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Abstract

Current evaluations of Large Language Model
(LLM) agents primarily emphasize task com-
pletion, often overlooking resource efficiency
and adaptability. This neglects a crucial ca-
pability: agents’ ability to devise and adjust
cost-optimal plans in response to changing en-
vironments. To bridge this gap, we introduce
CostBench, a scalable, cost-centric benchmark
designed to evaluate agents’ economic reason-
ing and replanning abilities. Situated in the
travel-planning domain, CostBench comprises
tasks solvable via multiple sequences of atomic
and composite tools with diverse, customiz-
able costs. It also supports four types of dy-
namic blocking events, such as tool failures
and cost changes, to simulate real-world un-
predictability and require agents to adapt in
real time. Evaluating leading open-sourced and
proprietary models on CostBench reveals a sub-
stantial gap in cost-aware planning: agents fre-
quently fail to identify cost-optimal solutions in
static settings, with even GPT-5 achieving less
than 75% exact match rate on the hardest tasks,
and performance further drops significantly un-
der dynamic conditions. By diagnosing these
weaknesses, CostBench lays the groundwork
for developing future agents that are both eco-
nomically rational and robust.'

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in reason-
ing (DeepSeek-Al et al., 2025; Wang et al., 2025¢),
code generation (Mai et al., 2025; Zhoubian et al.,
2025), and complex problem-solving (Yu et al.,
2025; Dou et al., 2025). When equipped with
external tools, they can interact with dynamic
environments such as the web (Qiao et al., 2025;
He et al., 2025) and interactive systems (Qin et al.,
2024a; Su et al., 2025). This integration of tool use

'+ denotes corresponding author.

~. Dataset

gives LL.Ms agentic capabilities, enabling them to
autonomously execute multi-step tasks.

While tool-augmented reasoning provides im-
pressive autonomy, its effectiveness ultimately
hinges on strategic planning: deciding not only
which tools to use but also how to sequence them
efficiently to achieve complex objectives. Existing
evaluations, however, focus primarily on task com-
pletion (Zhuang et al., 2023; Wang et al., 2024b;
Chen et al., 2025), offering limited insight into
how different tool-use strategies affect resource
consumption. Although prior studies have exam-
ined factors such as API fees (Wang et al., 2024a;
Chen et al., 2024a), token usage (Han et al., 2025a;
Huang et al., 2025b), GPU computation (Kim et al.,
2025), and memory overhead (Wu et al., 2024),
they often overlook the agent’s ability to reason
about costs and remain cost-aware in dynamic en-
vironments. As a result, it remains unclear whether
current agents can effectively plan and adapt under
shifting cost conditions. This gap motivates our
central question: how effectively can LLM agents
devise and adapt cost-optimal plans for arbi-
trary cost functions in dynamic environments?
Answering this requires an evaluation environment
that i) features diverse and flexible cost struc-
tures to reveal the agent’s cost sensitivity, and ii)
introduces runtime dynamics that evolve through-
out the interaction, challenging the agent to sustain
cost-awareness and replan adaptively.

To this end, we introduce CostBench, a scalable
and cost-centric benchmark situated in the travel-
planning domain. CostBench defines six travel-
related tasks, each of which can be completed
through sequences of non-separable atomic tools.
The costs of these atomic tools are randomly as-
signed, enabling diverse cost configurations across
different runs. Building on atomic tools, we create
composite ones whose costs equal the aggregated
component costs plus Gaussian noise. This design
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https://github.com/JiayuJeff/CostBench
https://huggingface.co/datasets/JiayuJeff/CostBench

Benchmark Multi-turn Cost-optimal Flexible Tool Dynamic Adjustable Customizable Scal-
Interaction Planning Cost Use State Difficulty Details able

PlanBench (Valmeekam et al., 2023) X v v X X v v v

ToolBench (Qin et al., 2024b) v X v X v v v

TravelPlanner (Xie et al., 2024) v X X v v X

AucArena (Chen et al., 2023) v X X X v v v

SayCanPay (Hazra et al., 2024) X v X X X v 4 v

ACPBench Hard (Kokel et al., 2025) X v X X X X v v

UserBench (Qian et al., 2025¢) v X v v v v v

MCP-Bench (Wang et al., 2025f) v X X v X v X v

MINT (Wang et al., 2024b) v X X v X v

CostBench (Ours) v v v v v v v v

Table 1: For each benchmark, the table reports whether each trait is fully (v), partially (+), or not (X) addressed.

Detailed explanations are provided in Appendix A.

creates multiple alternative pathways to accomplish

the same goal, enriching the benchmark’s dynamics

and encouraging agents to maintain cost-awareness
when selecting the optimal execution path. Cost-

Bench also introduces dynamic blocking events

(e.g., tool cost or user preference changes) that sim-

ulate four types of real-world disruptions during

multi-turn interactions, requiring agents to replan
their trajectories while maintaining cost-optimality.

