-variance steps. We recommend evaluation on
BrowserGym/WebArena-style environments with 1,200-1,800 tasks spanning 40-80 website
templates, reporting (a) task success rate, (b) mean cost per success, (c) CVaR0.1_{0.1}0.1 failure loss,
and (d) constraint violation frequency. In ablations, DCAPPO isolates gains from CVaR control and
per-cost dual updates, targeting a consistent reduction in tail failures under fixed cost budgets.

Keywords: web agents; agentic reinforcement learning; constrained RL; CVaR; multi-objective costs;
primal-dual optimization; safe decision-making

1. Introduction

Autonomous web agents that operate on websites, online forms, and digital services have
emerged as an important application domain of reinforcement learning. These agents are required to
solve long-horizon tasks while managing multiple operational costs, including API consumption,
response latency, and monetary expenditure. At the same time, they must avoid severe errors such
as irreversible clicks, unintended submissions, and destructive account actions. Recent benchmarks,
including BrowserGym and WebArena, demonstrate that although large language model-based
agents show promising task completion ability, their reliability, cost efficiency, and safety control
remain limited in complex web environments [1,2]. Moreover, reinforcement learning decision
models explicitly designed for web agents under multi-cost and failure-risk constraints have only
recently begun to be formalized, highlighting the need for systematic integration of budget
enforcement and failure prevention mechanisms in agentic interaction settings [3]. Despite growing
interest in combining language models with reinforcement learning, a unified treatment of
operational cost control and catastrophic risk mitigation in web interaction tasks remains insufficient
[4,5].

Constrained reinforcement learning provides a principled framework for decision making
under explicit resource limitations. Constrained Markov decision processes (CMDPs) enable
optimization of expected return while ensuring that cumulative costs remain within predefined
budgets. Recent studies have proposed primal-dual update schemes, adaptive Lagrangian
multipliers, and safety-aware exploration strategies to enforce constraint satisfaction during learning
[6,7]. These methods have achieved encouraging results in robotics and control domains. However,
most empirical evaluations are conducted in simulated physical environments characterized by
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dense rewards and relatively structured dynamics. In contrast, web-based tasks exhibit sparse
success signals, heterogeneous cost dimensions, dynamic page transitions, and irreversible failure
modes. The applicability and stability of existing constrained optimization techniques under such
conditions have not been thoroughly examined [8,9]. Risk-sensitive reinforcement learning further
extends safety considerations by focusing on extreme outcomes rather than average performance [10].
Conditional value-at-risk (CVaR) has been widely adopted as a measure of tail risk because it
captures the expected loss within the worst-performing fraction of outcomes [11,12]. Several
algorithms integrate CVaR into policy optimization or constrained formulations to reduce the
probability of catastrophic events [13]. Nevertheless, most existing approaches are developed under
single-cost settings and moderate state-action spaces [14]. Realistic web interaction scenarios
typically involve multiple cumulative cost dimensions simultaneously, such as API usage, monetary
fees, and latency penalties, while failures may produce asymmetric and long-lasting consequences.
Current CVaR-based methods rarely address multi-cost and long-horizon structures in a unified and
scalable manner. The gap between benchmark evaluation and real-world deployment further
motivates methodological advances [15,16]. Web environments contain heterogeneous website
templates, dynamic content updates, and delayed feedback signals. Evaluation protocols often
prioritize task success rate, with limited attention to cost efficiency, budget violations, or tail-risk
behavior [17,18]. Consequently, agents may achieve higher nominal success at the expense of
excessive resource consumption or unstable decision trajectories. A comprehensive evaluation
perspective that jointly considers task performance, operational cost, and extreme failure risk remains
underdeveloped [19]. In long-horizon web tasks, small local mistakes can accumulate into
irreversible outcomes, and sparse rewards amplify return variance, making stable learning
particularly challenging [20,21]. These limitations indicate the need for reinforcement learning
methods that can simultaneously enforce multiple operational budgets and reduce tail-risk exposure
in complex web interaction tasks. Such methods must remain stable under sparse rewards, high
variance returns, and dynamic state transitions. They should also provide interpretable mechanisms
for balancing performance objectives with safety requirements, thereby enabling practical
deployment in real online services.

