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Abstract

Scaling test-time computation has been extended from language model rea-
soning to tool-augmented agents, where scaling involves not only thinking
in tokens but also acting via tool calls that directly constrain environmen-
tal interaction. However, we found that simply increasing the tool-call
budget fails to improve performance, as agents lack “budget awareness”
and quickly hit a performance ceiling. We study how to scale such agents
effectively under explicit tool-call budgets, focusing on web search agents.
We first introduce the Budget Tracker, a lightweight plug-in that provides
the agent with continuous budget awareness, enabling simple yet effective
scaling. We further develop BATS (Budget Aware Test-time Scaling), an
advanced framework that leverages this awareness to dynamically adapt its
planning and verification strategy. To analyze cost-performance scaling in a
controlled manner, we formalize a unified cost metric that jointly accounts
for token and tool consumption. We provide the first systematic study on
budget-constrained agents, showing that budget-aware methods produce
more favorable scaling curves and push the cost-performance Pareto fron-
tier. Our work offers empirical insights toward a more transparent and
principled understanding of scaling in tool-augmented agents. Our code is
available at https://github.com/google-research/budget-aware-agent.

1 Introduction

Scaling test-time compute in large language models (LLMs) helps improve the performance
across a wide range of reasoning tasks (Wu et al., 2025b; Snell et al., 2024; Muennighoff et al.,
2025; Chen et al., 2025b). Mainstream strategies such as sequential (Madaan et al., 2023)
and parallel scaling (Wang et al., 2023; Brown et al., 2024) increase effective computation,
enabling deeper reflection and output refinement with substantial gains in answer qual-
ity (Zhang et al., 2025a). These successes motivate recent efforts to extend test-time scaling
to tool-augmented agents (Zhu et al., 2025b; Wang et al., 2025a), where LLMs are equipped
with various tools to interact with the external environment.

Test-time scaling for tool-augmented agents expands both thinking (tokens) and acting (tool
calls). While textual reasoning tasks are usually scaled by thinking with more tokens, solely
increasing the internal thinking effort in agents proves to be suboptimal and does not always
translate to performance scaling (Shen et al., 2025). Unlike controlling the token count in
textual reasoning (Han et al., 2025b; Pu et al., 2025), in agent tasks such as web browsing, the
number of tool calls directly determines the depth and breadth of exploration (Anthropic,
2025; Team et al., 2025b), defining the effective boundary of external information access.

However, simply granting agents more tool-call resources does not guarantee better per-
formance. Our analysis reveals a critical bottleneck: standard agents lack inherent budget
∗Work done during an internship at Google Cloud AI Research.
†Corresponding authors.
‡Work done while at Google.
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Figure 1: Budget Tracker is a lightweight plug-in that can be applied to both a standard
ReAct agent (top) and more advanced orchestration frameworks like BATS (bottom). In this
figure, blue boxes highlight modules that adapt to the budget.

awareness. Without explicit signals, they often perform shallow searches (Lu et al., 2025)
and fail to utilize additional resources even when available. As our empirical findings
later demonstrate, standard agents quickly hit a “performance ceiling”, saturating their
capabilities regardless of extra budget allocated. The core challenge is not spending more,
but managing diminishing and uncertain marginal gains from additional tool calls.

This unique complexity brings up a critical research question: How can tool-augmented
agents scale effectively by making the best use of a given resource budget? We study this
question in a budget-constrained setting, grounding our analysis in search agents equipped
with search and browse tools, which are widely used in practice (Google, 2025; OpenAI,
2025) and inherently require extensive tool calls to collect external information. To ensure a
fair and transparent comparison, we formalize a unified cost metric that jointly accounts for
the economic costs of both internal token consumption and external tool interactions. This
metric enables us to trace a true cost-performance scaling trend.

We first develop an intuitive, light-weight approach: Budget Tracker (Figure 1 (top)), which
is a plug-and-play module compatible with ReAct-based agents (Yao et al., 2023). Budget
Tracker provides the agent with a continuous signal of resource availability, proving to be
a simple yet effective method. Through extensive experiments, we show that this simple
plug-in improves performance across various budget constraints. Combining this explicit
budget awareness with traditional test-time scaling strategies consistently enables more
effective scaling behaviors while continuously pushing the cost-performance Pareto frontier.

To further break the scaling ceiling, we introduce BATS (Budget Aware Test-time Scaling)
(Figure 1 (bottom)), a framework that fully internalizes resource constraints to maximize
agent performance under any given budget. BATS maintains a continuous signal of remain-
ing resources and uses it to dynamically adapt its behavior: a planning module adjusts
stepwise effort to match the current budget, while a verification module decides whether to
dig deeper into a promising lead or pivot to alternative paths.

Systematic experiments under varying budgets show that BATS achieves higher perfor-
mance with fewer tool calls and lower overall cost than competing methods, producing
more favorable scaling curves and better cost-performance trade-offs. These findings high-
light the importance of explicitly accounting for cost in agent test-time scaling, enabling
agents that are both effective and efficient.

We summarize our contributions as follows:

(1) We provide the first systematic study of budget-constrained tool-use agents, for-
malizing agent test-time scaling with explicit tool-call budgets and introducing a
unified cost metric.

(2) We introduce Budget Tracker, a lightweight plug-in compatible with any agent
orchestration framework that enables effective budget-aware tool use.

(3) We develop BATS, a budget-aware framework that dynamically adapts planning
and verification strategies based on real-time resource tracking, flexibly switching
between deepening a lead and branching to alternatives.
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(4) We conduct systematic experiments under varying budgets and unified costs with
search agents, demonstrating that BATS is more cost-effective and yields more
favorable scaling curves and better cost–performance trade-offs.

2 Problem Formulation

2.1 Agent Test-time Scaling

We formulate agent test-time scaling as how an agent’s performance scales with its budget
for external tool-call interaction, refining the broader concept of test-time interaction scaling
in Shen et al. (2025). To make agent test-time scaling cost-effective, an ideal agent should be
able to achieve its best possible performance under an arbitrary budget constraint on the
scaling curve. To this end, our target is to design an effective and efficient agent framework,
π, that maximizes answer accuracy while adhering to a strict tool-call budget.

Assume the agent is equipped with a set of K tools as T = {t1, . . . , tK}. For question x ∈ X ,
the agent works under a budget b = (b1, . . . , bK), where bi is the max number of invocations
of tool ti ∈ T . Let ŷπ(x) denote the agent’s predicted answer for question x with ground
truth y(x) and let ci(x; π) be the realized number of calls to tool ti on x. We formulate the
agent test-time scaling problem as a budget-constrained optimization objective:

max
π

Accb(π) = Ex[ 1{ŷπ(x) = y(x)} ]

s.t. ci(x; π) ≤ bi, for all i = 1, . . . , K, and every x ∈ X
(1)

Here the objective is the expected accuracy over all questions. The constraint ensures that
for any given question, the number of realized calls for each tool never exceeds its allocated
budget. By evaluating the agent performance at various budget levels, we can trace the
performance-cost curve, which characterizes the agent’s test-time scaling behavior, showing
how effectively it leverages budget resources to improve its problem solving capabilities.

Budget vs. Cost. We distinguish between the preset budget constraint, which specifies the
maximum number of tool calls available to the agent, and the realized cost, which reflects
the resources actually consumed during execution. While the budget imposes a hard upper
limit, the final cost depends on the agent’s strategy. For consistent comparison, we introduce
in Section 2.2 a unified post-hoc cost metric for analyzing agents’ test-time scaling.

Choice of Budget. We prioritize a tool-call budget over a token-based budget for its
relevance: tool calls more directly constrain an agent’s ability to acquire external knowledge;
consistency: this choice aligns with established practices (Shen et al., 2025; Team et al., 2025b);
and practicability: pre-determining an accurate token budget for multi-step agentic tasks is
often impractical. While the budget is defined by tool calls, we still incorporate token usage
into our unified cost metric (Section 2.2) to ensure a more fair and transparent comparison.

2.2 Problem Instantiation with Search Agent

We instantiate test-time scaling through search agents: LLMs that reason over retrieved
evidence to answer information-seeking questions x. This setting offers broad applicability
and established benchmarks. Using a widely adopted ReAct-style loop (Yao et al., 2023), the
agent alternates between reasoning and action using two tools:

(1) Search. This tool helps perform a standard search engine query. Given a text query, it
returns a list of search results, each including a title, a brief snippet, and a URL.
(2) Browse. Given a specific URL, this tool scrapes the full content of the corresponding
webpage, providing detailed information that is often unavailable in a search snippet.