We evaluate ten leading open-source and propri-

etary LLMs on CostBench and find that all models
perform poorly. GPT-5 yields the best performance
yet attains less than 75% exact match rate (i.e., the
tool-call sequence exactly matches the ground-truth
trajectory) in the most difficult static settings, and
its accuracy further declines to approximately 35%
under cost-change conditions. Overall, the models
are highly sensitive to cost noise and environmental
perturbations, especially when tool costs fluctuate
or tools become corrupted after use. These results
highlight the fragility of current LLM agents in
maintaining cost-awareness and the necessity for
more robust, dynamically adaptive models. We
summarize our main contributions as follows:

* Scalable Benchmark Framework: We intro-
duce CostBench, a scalable and cost-centric
framework built on a task-generation pipeline.
It programmatically generates tasks with multi-
ple atomic and composite tools, featuring diverse
and tunable cost assignments to probe agents’
economic reasoning.

* Dynamic Interaction Environment: We design
an interactive, multi-turn environment that sim-
ulates real-world unpredictability. It introduces
four types of dynamic blocking events (e.g., cost
changes, tool failures) to compel agents to adapt
and replan in real time. The environment also
serves as a reinforcement learning (RL) play-
ground for agent refinement.

* Comprehensive Analysis: We conduct a com-

prehensive evaluation of ten leading LLMs, re-
vealing their high sensitivity to cost variations
and dynamic disruptions. Our analysis high-
lights a substantial gap in cost-aware planning,
with performance dropping by around 40% under
dynamic conditions, underscoring limitations in
achieving robust, cost-optimal planning.
Looking ahead, CostBench lays the foundation for
future research on adaptive and cost-aware LLM
agents, encouraging the development of models
that can dynamically plan, learn, and optimize un-
der evolving real-world constraints.

2 Related Work

Evaluation of LLM cost-optimal planning. Re-
cent work emphasizes evaluating LLMs under eco-
nomically grounded conditions. Existing tool-
use benchmarks such as MINT (Wang et al.,
2024b), ToolQA (Zhuang et al., 2023), and MTU-
Bench (Wang et al., 2025d) focus on task com-
pletion but ignore efficiency. Cost-related bench-
marks like PlanBench (Valmeekam et al., 2023),
SayCanPay (Hazra et al., 2024), and ACPBench
Hard (Kokel et al., 2025, 2024) consider cost only
in single-turn planning, limiting applicability to dy-
namic, iterative settings. Multi-turn benchmarks
such as UserBench (Qian et al., 2025¢) and Trav-
elPlanner (Xie et al., 2024) focus on candidate
prices rather than operational costs, while others
like R-ConstraintBench (Jain and Wetter, 2025)
and Flex-TravelPlanner (Oh et al., 2025) empha-
size performance-resource trade-offs under fixed
budgets. Most also conflate cost with path func-
tionality and use static environments, obscuring
cost sensitivity. In contrast, CostBench decouples
cost from functional bias through randomized tool
assignments and equivalent solution paths, while in-
troducing dynamic blocking events to assess adap-
tive planning. A detailed comparison with prior
work is provided in Table 1.
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Figure 1: Overview of the CostBench pipeline. Starting from high-quality queries generated from combinations of
user preferences, the agent constructs its plan, then interacts with an environment set up with atomic and composite
tools under flexible cost assignments (atomic tool costs are randomized between 15 and 25 in our experiments), and
executes actions along a customizable dynamic blocking module to achieve its goal.

Cost-centric Agent Design. Prior work has ex-
amined cost-awareness in agents from several an-
gles. Number of tool call represents the simplest
form of tool cost which is thoroughly examined
and optimized through algorithms (Qian et al.,
2025b; Wang et al., 2025c¢,b). Furthermore, Tool-
former (Schick et al., 2023) focuses on when to in-
voke tools rather than reasoning about fine-grained
tool costs or long-term expenditure. Starting from
FrugalGPT (Chen et al., 2024b), many studies fur-
ther explore multi-agent coordination to reduce ex-
penses, achieving cost control through selective
and hierarchical model invocation (Zhang et al.,
2024; Panda et al., 2025; Gandhi et al., 2025), often
in limited or static scenarios. SayCanPay (Hazra
et al., 2024) and CATP-LLM (Wu et al., 2024)
explicitly optimize for cost but remain limited to
one-off planning without dynamic adaptation to
changing environments. Other studies treat cost
merely as token usage and focus on efficient rea-
soning under token constraints (Han et al., 2025b;
Wen et al., 2025; Huang et al., 2025b), neglecting
broader operational costs. Overall, these works tar-
get narrow aspects of cost optimization, whereas
our benchmark significantly broadens the notion of
cost and systematically evaluates agent adaptability
under realistic, dynamically changing conditions
and diverse practical constraints.