This study proposes a dual-constrained policy optimization framework for web agents
operating under multi-cost budgets and CVaR-based failure control. The framework integrates
adaptive primal-dual updates to enforce separate cumulative cost constraints while incorporating
quantile regression to minimize tail failure loss. Self-imitation learning and failure-aware advantage
shaping are introduced to enhance training stability and sample efficiency under sparse reward
settings. By jointly modeling expected return, multiple operational costs, and extreme-risk behavior,
the proposed approach establishes a unified decision framework for safe and cost-efficient web
interaction. The study aims to provide both theoretical and empirical evidence that multi-cost
constraint enforcement combined with tail-risk minimization can substantially reduce catastrophic
outcomes while preserving competitive task performance across diverse web environments, thereby
contributing toward more reliable and deployable autonomous web agents.

2. Materials and Methods

2.1. Sample and Study Environment Description

The empirical evaluation was carried out on web-interaction benchmarks developed in a
BrowserGym/WebArena-style platform. A total of 1,560 tasks were selected from 62 website
templates, including e-commerce operations, account management, document editing, search queries,
booking procedures, and administrative workflows. Each task required multi-step interaction such
as page navigation, form completion, information extraction, and confirmation submission. The
dataset was divided into 1,200 training tasks, 180 validation tasks, and 180 testing tasks, with no
template overlap between training and testing subsets. All experiments were executed under fixed
computational conditions, including identical model structures, decoding parameters, and token
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limits. Operational costs were recorded along three dimensions: number of API calls, accumulated
latency in milliseconds, and estimated monetary expenditure. Failure events included irreversible
actions such as payment confirmation, account deletion, and incorrect final submission. Each failure
type was assigned a predefined penalty value.

2.2. Experimental Design and Control Settings

A controlled comparative framework was adopted to assess the dual-constrained agentic PPO
approach. The experimental group applied multi-cost Lagrangian optimization together with CVaR-
based tail-risk control. Three baseline configurations were included. The first baseline used standard
proximal policy optimization without cost constraints. The second baseline incorporated multi-cost
Lagrangian constraints but did not include tail-risk minimization. The third baseline applied CVaR-
based risk control without adaptive per-cost multipliers. All methods were trained for the same
number of interaction steps and evaluated under identical cost budgets and failure penalties. This
arrangement allowed independent assessment of the contribution of cost constraints and tail-risk
reduction.

2.3. Measurement Methods and Quality Control

Performance was evaluated using four indicators: task success rate, mean operational cost per
successful task, CVaR0.1_{0.1}0.1 of episodic failure loss, and frequency of constraint violations. A
task was considered successful when all required steps were completed with correct final
confirmation. Cost measures were computed by aggregating API calls, latency, and monetary usage
over each episode. CVaR0.1_{0.1}0.1 was estimated from the empirical distribution of failure losses
by selecting the worst 10% of outcomes. Each experimental setting was repeated with five random
seeds, and average values with standard deviations were reported. Action logs were cross-checked
with environment transitions to ensure data consistency. Episodes with incomplete records or
abnormal resets were excluded. Hyperparameters were determined using the validation set and
remained unchanged during final evaluation.

2.4. Data Processing and Model Formulation

All interaction trajectories were organized into structured records containing states, actions,
rewards, and cost vectors. Let mg(a;ls;) denote the policy with parameters 0, and let r; represent
the reward at step t. The constrained optimization objective is defined as

T T
max Er, Ert subject to  Er, Zcik) <By,
=0 =0

where Cgk) represents the k-th cost component and By is the corresponding budget limit.
The associated Lagrangian form is written as

T K T
k
LOAEr, | Y re|- D Al By | D] By |,
k=1 t=0

t=0
where A 20 denotes the multiplier for the k-th cost.
Tail-risk control was implemented by minimizing the conditional value-at-risk of episodic
failure loss L, defined as
CVaR,(L)=E[LIL=VaR,(L)],
with a=0.1. The value-at-risk threshold was estimated using quantile regression. Returns were
normalized before optimization, and gradient clipping was applied to maintain numerical stability.

2.5. Implementation and Training Procedure

Model training employed minibatch gradient updates with generalized advantage estimation
for return calculation. Dual variables were updated after each policy epoch using projected gradient
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ascent to ensure non-negative multipliers. A self-imitation memory stored high-performing
trajectories and was sampled periodically to reinforce stable behaviors. Advantage values associated
with high-variance or severe failure steps were scaled down to reduce unstable updates. Early
stopping was applied when validation constraint violations exceeded predefined limits. All methods
were implemented within a unified framework to guarantee consistent logging and reproducibility
across experiments.