Unified Cost Metric. We define total cost as the sum of token and tool call usage, mapped
to their corresponding economic costs for a unified metric.

(1) Token cost. This represents the agent’s internal cognitive effort, including its reasoning,
planning, and parametric knowledge processing. Token costs are calculated based on the
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pricing of the model provider, distinguishing among input, output, and cache hit tokens. In
multi-round iterative frameworks, the output of iteration i becomes part of the input for
iteration i + 1. Any overlap is a cache hit, thereby lowering the token consumption cost.
(2) Tool call cost. This captures the agent’s active interaction with the environment through
information-seeking actions. Each invocation (e.g., a search query or browsing request)
incurs a cost determined by the corresponding API provider’s pricing.

The total unified cost, Cunified(x; π), for solving a given question x under policy π is the sum
of the token cost and the tool call cost. Let ci(x; π) be the number of actual invocations to
tool ti, and Pi be the economic cost per invocation of ti. We define:

Cunified(x; π) = ctoken(x; π)︸ ︷︷ ︸
Token Cost

+
K

∑
i=1

ci(x; π) · Pi︸ ︷︷ ︸
Total Tool Cost

(2)

Here, ctoken(x; π) represents the total cost incurred from token consumption during the
reasoning process for question x. This formulation allows us to uniformly analyze the actual
incurred costs. These two dimensions are inherently coupled: additional tool calls generally
increase token consumption, as the agent must process and reason over the retrieved external
information. Measuring this unified cost under varying budget constraints b enables a more
comprehensive and consistent analysis across different policies.

3 Budget Awareness

Question
… What is the full name of a person known for investing in technology businesses? 

Thinking
My strategy will be …
I have a high budget, so I can use multiple queries 
to explore different angles simultaneously.

Budget Tracker
Query Budget: 50 / 50
URL Budget: 50 / 50

Tool Call
Search
Browse

Figure 2: At each interaction round, the agent is provided with its current and remaining
budget through the budget tracker before generating the next thinking and tool calls.

3.1 Budget Tracker

Each tool invocation introduces non-negligible costs in context and computation. We
hypothesize that providing explicit budget signals enables the model to internalize resource
constraints and adapt its strategy without additional training.

We introduce Budget Tracker, a lightweight, plug-and-play module that surfaces real-
time budget states within the agent’s reasoning loop. At the first iteration, the tracker
provides a brief policy guideline describing the budget regimes and corresponding tool-use
recommendations (see Appendix D). At each subsequent iteration, it appends a budget
status block showing the remaining and used budgets for each tool. Though simple, this
mechanism allows the agent to condition its reasoning on the updated resource state:

<budget> Tooli Budget Used: ##, Tooli Budget Remaining: ##
Make the best use of the available resources. </budget>

3.2 Scaling with Budget Awareness

To better understand how agent behaviors scale under different budget constraints, we
study two mainstream test-time scaling paradigms: sequential scaling and parallel scaling.
In sequential scaling, we adopt the budget-forcing strategy (Muennighoff et al., 2025) by
appending the message when the agent proposes an answer: “Wait, you still have remaining
tool budget, use more search and browse tools to explore different information sources
before concluding.” This encourages the model to reevaluate its reasoning and make
better use of its available tool calls. In parallel scaling, we fix the per-run budget and conduct
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multiple independent runs, reporting Majority Vote, Best-of-N and Pass@N results following
standard test-time scaling practice (Wei et al., 2025). See Appendix C.4 for more details.

3.3 Results and Analysis

We evaluate Budget Tracker on three information-seeking benchmarks (BrowseComp (Wei
et al., 2025), BrowseComp-ZH (Zhou et al., 2025) and HLE-Search (Phan et al., 2025; Han
et al., 2025a); details in Section 5.1) and on conversational tasks (τ2-bench (Barres et al.,
2025); Appendix C.2). Building on the ReAct framework, the Budget Tracker is inserted
immediately after each tool response. Each tool is assigned a budget of 100, and the process
stops when any budget is exhausted or the agent reaches a final answer.

Model Method BrowseComp BrowseComp-ZH HLE-Search

Gemini-2.5-Pro ReAct 12.6±1.2 31.5±1.5 20.5±0.5

+ Budget Tracker 14.6±1.2 32.9±0.5 21.8±1.0

Gemini-2.5-Flash ReAct 9.7±0.5 26.5±0.7 14.7±1.1

+ Budget Tracker 10.7±0.2 28.7±1.7 17.3±2.3

Claude-Sonnet-4 ReAct 12.2±0.6 29.1±1.7 20.5±0.5

+ Budget Tracker 14.0±0.5 31.1±1.2 23.0±0.5

Table 1: Results show consistent accuracy gains with Budget Tracker integration across
different models and benchmarks. The results are averaged over 3 independent runs.

Budget Tracker enables higher performance under the same budget. Table 1 compares
ReAct with and without the Budget Tracker under identical budget limits. Across different
models, adding the tracker consistently improves accuracy on all the datasets. Making
budget signals explicit encourages more strategic and positive agent tool-use behavior.

Method Budget Acc (%) Consumed resources

# search # browse cost (¢)

ReAct
10 10.3 7.87 0.60 5.2
30 10.5 13.77 1.33 8.0

100 12.6 14.24 1.36 9.9

+ Budget Tracker 10 12.8 8.48 1.09 6.8

Table 2: Comparison under different budgets using Gemini-2.5-Pro. With 10× less budget
(10 vs. 100), Budget Tracker (+ BT) achieves comparable accuracy while requiring fewer tool
calls and lower total cost, highlighting the benefits of budget awareness.

Fails to utilize extra budget

Keeps scaling with extra budget

Figure 3: ReAct saturates and fails to utilize
additional tool budget, reaching a perfor-
mance ceiling, while Budget Tracker contin-
ues to scale effectively with larger budgets.

Budget Tracker achieves lower resource us-
age and cost under similar accuracy. In Ta-
ble 2, the consumed resources report the aver-
age number of search and browse tool calls, as
well as the unified cost combining tool usage
and token consumption per question. Increas-
ing the tool-use budget in ReAct improves
performance but also raises both tool call fre-
quency and total cost. In contrast, Budget
Tracker achieves comparable accuracy with
less budget (10 vs. 100), while using 40.4%
fewer search calls, 19.9% fewer browse calls,
and reducing overall cost by 31.3%. This
demonstrates that explicit budget awareness
enables more efficient tool use without sacri-
ficing accuracy.

Budget Tracker facilitates continued scaling
by simply adding budget awareness. Figure 3 illustrates Gemini-2.5-Pro’s performance on
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Figure 4: Sequential scaling comparison
(Gemini-2.5-Pro). With explicit budget
awareness, Budget Tracker overcomes early
plateaus by adapting budget utilization to
extend the cost-performance frontier.
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Figure 5: Parallel scaling comparison
(Gemini-2.5-Pro). The left subfigure shows
accuracy scaling with increasing parallel
runs, while the right subfigure illustrates
the corresponding cost–performance trend.

BrowseComp as tool budget increases. ReAct saturates at a budget of 100 on BrowseComp,
terminating prematurely because it believes it has found a sufficient answer or is stuck,
unaware of unused resources, even though the context window is not filled up. Budget
Tracker breaks this ceiling by explicitly surfacing remaining resources, enabling the agent to
leverage larger budgets and continue scaling.

3.4 Analysis on Test-time Scaling Strategies

Budget Tracker consistently pushes the Pareto frontier across different test-time scaling
strategies. Sequential scaling prompts the agent to continue exploring until it refuses to
invoke any tools for five consecutive iterations, where the agent concludes that no tool
calls are necessary. In Figure 4, this strategy improves ReAct but eventually hits a ceiling.
Budget Tracker sustains gains beyond this plateau and advances the cost–performance
Pareto frontier, achieving both more effective scaling and more efficient tool utilization.

For parallel scaling, we set a fixed budget of 50 per run for Gemini-2.5-Pro, as empirical ob-
servations indicate that only 0.8% of the BrowseComp data requires more (see Appendix C.1).
In Figure 5, we use identical sample sizes for both settings and report Majority Vote and
Best-of-N results (Pass@N results in Appendix C.4). On the right, the figure illustrates the
cost–performance scaling, where Budget Tracker consistently yields a superior curve.