3 CostBench

CostBench is an interactive, consumption-aware
environment designed to evaluate agents’ ability for

cost-optimal planning in complex reasoning tasks,
where the goal is to complete a task while minimiz-
ing total cost. It simulates realistic settings in which
every action incurs a measurable cost. To enable
this, CostBench offers a flexible ecosystem of tools
encompassing both atomic operations and higher-
level composite functions. Each tool is assigned a
randomized cost profile independently resampled
for every data instance, preventing memorization
and data leakage while encouraging agents to adopt
adaptive, cost-sensitive strategies.

Moreover, CostBench supports evaluation in two
modes: a static mode, where user preferences, tool
costs, and availability remain constant; and a dy-
namic mode, where these attributes evolve with
agent behavior or environmental changes, captur-
ing the uncertainty in real-world scenarios. Each
task unfolds through an iterative interaction loop
in which the agent observes the task state, reasons
about its next action, invokes relevant tools, and
receives cost-tagged feedback that updates its inter-
nal state. This continual feedback enables adaptive
decision-making and dynamic replanning until the
task goal is achieved. We describe the detailed
design below and discuss the significance and gen-
eralization of CostBench in Section 6.

3.1 Environment Setup

In this work, we focus on the travel planning do-
main. Following TravelPlanner (Xie et al., 2024)
and UserBench (Qian et al., 2025c), we categorize
travel-related activities into six domains: Location,
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Pref. Comb. Train Split Test Split
Task Name (Unfiltered)  Filtered Filtered
Location 1552 127 (6.68%) 29 (7.61%)
Transportation 1552 296 (15.56%) 102 (26.77%)
Accommodation 1552 417 (21.92%) 51 (13.39%)
Attraction 1552 361 (18.98%) 56 (14.70%)
Dining 1552 282 (14.83%) 60 (15.75%)
Shopping 1552 419 (22.03%) 83 (21.78%)
Total / Proportion. 9312 1902 (100%) 381 (100%)

Table 2: Main statistics of query construction in Cost-
Bench. We generate 6,000 training and 1,000 test user
preference combinations and filter out those violating
common sense. The total number of user preference
combinations equals the sum of both splits, with a dis-
cussion of the slightly imbalanced distribution provided
in Appendix D.1.

Transportation, Accommodation, Attraction, Din-
ing, and Shopping. Each task in CostBench follows
a structured four-stage workflow comprising pref-
erence identification, candidate search, candidate
filtering, and final selection. Among these, the fil-
tering stage involves multiple steps, while the other
three are modeled as single-step operations. We de-
fine the task sequence as the total number of steps
across all stages, providing a clear metric for task
length and complexity. This multi-step design en-
hances the scalability of the benchmark, enabling
the flexible generation of tasks with varying lengths
and levels of difficulty.

Tool Library. To enable precise progress
tracking, we introduce a set of self-defined data
types that explicitly specify and strictly enforce the
input—output schema for each tool. This design
prevents agents from skipping intermediate tool
calling steps through direct guessing and allows
the environment to automatically verify whether
each action meaningfully contributes to the final
solution. In CostBench, each task step maps
to an atomic tool performing a non-separable
operation, while a composite tool is a higher-
level tool executing a sequence of atomic tools.
For example, “Search_and_Decide_Location”
combines “Decide_Location_Preference” and
“Search_Location_Preference” into an independent
tool equivalent to running them sequentially (See
Figure 1). All tools follow the sequential order of
task steps, with each tool consuming the outputs
of preceding steps as its inputs (See example in
Figure 7). This sequential dependency enables any
consecutive subset of atomic tools to form a valid
composite tool, thereby supporting scalability and
the construction of longer or more complex tool
chains while maintaining explicit input—output
relationships. Details of tool construction and

an example of the tool schema are illustrated in
Appendix B.1 and Figure 14.

Tool Cost Assignment. FEach atomic tool is as-
signed a randomized cost drawn from a customiz-
able range, while the cost of a composite tool is de-
fined as the sum of its constituent atomic tools plus
Gaussian noise with zero mean and a customizable
standard deviation. Tool costs are independently
resampled for every data instance but remain re-
producible, ensuring environment variations are
diverse yet comparable. For tasks sharing the same
sequence length, cost assignments are kept consis-
tent across static and dynamic blocking settings to
ensure fair comparison. Further implementation
details are provided in Appendix B.6.1.

Agent State Definition. At each time step, the
agent observes the current state s; = ¢,7,C, D,
where ¢ denotes the user query, 7 represents the
available tool library, C specifies the correspond-
ing tool cost table, and D contains the set of self-
defined data types obtained from previous tool in-
vocations. Once a data type is acquired, it remains
accessible throughout the interaction, reflecting re-
alistic scenarios in which previously gathered in-
formation can be reused. The agent’s objective is
to reach the designated goal state specified clearly
in its input while minimizing the total accumulated
cost over the entire interaction trajectory.