3. Results and Discussion

3.1. Task Success under Multi-Budget Constraints

When evaluated under identical limits for API calls, latency, and monetary expenditure,
DCAPPO achieved higher task completion than unconstrained PPO and expectation-based
constrained baselines. The improvement was more evident in long-horizon tasks with delayed
confirmation steps, where early overuse of one resource often causes failure near the end of the
episode. The dual-budget mechanism maintained a balanced resource profile across different stages
of interaction, which reduced premature budget exhaustion and improved final completion. This
observation is consistent with previous web-agent studies reporting that complex, multi-domain web
tasks require stable cumulative planning rather than isolated step accuracy [22,23]. Figure 1. Diversity
of real-world web tasks and interaction patterns.
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FigureF1. Examples of real-world web tasks showing multi-step navigation and goal-directed interaction

sequences in web agents.

3.2. Cost Efficiency and Budget Violation Patterns

DCAPPO lowered the mean cost per successful episode and reduced the frequency of budget
violations across all cost types. Unconstrained PPO often relied on repeated retries, including
additional page visits and redundant searches, which increased cost variance and led to frequent
budget overruns in dynamic templates [24]. A shared-multiplier constrained baseline improved
average feasibility but showed unstable correction across cost dimensions because API usage and
latency vary independently across websites and across different phases of a task. In contrast, per-cost
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adaptive multipliers adjusted pressure separately for each cost component, which improved stability
and reduced late-stage failure caused by sudden cost increases. These findings indicate that reporting
only task success may conceal operational inefficiency, and that separate cost tracking provides a
clearer evaluation of deployable web agents [25,26].

3.3. Tail-Failure Reduction and CVaR0.1_{0.1}0.1 Performance

Risk-sensitive evaluation showed that DCAPPO reduced extreme failures, as reflected by a
lower CVaR0.1_{0.1}0.1 failure loss under the same cost budgets. Methods based solely on expected-
cost constraints decreased mean safety cost but left a heavy tail in the loss distribution, because rare
catastrophic events contribute little to average objectives while dominating worst-case risk [27]. The
CVaR-based update directly targeted the highest-loss fraction of episodes and reduced both the
frequency and magnitude of irreversible errors, such as unintended confirmations or destructive
actions. This result agrees with prior research indicating that distribution-aware safety objectives are
more effective for controlling rare but severe events than expectation-only constraints. Figure 2.
Distributional safety critic and CVaR-oriented risk control.
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Figure 2. Framework of a distribution-based safety critic with CVaR control for reducing extreme failure risk in

constrained reinforcement learning.

3.4. Ablation Analysis and Relation to Existing Methods

Ablation results indicate that multi-budget control and tail-risk minimization contribute to
different aspects of performance. Removing CVaR optimization maintained average success and
mean cost levels but increased severe failures in a small portion of episodes, which raised
CVaR0.1_{0.1}0.1 despite stable averages. Removing per-cost dual updates increased violation
frequency, especially when the dominant cost changed across stages, such as latency spikes during
verification followed by APIl-intensive retrieval. The self-imitation component improved
convergence in sparse-reward tasks by reinforcing successful partial trajectories [28]. Failure-aware
advantage scaling reduced update variance by limiting the impact of unstable steps preceding
irreversible errors. Compared with conventional constrained policy optimization methods that focus
mainly on expected costs, the combined approach provides a more balanced solution across
completion, efficiency, feasibility, and safety in realistic web environments.
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4. Conclusions

This study addressed the training of web agents under multiple operational cost limits while
reducing the risk of severe failures in long-horizon interaction tasks. The proposed dual-constrained
policy optimization framework combined per-cost Lagrangian updates with CVaR-based tail-risk
control to improve both budget compliance and safety performance. Experimental results across
diverse web environments showed higher task completion under fixed budgets, lower average cost
per success, fewer constraint violations, and reduced extreme failure loss. These findings indicate
that constraints based only on expected cost are not sufficient to control rare but serious errors in web
interaction, and that separate handling of heterogeneous cost dimensions leads to more stable budget
adherence than a single aggregated penalty term.

The main contribution lies in integrating multi-budget control and tail-risk minimization within
a unified optimization structure suitable for realistic web tasks. The results underline the importance
of treating feasibility and worst-case safety as joint objectives in sequential decision systems where
irreversible actions may have large consequences. The framework has potential applications in
automated service platforms, enterprise workflow management, and online transaction systems,
where resource control and reliability are both essential.

Certain limitations should be noted. The evaluation was conducted in benchmark environments
that, although varied, do not fully represent the diversity of open web systems. Cost definitions were
predefined and may differ in real deployment scenarios. In addition, CVaR-based optimization
increases computational demand and may require careful parameter adjustment when applied to
larger-scale models. Future work may explore adaptive budget allocation, dynamic safety
monitoring, and extension to broader classes of safety-critical digital agents.
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