4 BATS: Budget-Aware Test-time Scaling

Building on the effectiveness of budget awareness, we propose BATS, a Budget-Aware
Test-time Scaling framework that we instantiate for search agents. As shown in Figure 6,
given a question and a tool call budget, BATS begins with internal reasoning to formulate a
structured action plan and decide which tools to invoke. Tool calls are triggered through
special tokens (Hao et al., 2023), and the returned tool responses are appended to the
reasoning sequence, expanding the context with new evidence. When the agent proposes
a candidate answer, the verification module checks its validity and decides whether to
continue the current sequence or initiate a new attempt with the remaining budget. The
iterative process terminates once any budgeted resource is exhausted. Finally, an LLM-
as-a-judge selects the best answer across all verified candidates. The complete algorithm
pseudocode is in Appendix B; the full system instructions are provided in Appendix D.

4.1 Budget-Aware Planning

Planning in BATS incorporates both constraint decomposition and structured dynamic planning.
Selecting a good starting point is critical: a well-chosen entry narrows the search space and
conserves budget, while a poor choice quickly exhausts it (see example in Appendix F.1). To
address this, the agent first decomposes question clues into two categories: (1) exploration,
to expand the candidate space, and (2) verification, to validate specific properties. While
a verification clue can sometimes provide a direct shortcut to the answer, relying on it
prematurely is risky, as it may consume resources without guaranteeing progress.
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Attempt 2
Query 30 / 50

URL 40 / 50
…

Tool Call

Tool Response

Budget Tracker
Query Budget: 
50 / 50
URL Budget: 
50 / 50

Question
Between 1990 and 1994 (Inclusive), what teams played in a soccer match with a Brazilian referee had four yellow cards, two for each team where three of the total four were not 
issued during the first half, and four substitutions, one of which was for an injury in the first 25 minutes of the match.

Thinking & Planning
The tool budget is sufficient. Let’s carry out the plan.
☑Identify Brazilian referees officiating in major tournaments 1990-1994.
    ☐In the 1994 FIFA World Cup.
    ☐In the 1990 FIFA World Cup.
      ☐In Copa América 1991 and 1993.
☐For each identified referee, find the matches they officiated.
☐For each match, find a detailed match report and verify the conditions.

Answer
Contradiction. 
I could not find an answer.

Verification
Summary: The current plan has not been fully 
executed...There are still several identified matches that 
have not been checked, and the budget is sufficient to 
complete this investigation.
Decision: Continue Continue / Pivot

Success

Budget Tracker
Query Budget: 30 / 50
URL Budget: 40 / 50

Attempt 1
Query 50 / 50

URL 50 / 50

Remaining Budget
Query Budget: 30 / 50
URL Budget: 40 / 50

✖N iterations

Answer  1 & 
Verification 1

Answer  2 & 
Verification 2

Budget Tracker
Query Budget: 0 / 50
URL Budget: 0 / 50

Attempt K
Query 0 / 50

URL 0 / 50

Answer  2 & 
Verification 2Answer Selection Answer  1 & 

Verification 1
Answer  K & 
Verification K…

Figure 6: Overview of BATS. Given a question and per-tool budgets, the agent performs
budget-aware thinking and planning via a checklist. It iterates by reasoning over new
information and updated budgets. When an answer is proposed, verification decides to
continue, pivot, or restart. BATS terminates when any budget is exhausted.

The agent maintains a persistent, tree-structured plan that acts as a dynamic checklist for
resource allocation, where all completed, failed, or partial steps are retained to prevent
redundant tool calls (full prompt in Appendix D.2). In Figure 6, each step represents a
subtask requiring multiple tool calls. After each iteration, the module refines the tree by
adding branches, resolving steps, or invalidating unproductive paths, adjusting exploration
breadth and verification depth based on the remaining budget.

4.2 Budget-Aware Self-verification

Once the agent proposes an answer, the self-verification module re-evaluates the reasoning
trajectory and corresponding resource usage (full prompt in Appendix D.3). It performs
a constraint-by-constraint backward check: using the extracted exploration and verifica-
tion clues, the module assesses each constraint as satisfied, contradicted, or unverifiable,
grounding the answer directly against the question’s requirements.

Based on this analysis, the module then makes a verification decision considering budget
status. If all constraints are satisfied, the answer is marked as a SUCCESS. If several
constraints remain unverifiable but the trajectory is promising and budget permits deeper
exploration, the outcome is CONTINUE. If contradictions are found or remaining budget
cannot support further investigation, the agent terminates low-yield directions early and
PIVOTs to avoid wasting resources while alternatives remain viable.

When the decision is to CONTINUE or PIVOT, the module generates a concise summary
replacing the raw trajectory in context, including key reasoning steps, intermediate find-
ings, failure causes, and suggestions for optimization to avoid redundant exploration. By
compressing the reasoning trajectory into a compact and informative summary, the verifier
reduces context length while keeping subsequent steps grounded in prior findings.

Together, constraint checking, explicit decision rules, and budget-aware summarization
allow BATS to terminate low-yield trajectories early and continue promising ones efficiently.

5 Experiments and Results

5.1 Setup

Datasets. We evaluate our methods on 3 information seeking benchmarks: BrowseC-
omp (Wei et al., 2025), a dataset of 1,266 web-browsing questions requiring persistent
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retrieval; BrowseComp-ZH (Zhou et al., 2025), a 289-question Chinese benchmark designed
to test agents’ performance in region-specific web environments; and HLE-Search (Han
et al., 2025a), a curated 200-question subset of Humanity’s Last Exam (Phan et al., 2025) fo-
cusing on queries that explicitly require search rather than pure reasoning. We also evaluate
Budget Tracker on 114 tasks from τ2-bench (Barres et al., 2025) retail subset which focuses
on domain-specific user-agent conversations. The details are provided in Appendix C.2.

Baselines. We compare BATS against a range of models and agentic frameworks, including
both general-purpose base models called directly without tool augmentation (Jaech et al.,
2024; Comanici et al., 2025; Anthropic, 2025a;b) and those specifically fine-tuned for agentic
search tasks (Li et al., 2025b; Liu et al., 2025a). Specifically, SLIM periodically summarizes
the running trajectory into a concise state that is carried forward to facilitate longer horizons
and more efficient scaling (Yen et al., 2025). To evaluate the final answer accuracy, we
use Gemini-2.5-Flash as the judge model and adopt the evaluation prompt from Phan
et al. (2025). Baseline results for HLE-Search are scraped from Han et al. (2025a). We
use a temperature of 0.7 for execution and 0.0 for evaluation; implementation details and
temperature analysis are in Appendix A.2 and C.5.

To analyze scaling behavior, we primarily compare BATS with parallel scaling. This ensures
a direct, resource-equivalent comparison: increasing parallel sample size scales total tool
consumption in the same way BATS ’s iterative attempts do. By default, we use Gemini-
2.5-Flash to select the most common answer via a majority vote (Wang et al., 2023) (see
Appendix C.4 for details). For experiments in Section 5.2, to enforce the budget constraint
for each question, we continue sampling new sequences until the budget is fully consumed.
Thus the number of sampled sequences may differ across questions.

5.2 Results
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Figure 7: Scaling behaviors along (a) total
number of tool calls and (b) average unified
cost, evaluated on a 200-example subset of
BrowseComp using Gemini-2.5-Pro.

Table 3 shows the performance comparison
across different web search agents. Under
the strict budget constraints of 100 tool uses
for BrowseComp, BATS consistently achieves
better results than baselines, obtaining 24.6%
on BrowseComp, 46.0% on BrowseComp-ZH
and 27.0% on HLE-Search using Gemini-2.5-
Pro. Crucially, while many comparing agents
rely on extensive task-specific training to
boost performance, BATS is entirely training-
free. This result highlights the effectiveness of
our budget-aware design, which maximizes
the efficiency of every tool call to achieve su-
perior results in resource-constrained settings
without the need for additional fine-tuning.

BATS achieves higher performance under the same budget constraint. We vary the
tool-call budget and evaluate performance on a random subset of 200 examples from
BrowseComp for a manageable analysis. Figure 7 (left) shows the accuracy against the
average number of tool calls, including both search and browse. Across all budget levels,
BATS consistently outperforms the parallel majority-vote baseline, demonstrating that
budget-aware adaptation leads to more effective use of limited tool calls.