3.2 Agent-Environment Interaction

Each task instance in CostBench follows an itera-
tive interaction loop. At each step, the agent ob-
serves the current state, including the user query,
available tools and their costs, previously obtained
data, and feedback from earlier actions, then de-
cides which atomic or composite tool to invoke
next. The environment responds with an updated
state and cost-tagged feedback. The interaction
terminates once the agent produces the final output
or reaches the predefined task sequence length.

Dynamic Blocking. CostBench includes an op-

tional dynamic blocking module that introduces

behavior-adaptive runtime perturbations to evalu-
ate the robustness of cost-aware agents. The agent
may encounter four types of disruptions, while pre-

serving goal reachability (see Appendix B.5):

» Explicit Blocks: disruptions with direct notifi-
cation (e.g., tool/user message). (1) Ban Tool:
behavior-dependent failures where specific tools
become unavailable due to the agent’s prior ac-
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tions. (2) Preference Change: modifications to
user preferences that require the agent to replan
its strategy mid-execution.

* Implicit Blocks: disruptions without explicit
prompt. (1) Cost Change: global adjustments
to tool costs that alter the current cost landscape.
(2) Remove Tools: removes composite tools con-
sisting of a certain number of component tools,
thereby reducing the available action paths.

The mechanism ensures that: (1) Dynamic and
Uniform Triggering: Blocking events are triggered
dynamically based on estimated cost-optimal path
lengths, yielding approximately uniform trigger
positions and ensuring disruptions occur at mean-
ingful stages (see Appendix B.4). (2) Evaluation
Fairness: The mechanism ensures that any agent
following the ground-truth optimal path encounters
the same blocking events as others, guaranteeing
fair comparison across models. (3) Independence
Across Data Instances: For each run, environments
are instantiated independently across data points,
preventing correlations among blocking events. (4)
Randomized Yet Reproducible Execution: Even un-
der dynamic conditions, experiments remain ran-
domized yet reproducible, preserving diversity and
fairness in evaluation (see Appendix B.6).

3.3 User Query Construction

For each of the six travel-planning tasks, we con-
struct user queries through a multi-stage pipeline.
Each task defines four preference dimensions with
ten candidate values, where four are used for test
query construction and six for the training set, en-
suring clear differentiation and non-overlapping
splits, resulting in 4* + 6* = 1,552 unique user
preference combinations per task. All combina-
tions are verified by GPT-4o and partially checked
manually for clarity (see Appendix E). Natural lan-
guage queries are generated by GPT-4o to capture
realistic vagueness while preserving clear distinc-
tions among user preferences within each dimen-
sion. An example query is shown in Figure 13, and
dataset statistics are summarized in Tables 2 and 5.

4 Experiment

4.1 Settings

Models. We evaluate both proprietary and open-
source models to ensure a balanced and compre-
hensive assessment of current LLM capabilities.
Proprietary models include GPT (OpenAl, 2024b),

Claude (Anthropic, 2025), Deepseek (DeepSeek-
Al, 2025), and Gemini (Google DeepMind, 2025);
while open-source models include GLM (Team
et al., 2025), Owen3 (Qwen Team, 2025), and
Llama3 (Touvron et al., 2023). All models use a
temperature of 0.0 for deterministic decoding and a
maximum token length of 16,384 to prevent output
truncation.

Metrics. We evaluate performance using metrics
spanning four categories: cost, path, task comple-
tion, and tool use. Most metrics measure the devia-
tion between an agent’s trajectory and the ground-
truth trajectory, with a greedy policy as the baseline.
Full metric definitions and illustrative examples are
provided in Appendix B.3.1 and Appendix B.3.3.
(1) Cost Gap: This metric directly measures the
gap between the ground-truth and agent accumu-
lated explicit tool costs.

(2) Average Edit Distance (AED): This metric
measures the edit distance between the ground-
truth and the agent’s trajectories to assess the qual-
ity of the agent’s path.

(3) Average Normalized Edit Distance (ANED)
(%): This metric normalizes the ED to [0, 1] for
fair comparison.

(4) Exact Match Ratio (EMR) (%): The ratio of
data points that agent implements an identical tool
call trajectory as ground truth.

(5) Task Completion Ratio (TCR) (%): The pro-
portion of cases where the agent returns the unique
correct answer, regardless of tool path.

(6) Invalid Tool-Use Ratio (ITUR) (%) This met-
ric evaluates the proportion of invalid tool use. In-
valid behavior includes using incorrect tool names,
incorrect parameter names, and similar errors.