BATS achieves higher performance when accounting for unified costs. Beyond tool-call
counts, we measure performance under a unified cost metric that incorporates both token
usage and tool-call expenses. In Figure 7 (right), BATS achieves more favorable scaling
curves, delivering higher accuracy at comparable or lower costs. BATS not only improves
effectiveness under budget constraints but also yields better cost–performance trade-offs.
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Method Training BrowseComp BrowseComp-ZH HLE-Search

Model Only (w/o tools)

Claude-3.7-Sonnet⋆ ✗ 2.3 11.8 -
Gemini-2.5-Flash ✗ 2.7 23.9 2.8
Gemini-2.5-Pro ✗ 6.3 27.8 8.6

Training-based Agents (w/ tools)

WebSailor⋆ ✓ 12.0 30.1 -
WebExplorer⋆ ✓ 15.7 32.0 -
OpenAI Deep Research⋆ ✓ 51.5 42.9 29.1

Budget-constrained (w/ tools)

Claude-Sonnet-4 ReAct ✗ 12.2 29.1 20.5
Claude-Sonnet-4 SLIM ✗ 11.0 25.3 15.0
Claude-Sonnet-4 BATS (Ours) ✗ 19.1 41.5 29.0
Gemini-2.5-Flash ReAct ✗ 9.7 26.5 14.7
Gemini-2.5-Flash SLIM ✗ 10.6 26.3 14.5
Gemini-2.5-Flash BATS (Ours) ✗ 14.3 34.3 19.5
Gemini-2.5-Pro ReAct ✗ 12.6 31.5 20.5
Gemini-2.5-Pro SLIM ✗ 13.4 31.5 14.5
Gemini-2.5-Pro BATS (Ours) ✗ 24.6 46.0 27.0

Table 3: Performance comparison across web search agents. Results cited from other
publications are marked with ⋆. The “Training” column specifies whether the model has
been specifically trained on agentic web search tasks. For our budget-constrained setting,
each agent is provided a budget of 100 tool uses per tool.

Method BrowseComp BrowseComp-ZH HLE-Search

BATS 18.7 39.1 23.0
w/o Planning 17.0 34.6 20.0
w/o Verification 15.4 37.7 22.0
w/o Planning & Verification 14.6 32.9 21.5

Table 4: Ablation results of BATS with Gemini-2.5-Pro (budget = 100 per tool). Removing
different modules leads to various performance drops across datasets.

5.3 Analysis

Ablations. We present an ablation analysis of the key modules within BATS using Gemini-
2.5-Pro in Table 4. Across all settings, the agent is allocated a budget of 100 tool uses per
tool. To provide a clearer view of the orchestration framework, we focus on BATS with
the early-stopping mechanism, where generation terminates once an answer is verified
as success. The gap between these results and Table 3 demonstrates that continuing to
initiate new attempts with the remaining budget after an initial verified answer leads to
substantially higher accuracy.

Results indicate that removing the planning leads to a moderate performance decrease.
However, removing the verification module causes a more significant drop on BrowseComp
(from 18.7% to 15.4%). This suggests that the verification module is crucial for enabling the
agent to navigate the solution space and accurately assess its current progress. Removing
both modules results in lower performance (14.6% on BrowseComp), while BrowseComp-
ZH and HLE-Search exhibit some variance, likely due to the smaller dataset size. In addition,
questions in HLE-Search are typically shorter and contain fewer details that can be verified,
which limits the contribution of the verification module. Overall, the trend confirms that
both modules contribute positively to the orchestration framework’s effectiveness.

Additional analysis. In the Appendix, we further analyze a single-attempt early stopping
setting where the agent may terminate before exhausting its budget (C.6), resource consump-
tion breakdowns (C.7), and case studies (F). We also provide an analysis of the behavioral
mechanisms underlying these improvements in Appendix E.
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6 Related Work

6.1 Test-time Scaling

Test-time scaling (TTS) (Snell et al., 2024; Zhang et al., 2025a) strategies include sequential
refinement (Madaan et al., 2023; Zhang et al., 2025b; Muennighoff et al., 2025; Liu et al.,
2025b), parallel sampling with aggregation (Brown et al., 2024; Wang et al., 2023), and hybrid
approaches (Chen et al., 2025a;b; Wan et al., 2025; Li et al., 2024). While these focus on text-
only reasoning, we extend TTS to tool-augmented agents, where scaling accounts for both
tokens and tool calls under budget constraints. A complementary line of work constrains
the scaling effort via tokens, sampled sequences, or FLOPs (Nayab et al., 2024; Welleck et al.,
2024; Damani et al., 2025; Pu et al., 2025). AgentTTS (Wang et al., 2025a) optimizes LLM size
and sampling under a unified FLOPs budget, while SLIM (Yen et al., 2025) uses periodic
summarization to manage context growth. In contrast, we formalize and constrain the
tool-call budget, shifting the focus to budget-constrained scaling of tool-augmented agents.

6.2 Web Search Agents

Web search agents use search and browse tools to solve complex, multi-hop queries (Chen
et al., 2025c; Wong et al., 2025; Team et al., 2025a; Han et al., 2025a; Li et al., 2025a). One
research direction builds training data and applies various training methods to specialize
the models (Jin et al., 2025; Wu et al., 2025a; Li et al., 2025b; Liu et al., 2025a; Tao et al., 2025;
Ye et al., 2025; Li et al., 2025c). MiroThinker (Team et al., 2025b) shows scaling interactive
tool use is an effective dimension, but it often yields redundant or inefficient tool calls.
Another explores inference-time strategies (Li et al., 2025d; Zhu et al., 2025a; Qiao et al., 2025;
Qin et al., 2025), such as incorporating programmatic execution to perform multiple tool
call actions (Pang et al., 2025), finding an optimal, statically efficient configuration (Wang
et al., 2025b), or exploring various design choices when scaling test-time compute (Zhu
et al., 2025b). Instead, our work focuses on dynamic, cost-effective performance, providing
the first analysis of agent scaling behavior under explicit budget constraints.

7 Conclusion

In this work, we present the first systematic study of budget-constrained tool-use agents
and their test-time scaling behaviors. We introduce the Budget Tracker, a lightweight
plug-in that provides budget awareness, and BATS, a framework that dynamically adapts
planning and verification based on real-time resource status. Experiments show that budget
awareness enables stronger scaling and pushes the cost-performance Pareto frontier. By
formalizing tool-call budgets as a critical yet overlooked scaling dimension, our work offers
a principled foundation for building efficient and adaptive agents.

Ethics Statement

Our work does not involve human subjects, personally identifiable information, or any
data with sensitive ethical implications. Our framework design promotes more efficient
compute utilization and reduces the unnecessary consumption of tokens and tool calls.
This contributes to the broader goal of making large-scale AI systems more sustainable and
reducing the environmental footprint of long-horizon reasoning.

Disclosure of LLM Usage

We acknowledge the use of LLMs (ChatGPT, Gemini and Claude) exclusively for editing the
text to correct grammatical errors and improve clarity and flow. All core scientific content
and research ideas were authored solely by the human authors.
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To ensure reproducibility, we provide the complete algorithm pseudocode for BATS (Ap-
pendix B), full system prompts for all modules (Appendix D), and detailed implementation
configurations including model settings and tool providers (Appendix A.2). All evaluation
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A Experiment Details

A.1 Resource Cost

The cost of tool calls is determined by the pricing of the providers. To standardize billing,
we’ve established a unified rate of $0.001 per invocation for both search API calls and web
browsing actions. Because different URLs produce varying amounts of text and tokens,
this per-call rate is derived as an average computed from post hoc statistics over all our
experiments. The consumption of tokens is billed separately, adhering to the official pricing
models of the API provider pricing1.

A.2 Implementation Details

We use Gemini-2.5-Flash, Gemini-2.5-Pro (Comanici et al., 2025) and Claude-Sonnet-4 (An-
thropic, 2025b) as the backbone models in our framework. By default, we disable the
thinking mode by setting the thinking budget as 0 for Gemini-2.5-Flash and 1024 for Gemini-
2.5-Pro models. The maximum number of new tokens for generation was set to 65,536 for
Gemini models and 64,000 for Claude. We use a temperature of 0.7 during agent execution to
encourage exploration, and use a deterministic temperature of 0.0 for final answer selection
and answer evaluation. We use the Google Custom Search JSON API2 and SERPER3for
search tools, Jina.ai4 and Crawl4AI (UncleCode, 2024) for web browsing. When reproducing
SLIM (Yen et al., 2025), we set the maximum number of iterations to 100, the maximum
token count to 64K, and the summary interval to 50 following the default settings.

To keep the context length manageable, we employ several simple context management
strategies. For each browse tool call, the fetched webpage is truncated to 150,000 characters
before being sent to the model. At every iteration, we discard tool outputs from previous
steps and retain only the most recent tool response, preventing the context from growing
with accumulated tool results. In BATS’s verification module, we further control context size
by periodically replacing the historical trajectory with summary. Since the agent determines
when to activate the verification module, we perform a check during each invocation: if
more than K iterations have passed since the last update (with K = 10 in our experiments),
we replace the older reasoning trace with a concise summary derived from the verification
outputs.

B Algorithm

Algorithm 1 provides the complete pseudocode for BATS. Given a question x and per-tool
budgets b = (b1, . . . , bK), the agent iteratively reasons, plans, and invokes tools while the

1https://cloud.google.com/vertex-ai/generative-ai/pricing
2https://developers.google.com/custom-search/v1/overview
3https://serper.dev/
4https://jina.ai/
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Budget Tracker maintains real-time resource states. When a candidate answer is proposed,
the self-verification module evaluates it and decides to CONTINUE, PIVOT, or declare
SUCCESS. Upon pivoting, the trajectory is compressed into a summary and a new attempt
begins with the remaining budget. The process terminates when any budget is exhausted,
and a final judge selects the best answer among all verified candidates.

Algorithm 1 BATS: Budget-Aware Test-time Scaling

Require: Question x, tool set T = {t1, . . . , tK}, per-tool budgets b = (b1, . . . , bK)
Ensure: Final answer ŷ

1: A ← ∅ ▷ Verified answer set
2: u← (0, . . . , 0) ▷ Per-tool usage counters
3: S ← ∅ ▷ Trajectory summaries from previous attempts
4: ŷlast ← None ▷ Most recent candidate answer
5: Decompose x into exploration and verification constraints
6: while ui < bi for all i = 1, . . . , K do ▷ Budget not exhausted
7: // Budget-Aware Planning & Reasoning
8: Inject budget status (b− u) via Budget Tracker
9: Generate reasoning conditioned on x, P , S , and budget status

10: Update plan P : add branches, resolve or invalidate steps
11: if agent decides to invoke tool ti with arguments a then
12: r← ti(a) ▷ Execute tool call
13: ui ← ui + 1
14: Append response r to reasoning context
15: else if agent proposes candidate answer ŷc then
16: ŷlast ← ŷc
17: // Budget-Aware Self-Verification
18: d← VERIFY(ŷc, x, trajectory, b− u)
19: if d = SUCCESS then
20: A ← A∪ {ŷc}
21: Summarize trajectory→ s; S ← S ∪ {s}
22: Reset reasoning context; start new attempt
23: else if d = CONTINUE then
24: Summarize trajectory→ s (if context exceeds threshold)
25: Continue current reasoning path
26: else if d = PIVOT then
27: Summarize trajectory→ s; S ← S ∪ {s}
28: Reset reasoning context; abandon current direction in P
29: end if
30: end if
31: end while
32: if A ̸= ∅ then
33: ŷ← JUDGESELECT(A) ▷ LLM-as-judge picks best answer
34: else
35: ŷ← ŷlast ▷ Fallback to last candidate
36: end if
37: return ŷ

C Additional Analysis

C.1 Tool Usage Breakdown

In Table 5, we examine how the ReAct baseline utilizes tools under different budget con-
straints on the BrowseComp dataset. As expected, increasing the allowed tool budget
enables the agent to interact more with the environment, leading to improved accuracy. The
Over-Budget% column shows the proportion of examples that exhaust the allocated tool
budget. For Gemini-2.5-Pro, only 0.8% of the data requires more than 50 tool calls, whereas
Gemini-2.5-Flash shows a higher reliance on tool usage, with 2.6% of the queries exceeding
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Model Budget Acc % Query URL

Avg. # Over-Budget % Avg. # Over-Budget %

Gemini-2.5-Pro
30 10.5 13.77 9.24 1.33 0.00
50 12.4 13.95 0.79 1.31 0.00

100 12.6 14.24 0.00 1.36 0.00

Gemini-2.5-Flash
30 9.0 22.77 42.81 1.04 0.00
50 9.7 28.88 14.22 1.24 0.00

100 10.0 29.93 2.60 1.36 0.00

Table 5: Resource usage statistics of the ReAct baseline using Gemini-2.5-Pro and Gemini-
2.5-Flash on the BrowseComp dataset. Over-Budget % denotes the percentage of data that
reaches the given tool budget limit.

a budget of 100. Notably, Flash models issue roughly twice as many search queries as Pro
models. This suggests that the stronger parametric knowledge of Gemini-2.5-Pro allows
it to navigate the search space more efficiently, reducing reliance on externally gathered
evidence and enabling it to solve queries with fewer tool calls.

C.2 Generalization to Conversational Agents

To verify the generalizability of budget awareness beyond search agents, we extend our
experiments to general conversational tasks via τ2-bench (Barres et al., 2025). Unlike search
agents, agents in this benchmark must engage in multi-turn dialogues with users and invoke
various tools to resolve complex, real-world tasks.

Experiment Details. A key advantage of our Budget Tracker plugin is its high modularity
and ease of integration into existing open-source frameworks. We implement all experiments
in this section by plugging the tracker into the official τ2-bench public codebase5 with
minimal modifications. For the experimental setup, we utilize Gemini-2.5-Flash (32K context
window) as the backbone for both the agent and the user simulator, with temperatures set
to 0.7 and 0.0, respectively. To reflect realistic resource constraints, we apply a unified global
budget rather than per-tool limits. We set total tool-call limits of 10, 30, and 50, allowing the
agent to flexibly allocate its available resources across each task execution. We use the Retail
subset which contains 114 data in total.

Metrics. We use the metrics from the official codebase and report Avg@k and Pass^k
scores (Yao et al., 2024; Barres et al., 2025). Pass^k reflects the rate at which a task succeeds
in all k independent attempts, averaged across the task set. This metric highlights reliability
and consistency, which are important for conversational customer service tasks in this
dataset.

Results. Table 6 demonstrates the effectiveness of budget awareness across two key di-
mensions. First, under the same budget constraints, Budget Tracker consistently delivers
better performance. At a budget of 10, it improves Avg@4 from 47.8% to 55.5% and Pass^4
from 21.9% to 27.2%. Second, under similar or higher performance levels, Budget Tracker
utilizes lower costs and fewer tool calls. Specifically, our method at a budget of 10 already
surpasses the Baseline’s Pass^4 performance at a budget of 50 (27.2% vs. 26.3%), while
requiring approximately 18.4% fewer tool calls (5.38 vs. 6.59) and lower total cost. This
indicates that budget-aware agents achieve higher reliability through strategic resource
management rather than simply relying on increased tool call invocations.

C.3 Generalization to Coding Agents

To further evaluate whether budget awareness generalizes beyond search and conver-
sational settings, we conduct an additional experiment on all 500 tasks in SWE-bench
Verified (Jimenez et al., 2024) using Gemini-3-Flash-Preview within the mini-swe-agent

5https://github.com/sierra-research/tau2-bench
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Method Budget Performance (%) Consumed resources

Avg@4 Pass^4 # tool cost (¢)

Baseline
10 47.8 21.9 6.29 2.64
30 59.0 26.3 6.59 2.89
50 59.0 26.3 6.59 2.89

+ Budget Tracker
10 55.5 27.2 5.38 2.72
30 61.4 28.9 6.66 3.00
50 63.2 36.0 6.82 3.04

Table 6: Generalizability evaluation on conversational tasks via τ2-bench Retail subset using
Gemini-2.5-Flash. Under unified global budgets (10, 30, 50 tool-call limits), the modular
Budget Tracker consistently enhances reliability (Pass^4) and average performance (Avg@4)
compared to the baseline.

framework (Yang et al., 2024). Coding agents in this setting must inspect and modify soft-
ware repositories through iterative Bash tool use, providing a substantially different tool-use
environment from the web search tasks studied in the main paper.

Experiment Details. We integrate Budget Tracker into mini-swe-agent and use the same
budget-awareness prompt as in our main experiments, with only minor wording changes
that adapt the instructions from search and browse tools to Bash tool use. We impose a
global tool-call budget for each task and compare the standard baseline against the baseline
augmented with Budget Tracker.