Prompts and Environment Settings. Detailed
prompt and environment hyperparameters are in
Figure 15 and Table 6. To prevent trivial one-step
solutions, tools that complete the entire procedure
in a single call are excluded.

4.2 Results

Most models perform poorly in cost-optimal
planning. As shown in Table 3, while most mod-
els complete the task well, only GPT-5 and Gemini-
2.5-Pro show strong exact-match performance at a
task length of five, whereas all other models fall be-
low 60%. Performance further declines for longer
task sequences (see Section 5.1), where even GPT-
5 drops to below 75% EMR. This highlights a sub-
stantial gap in executing complete cost-aware plans,
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Cost Path Task Completion  Tool Call
Model Name
CostGap] AED] ANED(%)] EMR (%)71 TCR (%) 1 ITUR (%) |

Greedy Policy 0.269 (0.269)  2.202 74.74 10.76 - -

Qwen3-8B 0.477 (0.239)  2.024 71.05 17.32 82.94 0.72
Qwen3-14B 0.670 (0.130)  1.976 51.26 33.45 88.71 0.91
Qwen3-32B 0.108 (0.108)  1.748 52.51 33.60 90.55 1.73
Llama-3.1-8B-Instruct  0.303 (0.303)  2.215 80.21 9.71 63.25 32.50
GLM-4.5 0.165 (0.066)  1.076 34.79 54.33 90.55 4.22
Deepseek-V3.1 2.221(0.200)  2.320 65.28 17.85 87.93 21.26
Gemini-2.5-Pro 0.312 (0.015)  0.367 10.98 83.73 94.49 0.00
Claude-Sonnet-4 0.249 (0.078)  0.982 31.28 59.84 93.58 5.04
GPT-4o0 1.179 (0.228)  2.454 68.12 13.65 90.29 19.96
GPT-5 0.060 (0.002) 0.103 3.31 95.52 92.11 0.01

Table 3: CostBench main evaluation results for task sequences of length 5 in the static setting (see results for task
sequence of length 8 in Table 4). Scores in bold indicate the best performance among all models, and underlined
scores denote the second-best performance. The metrics in (%) are in percentage forms. Reported values under Cost
Gap indicate the average cost gap, with numbers in parentheses computed after excluding samples with redundant
tool calls (see Appendix D.2 for details). The greedy baseline selects the atomic tool with the lowest average cost at

each step (See Appendix B.2) and the average tool call number is provided in Table 7.
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GPT-5 Gemini-2.5-proQwen3-32B Qwen3-14B Qwen3-8B

GPT-5 Gemini-2.5-proQwen3-32B Qwen3-14B Qwen3-8B

Figure 2: Models’ average normalized edit distance and exact match ratio for task sequences of length five to eight.
Performance drops significantly as complexity increases. At length eight, even the strongest model, GPT-5 achieves
less than 75% exact match (see Appendix C.1 for more results).

as even the strongest model, GPT-5, falls short
of reliably producing optimal trajectories. Sec-
ond, compared to the greedy baseline, some LLMs
fail to show convincing improvements. For exam-
ple, Owen3-8B, GPT-40, and Deepseek-V3.1 yield
nearly identical ANED scores to greedy policy,
with GPT-4o0 even exhibiting a higher AED, indi-
cating that its generated plans deviate further from
optimal solution than greedy baseline. More con-
cerningly, Llama-3.1-8B-Instruct underperforms
the greedy baseline across all path-related met-
rics, suggesting fundamental weaknesses in cost-
optimal planning. Robustness checks for our evalu-
ation are detailed in Appendix C.2.

Model suffers from redundant tool calls and tool
call failures. In Table 3, we report two variants of
the cost gap metric: values outside the parentheses
are computed over all samples, while those inside
exclude two abnormal cases—repeated tool calls
and extra tool calls. After removing these anoma-
lies, the cost metrics align with the path-related
metrics in reflecting model performance. Beyond

such redundant calls, we also observe failure cases
including invalid parameter inputs and attempts
to invoke inaccessible tools, the latter being the
most severe. These errors reveal models’ limited
progress awareness, which in turn hinders their
ability to plan in a cost-optimal manner. Further
discussion of the failure modes can be found in
Appendix D.2.

Comparison of Open-Source and Proprietary
Models. Beyond the greedy baseline, we com-
pare open-source and proprietary models. Inter-
estingly, some proprietary models show no clear
advantage (Chen et al., 2025): Qwen3-32B consis-
tently surpasses GPT-40 and DeepSeek-V3.1 on all
path-related metrics, and GLM-4.5 achieves per-
formance comparable to Claude-Sonnet-4. While
partly due to differing invalid tool-use rates, our
metrics decouple tool use failure from cost or path
measurements (see Appendix B.3.2), indicating
that some proprietary models’ shortcomings in cost-
sensitive planning are substantive and reflect gen-
uine limitations in their planning capabilities.