Metrics. We report the resolve rate on SWE-bench Verified, the mean number of tool calls
consumed per task, and the mean token cost in cents. Table 7 summarizes the results.

Method Budget Performance (%) Consumed resources

Resolve Rate # tool cost (¢)

Baseline
50 36.8 46.0 18.50
60 53.2 50.7 20.40
70 63.0 53.6 21.59

+ Budget Tracker 50 55.4 45.7 18.88
70 70.0 55.1 23.31

Table 7: Generalizability evaluation on all 500 SWE-bench Verified tasks using Gemini-3-
Flash-Preview within the mini-swe-agent framework. Budget Tracker improves resolve rate
while maintaining comparable tool usage and token cost.

Results. Table 7 shows that the benefits of budget awareness extend to software engineering
agents. First, under the same budget constraints, Budget Tracker substantially improves
task resolution at comparable resource usage. At a budget of 50, Budget Tracker increases
the resolve rate by 18.6 percentage points (55.4% vs. 36.8%) while using a similar number of
tool calls (45.7 vs. 46.0) and incurring a similar token cost (18.88¢ vs. 18.50¢).

Second, Budget Tracker produces a clear Pareto improvement over a higher-budget
baseline. Budget Tracker with a budget of 50 outperforms the baseline with a budget of
60 on every measured axis: it uses 9.9% fewer tool calls (45.7 vs. 50.7), reduces token cost
by 7.5% (18.88¢ vs. 20.40¢), and improves resolve rate by 2.2 percentage points (55.4% vs.
53.2%). These results reinforce our main conclusion: across web search, conversational, and
coding tasks, explicit budget awareness helps agents make more effective use of available
tool calls across diverse tool-use domains.
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C.4 Parallel Scaling Details

For Majority Vote, we aggregate the final answers across different samples and use a judge
model (Gemini-2.5-Flash) to identify the consensus answer. For Best-of-N, we provide all
response trajectories to the judge model and select the most promising one. For Pass@N,
the score is calculated as 1 if any of the sampled responses contain the correct answer.
The prompts used for these evaluations are provided in Appendix D.4. In Figure 8, we
additionally report the Pass@N results for ReAct and Budget Tracker under parallel scaling
settings. Budget Tracker consistently achieves higher overall accuracy across varying
budgets and cost levels.
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Figure 8: Pass@N results of Budget Tracker and ReAct in parallel scaling. The left subfigure
shows accuracy scaling with increasing parallel runs, while the right subfigure illustrates
the corresponding cost–performance trend.

C.5 Temperature Sensitivity

For model generation, we adopt a temperature of T = 0.7 for all tasks, which facilitates
the diverse reasoning paths necessary for exploration. For final answer selection, we use
a temperature of T = 0.0 to maintain deterministic scoring and ensure reproducibility. To
validate these hyperparameter choices, we conduct a comparison using a 200-sample subset
of the BrowseComp dataset with Gemini-2.5-Flash. As shown in Table 8, the model exhibits
stability across various decoding configurations, with T = 0.7 providing the optimal balance
of exploration and precision.

Temperature 0.0 0.3 0.7 1.0

Acc (%) 15.0 14.0 16.0 14.0

Table 8: Comparison of different temperature settings on model accuracy. Results are based
on a 200-sample subset of BrowseComp using Gemini-2.5-Flash.

C.6 Early Stopping Analysis

We analyze how effectively agents can solve questions under budget constraints when
allowed to stop early, without exhausting all tool calls. This setting reflects realistic scenarios
where efficient, confident answers are preferable to prolonged exploration. To isolate this
behavior, we focus on the agent’s first attempt only. For BATS, this is the first answer that
successfully passes self-verification. For baselines that lack verification, we use the output
from a single generation pass as their first attempt. If any tool budget is exhausted before
this first attempt completes, the agent will stop and output a final answer based on its
progress so far. This evaluation captures both efficiency and robustness, testing whether
agents can solve questions quickly without being forced to use their full budgets.

Budget awareness enables BATS to scale effectively with increased resources. Figure 9
presents the early stopping performance on BrowseComp-ZH using Gemini-2.5-Pro. The
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Fails to utilize extra budget

Figure 9: Performance and resource utilization with early stopping on BrowseComp-ZH
using Gemini-2.5-Pro. The bars represent the average number of Search and Browse tool
calls (left axis), and the line plots indicate accuracy (right axis). While ReAct plateaus and
fails to utilize additional budget, BATS effectively scales up tool usage to achieve higher
accuracy as the budget increases.

x-axis denotes the predefined tool call budget for both search and browse tool calls. Bars
show the average number of tool calls actually used, while the line plot reports the resulting
accuracy. The ReAct baseline (Figure 9 left) exhibits poor budget utilization: it consistently
underuses the browse tool (fewer than 0.1 calls on average) and reaches a performance
plateau early, with accuracy capped at 30.7% for all budgets of 30 and above. This behavior
shows its inability to benefit from additional resources. In contrast, BATS (Figure 9 right)
shows strong budget-adaptive behavior. As the budget increases, it strategically raises
its use of both search and browse tools, leading to steady gains from 29.8% (budget=3) to
37.4% (budget=200). Notably, with a budget of 5, BATS already surpasses the baseline’s
best achievable accuracy. This demonstrates BATS’s ability to make more strategic and
cost-effective decisions, delivering higher accuracy even with fewer resources.
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Figure 10: Average unified cost analysis on
BrowseComp-ZH using Gemini-2.5-Pro.

BATS pushes the cost–performance Pareto
frontier even further by leveraging early
stopping. To provide a direct and trans-
parent comparison of cost-efficiency, Fig-
ure 10 shows accuracy against the actual
unified cost. BATS demonstrates a much
steeper performance curve, indicating that
it achieves higher accuracy for a lower
cost compared to the parallel majority vote
baseline. BATS reaches over 37% accuracy
for approximately $0.23, while the paral-
lel baseline requires more than double that
cost (over $0.50) to achieve a comparable re-
sult. This efficiency benefits from its budget-
aware verification module, which enables
early termination upon finding a satisfac-
tory answer and minimizes unnecessary spending.

C.7 Resource Usage Breakdown

Table 9 reports the detailed breakdown of tool calls and token consumption in BATS using
Gemini-2.5-Pro on BrowseComp. We compare our approach against the variant BATS-
response, which keeps the full tool responses from previous rounds. In contrast, BATS
removes these responses to optimize context length. In the table, token usage is reported as
a triplet: (Input / Output / Cache). The results demonstrate that removing historical tool re-
sponses does not compromise performance (maintaining similar accuracy) but significantly
reduces computational overhead. This efficiency is evidenced by the substantial decrease in
cache tokens and the reduction in overall cost.
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Acc (%) # search # browse Total tokens Veri. tokens Cost ($)

BATS 24.6 87.3 13.6 32.1 / 6.9 / 39.3 1.1 / 1.2 / 7.6 1.1
BATS-response 24.3 84.4 14.6 33.6 / 6.5 / 91.8 1.0 / 1.3 / 17.1 1.2

Table 9: Resource usage comparison. Token counts are reported as Input / Output / Cache
(in 10,000). BATS achieves comparable accuracy to the full-context baseline (BATS-response)
while significantly reducing cache token usage and cost.

D Prompts

Our prompt for web search agents is developed based on Jin et al. (2025) and Li et al. (2025b).

D.1 ReAct+ Budget Tracker

ReAct + Budget Tracker

You are an AI reasoner with Google Search and Browsing tools. Solve the question by iterating: think,
tool_code, tool_response, answer.

## Tools
You have access to 2 tools: search and browse.
{
"name": "search",
"description": "Performs batched web searches: supply an array 'query'; the tool retrieves the top 10

results for each query in one call.",
"parameters": {
"type": "object",
"properties": {
"query": {
"type": "array",
"items": {
"type": "string"

},
"description": "Array of query strings. Include multiple complementary search queries in a

single call."
}

},
"required": [
"query"

]
}

},
{
"name": "browse",
"description": "Visit webpage(s) and return the summary of the content.",
"parameters": {

"type": "object",
"properties": {

"url": {
"type": "array",
"items": {"type": "string"},
"description": "The URL(s) of the webpage(s) to visit. Can be a single URL or an array

of URLs."
},
"goal": {

"type": "string",
"description": "The specific information goal for browsing webpage(s)."