12831



Qwen3-8B Qwen3-14B Qwen3-8B Qwen3-14B
p— 0.275
0.700 e 0.450
0:300 0.250 0.400
00.675 a « 0
w w
S 0.225 =
Z0.650 Z0.450 ui 10,350
0.625 0.200
' 0.400 0.175 0.300
0.600 | Se—
0.1 05 i 5 10 01 05 1 5 10 0.1 05 i 5 10 01 05 1 5 10
noise_std noise_std noise_std noise_std
Qwen3-32B Gemini-2.5-pro Qwen3-32B Gemini-2.5-pro
0.520 0120 0.420 ~ 0.920
- ~
0.100 0.400 | 0.900
0 0.500 _— o « «
= -~ = = 0.380 = 0.880
<0.480 < 0.080 w — w
- 0.360 - 0.860
0.460 — 0.060 0.340 0.840

0.1 0.5 1 5 10 0.1 0.5 1 5 10
noise_std noise_std

0.1 0.5 1 5 10 0.1 0.5 1 5 10
noise_std noise_std

Figure 3: LLMs’ performance on CostBench under different standard deviations of composite tool cost noise.
Models tend to perform better with higher noise levels, indicating high sensitivity to tool cost variations.
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Figure 4: Coverage rates of different LLMs across task
sequences of length 5 to 8. Model performance in the
static setting shows a strong positive correlation with
coverage rate.

Limited gains from parameter scaling in Qwen
models. Scaling up model size leads to perfor-
mance improvements, but the gains are limited.
Within the Qwen family, moving from Qwen3-8B
to Owen3-14B yields a clear boost, whereas the
improvement from Qwen3-14B to Qwen3-32B is
marginal. This indicates diminishing returns from
parameter scaling alone, pointing to the need for
algorithmic or architectural advances beyond sheer
model size.

5 Analysis

5.1 Static Setting

Model performance declines as task complexity
increases. As shown in Figure 2, performance
consistently deteriorates as task sequences grow
longer. The best-performing model, GPT-5, drops
from near-perfect exact match ratio at length 5 to
around 75% at length 8, accompanied by a higher
normalized edit distance, while weaker models
such as Qwen3-8B and Qwen3-14B collapse en-
tirely (EMR = 0). This overall downward trend
highlights the increasing difficulty current models
face in sustaining coherent, cost-optimal reasoning

as task complexity rises.

Coverage Rate in planning significantly influ-
ences performance. In the unblocking setting,
the model’s task is to enumerate all possible paths
and select the optimal one. We define coverage
as the proportion of paths explicitly planned, and
hypothesize that higher coverage leads to better
performance. We employ GPT-40-mini (OpenAl,
2024a) to extract distinct paths from each model’s
output (prompt in Figure 12, human check in Ap-
pendix E). As shown in Table 3, performance
follows GPT-5 > Gemini-2.5-pro > open-source
Owen models, which aligns with the coverage trend
in Figure 4. Performance also declines as task se-
quences grow longer (Figure 2), explained by the
corresponding drop in coverage. Importantly, even
when given abstract examples that enumerate all
paths (Figure 16), models often fail to generalize
these planning strategies to real scenarios.

Models exhibit pronounced cost sensitivity. To
examine models’ sensitivity to cost variations, we
vary the noise standard deviation when construct-
ing composite tools, which controls how much a
composite tool’s cost deviates from the sum of its
component tools. Larger noise introduces greater
diversity in cost structures and reshapes the cost
landscape. As shown in Figure 3, model perfor-
mance, measured by both ANED and EMR, consis-
tently improves as the noise increases. This result
suggests that models are highly responsive to cost
signals, as greater cost differences between action
paths make it easier for them to identify the optimal
path without explicitly computing the total cost of
each option.

5.2 Dynamic Setting

Models remain highly vulnerable to dynamic
blocking. From Figure 5, we observe that dy-
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Figure 5: LLMs’ performance in CostBench’s dynamic blocking setting. All models show consistent EMR drops
under ban tool, cost change, and preference change conditions, indicating weak replanning and adaptation abilities

in dynamic environments.