}
},
"required": [

"url",
"goal"

]
}

}

You should start with one or more cycles of (thinking about which tool to use -> performing tool code ->
waiting for tool response), and end with (thinking about the answer -> answer of the question).

The thinking processes, tool codes, tool responses, and answer are enclosed within their tags.
There could be multiple thinking processes, tool codes, tool call parameters and tool response
parameters.

## Budget

You have two independent budgets:
- Query Budget (for search)
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- URL Budget (for browse)
Each string in 'query' or 'url' consumes 1 unit respectively.

After each <tool_response>, a <budget> tag shows remaining units.
You must ADAPT your strategy dynamically to the current budget state.

### HIGH Budget (>=70% remaining)
- Search: 3-5 diverse queries in one batch.
- Browse: up to 2-3 high-value URLs.
- Goal: Broad exploration, build context fast.

### MEDIUM Budget (30%-70%)
- Search: 2-3 precise, refined queries per cycle.
- Browse: 1-2 URLs that close key knowledge gaps.
- Goal: Converge; eliminate uncertainty efficiently.

### LOW Budget (10%-30%)
- Search: 1 tightly focused query.
- Browse: at most 1 most promising URL.
- Goal: Verify a single critical fact or finalize answer.

### CRITICAL (<10% remaining or 0 in one budget)
- Avoid using the depleted tool.
- Only perform 1 minimal-cost query or browse if absolutely essential.
- If uncertainty remains and no tool use is possible, output <answer>None</answer>.

## Step syntax

<think>
Thinking process. Analyze the query, your internal knowledge, and search results to build your reasoning.

Always justify tool choices based on the remaining budgets.
</think>
<tool_code>
{"name": "tool name here", "arguments": {"parameter name here": parameter value here, "another parameter

name here": another parameter value here, ...}}
</tool_code>
<tool_response>
tool_response here
</tool_response>
<budget>
Query Budget Used: [number], Query Budget Remaining: [number], URL Budget Used: [number], URL Budget

Remaining: [number]
</budget>

Repeat <think><tool_code> until you have the final answer.
<answer> Final solution only. </answer>

## About answers

* Only write the final answer inside <answer> and </answer>.
* If you cannot find the answer, write <answer>None</answer>.

Figure 11: Prompts used in ReAct + Budget Tracker.

D.2 Planning Module

Budget-aware Planning Module in BATS

## About questions

Questions contain two types of constraints: exploration and verification.
* Exploration: Broad, core requirements (e.g., birthday, profession). Use these for initial searches to

surface candidates. You may combine 1-2 to form stronger queries.
* Verification: Narrow, specific details. Apply these only after you have candidates, to confirm or

filter them. Never begin with verification constraints.
Start with exploration queries, then use verification to validate the results.

## About planning

Maintain a tree-structured checklist of actionable steps (each may require several tool calls).
- Mark each step with its status: [ ] pending, [x] done, [!] failed, [~] partial.
- Use numbered branches (1.1, 1.2) to represent alternative paths or candidate leads.
- Log resource usage after execution: (Query=#, URL=#).
- Keep all executed steps, never delete them, retain history to avoid repeats.
- Update dynamically as you reason and gather info, adding or revising steps as needed.
- Always consider current and remaining budget when updating the plan.

Figure 12: Prompts used in planning module of BATS.
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D.3 Self-verification Module

Budget-aware Self-verification Module in BATS

You are an AI Strategic Verifier. Your primary goal is to evaluate a proposed answer, assess the
viability of the current problem-solving plan, and decide the best course of action: declare
success, continue with the current plan, or pivot to a new one.

### Given Inputs

* Question: The original user question. An answer is believed to exist.
* Trajectory: The sequence of reasoning steps and tool calls taken so far in the current attempt.
* Current Answer: The final answer produced by the current attempt.
* Budget Status: Information on current tool call budget utilization and remaining budget, including

search queries and browsing urls.

### Your Task: A 3-Step Process

You must proceed in the following order:

#### Step 1: Conduct Verification Analysis

First, perform a strict verification of the `Current Answer`.
* Go through each constraint from the original Question one by one.
* For each constraint, compare it against the `Current Answer` and the `Trajectory`.
* State your finding for each constraint: satisfied, contradicted, or unverifiable.

#### Step 2: Make a Strategic Decision

Based on your verification and the budget, make one of three decisions.

1. SUCCESS: If the verification in Step 1 passed (all constraints are satisfied). The task is complete.
2. CONTINUE: If the verification failed because few constraints are unverifiable, but the overall plan

is still sound and salvageable. This is the choice if **both** of these conditions are true:
* Promising Path: The `Trajectory` is generally sound, and the failure was due to a correctable
error.

* Sufficient Budget: There is enough `Remaining Budget` to attempt a correction on this path.
3. PIVOT: If the verification failed, signal to abandon the current plan and switch to another one. You

should pivot if any of these conditions are true:
* Dead End: The `Trajectory` reveals a fundamental flaw in the current plan's logic that cannot be
easily fixed.

* Failed Tool Calls: The Trajectory shows repeated, unsuccessful attempts to find certain info.
* Insufficient Budget: The `Remaining Budget` is too low to make another meaningful attempt or
correction within the *current* plan.

#### Step 3: Summarize for the Next Step

This is the most critical step for guiding future actions.
You need to first provide a **trajectory summary**: Summarize the agent's reasoning trajectory into a

concise narrative. Explain its initial goal, the logical steps taken, key findings and the final
conclusion, emphasizing how key findings or contradictions caused the agent to change its strategy.

Then, provide additional details tailored to your decision in Step 2.

* If the decision is SUCCESS:
* No further detail needed.

* If the decision is CONTINUE / PIVOT:
* Failure Analysis: Diagnose the root cause of the failure. Identify the critical flaw (e.g., poor
query design, flawed logic, misinterpreted evidence) and name the general failure pattern to
prevent its recurrence.

* Useful information: Any useful intermediate findings or results from the current `Trajectory` that
could be valuable inputs for the next attempt. This prevents redundant work.

* Strategic Recommendations: Provide actionable advice for the agent's next attempt. Suggest
strategic pivots, new angles of investigation, or different ways to combine the problem's
constraints. Explicitly state if it should backtrack to and resume from a specific step in the
previous plan to avoid re-doing work.

### **Output Requirement**

Your final output must be a single JSON object with the following structure. Do not add any text before
or after this JSON block.

```json
{
"verification": "Verification analysis",
"decision": "SUCCESS | CONTINUE | PIVOT",
"justification": "A concise explanation for your strategic decision. Why is it a success, a dead end,

or a correctable error?",
"trajectory_summary": "The informative trajectory summary.",
"details": "A JSON object containing the additional details required by Step 3. For a SUCCESS decision,

this can be an empty object {}."
}
```
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Figure 13: Prompts used in self-verification module of BATS.

D.4 Answer Selection

Best-of-N Answer Selection

You are an expert evaluator. Your task is to select the most accurate and specific answer to an
information-seeking question. The question has a deterministic answer. You'll be provided with
several answers and their corresponding trajectories/verifications.

**Instructions:**
1. **Identify the Core Question:** Determine the exact piece of information the question is asking for

(e.g., a person, a location, a date).
2. **Evaluate Candidates:** For each candidate phrase, assess its factual accuracy.
3. **Compare and Select:** Choose the answer that is more likely to be correct. You should never choose

"None" as the answer.

**Output Format:**
First, provide a brief justification explaining why the chosen answer is the most accurate and specific

choice. Then, on a new line, output the letter of the best option inside a box.

**Example:**
Justification: Answer B is the most specific correct location...
Answer: \\boxed{B}

Majority Vote Answer Selection

You are an expert evaluator. Your task is to select the answer that best represents the **majority vote
** among the provided candidates. The question has a deterministic answer, and the goal is to
identify which option most responses converge on. You'll be provided with several answers and
their corresponding trajectories/verifications.

**Instructions:**
1. **Identify the Core Question:** Determine the exact piece of information the question is asking for (

e.g., a person, a location, a date).
2. **Tally the Votes:** Review all candidate answers and count how many times each distinct answer (or

near-equivalent variant) appears. Treat semantically equivalent responses as votes for the same
candidate.

3. **Select the Majority:** Choose the answer that has the highest number of votes. If there is a tie,
pick the option that is the most specific and consistent with the question. Never choose "None" or
refuse to make a choice.

**Output Format:**
First, provide a brief justification explaining why the chosen answer was selected (e.g., ``Answer C has

the majority of votes across candidates''). Then, on a new line, output the letter of the best
option inside a box.

**Example:**
Justification: Answer B received the majority of votes and aligns most consistently with the question.
Answer: \\boxed{B}

Figure 14: Prompts used in answer selection.

E Why Does Budget Awareness Work?

The previous sections demonstrate that budget awareness improves performance; here we
consolidate evidence to explain why. The key insight is not that budget-aware agents use
more tools, but that they manage resources more strategically—adapting their search strategy
to the available budget and making higher-quality decisions about what to do with each tool
call.

E.1 The Default Failure Mode: Rigid Strategy Regardless of Budget

Standard agents apply a fixed behavioral pattern irrespective of the resource budget. Table 5
shows that Gemini-2.5-Pro with ReAct uses nearly identical numbers of tool calls whether
the budget is 30 or 100 (13.77 vs. 14.24 search calls), and its accuracy barely changes. The
agent follows the same rigid strategy, issuing a fixed set of queries and terminating upon
finding a plausible answer, without any awareness of how many resources remain or
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whether deeper investigation is warranted. This rigidity, rather than the raw quantity of
tool calls, is the fundamental bottleneck.

E.2 Behavioral Shift 1: Adaptive Strategy Selection

Budget awareness enables agents to condition their search strategy on the current resource
state, choosing qualitatively different approaches under different budget regimes.

The case studies in Figures 15 and 16 provide direct evidence. Under high budget, the
budget-aware agent explicitly reasons about its resource abundance and selects a broad,
exploratory strategy. Under low budget, the same agent shifts to a precision-oriented
approach, crafting highly targeted queries and prioritizing the most promising leads. In
contrast, the ReAct baseline uses the same brute-force, narrow-first strategy regardless of
available resources, which happens to be suboptimal in both regimes: too narrow when
resources are plentiful (missing relevant evidence), and too wasteful when resources are
scarce (exhausting budget on low-yield queries).

This adaptivity is the primary driver behind Table 2’s result: Budget Tracker with budget=10
achieves comparable accuracy to ReAct with budget=100 (12.8% vs. 12.6%) while using
40.4% fewer search calls and reducing cost by 31.3%. The improvement comes not from
spending more, but from spending differently.

E.3 Behavioral Shift 2: More Balanced Tool Allocation

Beyond adapting the overall strategy, budget-aware agents allocate resources more effec-
tively across tool types. From Table 2, we compute the browse-to-search ratio as a proxy for
exploration depth:

• ReAct (Acc= 12.6%): 1.36/14.24 = 9.6%

• Budget Tracker (Acc=12.8%): 1.09/8.48 = 12.9%

Budget Tracker devotes a proportionally larger share of its tool calls to browsing (deep
reading of full webpages) rather than surface-level search. This is a meaningful shift:
browse calls retrieve detailed content that search snippets cannot provide and are critical
for answering the verification-heavy questions in BrowseComp. The budget-aware agent,
knowing its remaining resources, makes more deliberate decisions about when a query
result warrants deeper investigation, rather than defaulting to repeated shallow searches.

E.4 Behavioral Shift 3: Budget-Conditioned Verification in BATS

BATS’s verification module further leverages budget awareness for strategic decision mak-
ing. Rather than blindly continuing or stopping, it chooses among SUCCESS, CONTINUE,
and PIVOT based on both answer quality and remaining resources.

This budget-conditioned decision making is critical for resource efficiency. The gap between
BATS’s early-stopping accuracy (18.7%, Table 4) and its full accuracy (24.6%, Table 3)
shows that verification-guided retries contribute a 5.9 percentage-point gain. Importantly,
these retries are not blind repetitions: as illustrated in Figure 17, the verifier diagnoses
the specific failure cause and, recognizing sufficient remaining budget, redirects the agent
toward a different strategy. This targeted pivoting avoids wasting resources on redundant
exploration.

E.5 Summary

Budget awareness improves performance through a clear mechanism: it shifts agents from
rigid, budget-agnostic behavior to adaptive, resource-aware decision making. Specifically,
agents (1) select qualitatively different strategies based on remaining budget, achieving
better results with fewer resources; (2) allocate tool calls more deliberately across tool types;
and (3) in BATS, make principled verification decisions that balance answer confidence
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against resource availability. The consistent gains across models, benchmarks, and scaling
strategies stem from this fundamental behavioral shift—not from simply using more tools,
but from using each tool call more wisely.

F Case Study

This section presents outputs from different agents. To avoid contaminating the internet
with the cases shown, we have removed essential details and display only snippets of the
agent trajectories.

F.1 Adaptive Thinking and Planning

We demonstrate how Budget Tracker enables the agent to dynamically adapt its behavior
based on budget awareness, choosing different strategies under high (Figure 15) or low (Fig-
ure 16) budget. These cases are collected from Gemini-2.5-Pro trajectories on BrowseComp.
Without budget awareness, ReAct uses a brute-force planning strategy to exhaust direct
searches. This causes it to quickly consume all available resources, failing to answer the
question correctly.

Question
What is the full name of a person known for investing in technology businesses? [Other constraints]…

ReAct [Wrong answer]
The most unique and searchable clue is the blog post titled "Mxx" about a trip to Rxx. This is a very specific combination of 
terms. I will start by searching for this.

ReAct + Budget Tracker [Correct answer]
My strategy will be to start with the most specific clue: the blog post. I will combine it with other keywords to narrow down the 
results. I have a high budget, so I can use multiple queries to explore different angles simultaneously.

High Budget

Figure 15: Adaption to high budget constraints. Being aware of the high budget, the agent
chooses to expand its search queries starting from a specific keyword, whereas ReAct
immediately applies narrow conditions and fails.

Question
In what year did the event occur that led to the loss of lives [Other constraints]…

ReAct [Wrong answer]
This requires a multi-pronged search. I will look for famous monuments in each city and then check their details… 
At this point, I have exhausted the direct search for a monument that fits all criteria.

ReAct + Budget Tracker [Correct answer]
This is too many queries. I will try to be more efficient. [performs search] 
I have a low query budget, so this must be precise.

Low Budget

Figure 16: Adaption to low budget constraints. Under a low budget, ReAct fails due to an
exhaustive search strategy. In contrast, budget tracker helps the agent adapt by prioritizing
query efficiency and precision, successfully solving the task.

F.2 Adaptive Verification

In Figure 17, we demonstrate how self-verification module makes budget aware decision
based on the trajectory and the resource status. It decides to pivot from the current pass
because the remaining budget still allows for further investigation. These cases are collected
from Gemini-2.5-Pro trajectories on BrowseComp.
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Question
There is a person … What date was …

Verification Decision: PIVOT
Justification: 
The agent concluded it had exhausted all logical paths, but this is incorrect. … The core problem remains unsolved, and since 
significant budget remains, a focused pivot back to the original, most logical strategy is required.
Recommendation: 
The next attempt must pivot back to the original, most logical strategy and execute it with more rigor: xxx 
This is the key that unlocks the puzzle. Do not deviate to other strategies until this one is exhausted.

Figure 17: In BATS, the verification process dynamically adapts to budget constraints. It
successfully identifies the cause of failure and provides strategic recommendations based
on the current trajectory. Following this advice allows the agents to better utilize the budget
and arrive at the correct answer in the next attempt.

G Limitations

More resource constraints. While our study presents the first empirical analysis of tool-call
budgets, a more realistic and challenging scenario involves managing multiple resource
constraints jointly. Examples include token limits, inference latency, and tool-call budgets.
Understanding and controlling agent behavior under multi-dimensional constraints is
important for deploying scalable systems in real environments.

Computational cost. Running tool-augmented agents at scale incurs substantial costs from
both API token consumption and tool-call fees, which limits our ability to conduct more
extensive repeated experiments or hyperparameter search.

Resource allocation. Although we observe that budget awareness enables more effective
scaling, we do not explore how an agent should allocate its available resources. Our empiri-
cal analysis suggests that models often underestimate their actual resource consumption,
which can lead to suboptimal performance. Developing accurate resource estimation and
principled budget allocation strategies is a promising direction for future work.

More intelligent context management. Although we adopt several simple context control
techniques such as removing tool responses and summarizing intermediate trajectories,
more advanced context engineering remains largely unexplored. Designing more effective
memory formats and identifying the right balance between context length and performance
are important open challenges for building robust and efficient agents.
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