Gemini-2.5-Pro Qwen3-14B
0.5
0.06
0.4
—e— Ban Tool
o o 0.04 Cost Change
E 0.3 E Preference Change
0.02 Remove Tools
—e— Ban Tool .
0.2 Cost Change
Preference Change
Remove Tools
0.1 0.00
0 3 0

Number of Blockings

Number of Blockings

Figure 6: Performance of Gemini-2.5-Pro and Qwen3-14B under increasing numbers of blocking events (task
sequence length = 7). Each curve represents a different blocking type. Both models degrade with more blockings,
especially under frequent cost changes or tool bans, with Qwen3-14B showing near-total failure.

namic blocking substantially affects both ANED
and EMR across all models. Among the blocking
types, cost change and ban tool consistently induce
the most significant degradation. For cost change,
the EMR of GPT-5, which originally achieved
nearly perfect EMR, drops by around 20 percentage
points, while Gemini-2.5-Pro suffers an even larger
decline of almost 40 points. To further examine
model robustness in the most challenging cases, we
evaluate GPT-5 under the hardest cost-change set-
ting, where its Exact Match falls to merely 34.91%.
Under the ban tool condition, both GPT-5 and
Gemini-2.5-Pro still experience noticeable drops
(approximately 5-10%), yet they exhibit stronger
resilience compared to the other two models. In
addition, preference change also causes a stable
decrease in Exact Match across all evaluated mod-
els. In contrast, the effect of remove tools is less
consistent, which we attribute to the reduced search
space allowing models to achieve higher coverage
and thus more stable performance (see Section 5.1
for the coverage—performance relationship).

To better understand performance degradation
across blocking types, we estimate the relative
adaptation difficulty by measuring how much
ground-truth trajectories change under each con-

dition, using the average normalized edit distance
(ANED) between unblocked and blocked settings.
Higher ANED indicates greater deviation in the
optimal path and thus higher adaptation difficulty.
Results show that cost change (meangr.ngp =
0.378) and ban tool (0.538) cause larger deviations
than preference change (0.295) and remove tools
(0.214), aligning with the stronger performance
drops in Figure 5. Notably, although ban tool
produces greater trajectory deviation, cost change
yields the steepest performance decline, suggest-
ing that implicit blocking (e.g., cost perturbation)
poses extra challenges, as models must first de-
tect the change before replanning—revealing their
limited adaptability.

Multiple blockings severely undermine model
robustness. We further analyze the results under
multiple blocking events (Figure 6), focusing on
how repeated disruptions impact model robustness
and cost-optimal planning. We find that increasing
the frequency of both ban tool and cost change
blocks leads to a substantial drop in EMR across
all models. For instance, the EMR of Gemini-
2.5-Pro, which initially achieved around 45% ac-
curacy, drops to nearly 0.1 after three consecu-
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Cost Path Task Completion  Tool Call
Model Name
CostGapl AED| ANED(%)| EMR (%)1 TCR (%) 1 ITUR (%) |

Greedy Policy 0.524 (0.524) 3.194 84.82 341 - -
QOwen3-8B 1.027 (0.496)  3.199 83.19 5.25 85.30 2.92
Qwen3-14B 0.503 (0.475) 5.564 81.28 1.57 88.71 0.48
Qwen3-32B 0.525(0.393)  4.068 78.49 6.30 88.83 0.71
Gemini-2.5-Pro  0.127 (0.116)  2.072 48.25 35.15 91.13 0.01
GPT-5 0.311 (0.029)  0.782 18.70 74.79 91.60 1.80

Table 4: CostBench main evaluation results of selected models for task sequences of length 8 in the static setting.
Similar to Table 3, scores in bold and underlined indicate the best and second-best performance, respectively. The
metrics in (%) are in percentage forms. Reported values under Cost Gap indicate the average cost gap, with

numbers in parentheses computed after excluding samples with redundant tool calls (see Appendix D.2 for details).
The greedy baseline selects the atomic tool with the lowest average cost at each step (See Appendix B.2).

tive cost-change events, while Qwen3-14B com-
pletely fails (EMR = 0) after only two such events.
This indicates that even state-of-the-art commer-
cial and open-source models struggle to maintain
cost-awareness under complex dynamic environ-
ments, highlighting their limited robustness and
adaptability to repeated disruptions.

6 Discussions

On the Significance of CostBench. Evaluating
cost-aware planning in LLM agents has broad appli-
cability across real-world scenarios. First, virtually
all tool-use contexts inherently involve costs, as
invoking tools in practical applications typically
incurs resources such as API fees for search en-
gines (Jina Al, 2025) or Model Context Protocol
(MCP) services (OpenRouter, 2025). While tool
integration represents a major advancement dis-
tinguishing agents from standalone LLMs, with
paradigms like Tool-Integrated Reasoning (TIR)
gaining widespread adoption (Qian et al., 2025a;
Acikgoz et al., 2026). Thus, equipping agents with
cost awareness during tool use is essential for pro-
moting efficient, economically rational behavior in
resource-constrained environments. Second, cost
awareness has been empirically shown to enhance
overall agent performance. As demonstrated by Liu
et al. (2025b), budget awareness serves as a key
driver for improving agent capabilities, particularly
in scaling up agents for long-horizon tasks. In such
contexts, cost awareness emerges as a powerful
aid for test-time scaling, enabling agents to opti-
mize trajectories, reduce redundant calls, and adapt
dynamically to achieve better outcomes under pro-
longed interactions.

On the Generalization of CostBench. Although
CostBench is situated in the travel-planning do-
main, its underlying linear tool structure, as demon-

strated in Figure 7, mirrors patterns prevalent
across a wide array of tasks (Wen et al., 2020).
Most real-world applications inherently involve
consecutive steps (Schneider and Logan, 2006),
where sequential dependencies create opportuni-
ties for cost-aware optimization challenges similar
to those in CostBench. Furthermore, CostBench’s
emphasis on comparing equivalent paths highlights
a common dilemma in real-world MCP servers
where agents must select the most suitable tool
from functionally similar options to minimize costs
while achieving the same outcome (Blankenstein
et al., 2026). This design not only tests agents’
economic reasoning but also promotes generaliz-
able strategies for efficient tool selection in diverse,
dynamic environments.

7 Conclusion

We present CostBench, a scalable, cost-focused
benchmark for evaluating LL.M agents’ ability to
plan and adapt cost-optimally in dynamic environ-
ments. Centered on travel planning, it includes
atomic and composite tools with randomized costs
and four types of dynamic blocking events that
force adaptive replanning. Evaluating ten lead-
ing LLLMs, we find substantial weaknesses: even
the best-performing GPT-5 achieves under 75%
exact match on the hardest static tasks, with per-
formance dropping to around 35% under cost-
change conditions and showing similar vulnera-
bility when tools are banned. These results reveal
limitations in current models’ cost-aware reason-
ing, path enumeration, and adaptability. Beyond
diagnosing these weaknesses, CostBench provides
a principled framework to drive the next genera-
tion of LLM agents toward economically rational,
resource-efficient, and resilient decision-making in
complex, real-world scenarios.
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Limitations

While CostBench provides a principled and scal-
able framework for evaluating cost-aware planning,
several limitations remain. First, our current tasks
are restricted to the travel-planning domain, which,
though diverse, may not fully capture the breadth
of real-world cost trade-offs. Nevertheless, Cost-
Bench can be easily extended to other domains
by adding configuration files. Second, our simu-
lation abstracts away true API latency, resource
consumption, and stochastic failures, which may
further influence agent behavior in real-world de-
ployment. Third, the blocking events we design,
while representative, are still manually parameter-
ized; future work could explore learning-based or
user-driven dynamics to better approximate natural
environmental shifts.

Ethics Statement

Offensive Content Elimination. Our benchmark
focuses on the travel-planning domain, and its cu-
ration does not rely on content generated by LLM:s.
Instead, all data were carefully sampled and val-
idated to ensure the dataset is free of offensive
material. Consequently, we are confident that it
poses no risk of negative societal impact.

Licenses. Our code will be released under the
MIT license to allow unrestricted research use. The
CostBench will be distributed under a Creative
Commons (CC) license, providing free access for
the academic community. Our use of existing mod-
els and tools is strictly consistent with their original
licenses and intended research purposes. We take
full responsibility for any potential rights viola-
tions or licensing issues, and all resources comply
with their respective terms of use while supporting
research purposes.

Models. All open-source models were hosted and
executed locally using the vLLM library (Kwon
et al., 2023), while all closed-source models were
accessed through their respective official APIs. For
reproducibility, the experimental settings are de-
tailed in Section 4.1.

Data Annotations. All data annotation was per-
formed by the paper’s co-authors, who are qualified
researchers with relevant expertise, ensuring that
the process was conducted responsibly and in ac-
cordance with ethical standards.
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A Comparison Traits Details

We distill eight core traits that capture the essen-
tial characteristics of recent benchmarks designed
for cost-optimal evaluation. These traits concern
both the agent’s ability to conduct realistic, multi-
step, and efficiency-oriented interactions, as well
as the infrastructure’s capacity to enable scalable
and extensible evaluation.

* Multi-turn Interaction: The benchmark sup-
ports and requires multi-turn dialogue or
decision-making. This trait is essential, as
recent agentic paradigms increasingly empha-
size agent performance in multi-turn interac-
tions. From web search (Geng et al., 2025;
Wu et al., 2025a) to GUI-based scenarios (Li
et al., 2025; Wang et al., 2025a), agentic per-
formance can only be thoroughly evaluated in
dynamic, multi-turn environments.

Cost-optimal Planning: Agent performance
is explicitly assessed by cost-optimality. We
distinguish budget awareness, or maximizing
performance under a fixed budget, from cost-
optimality, which requires reaching the goal
with the minimum possible cost.

Flexible Cost: The environment allows user-
defined costs or provides sufficiently diverse
cost combinations. As discussed in Section 1,
a more flexible and diverse cost assignment
is crucial for accurately evaluating an agent’s
genuine cost awareness, such as its sensitivity
to varying costs.

* Tool Use: The benchmark incorporates or
necessitates the use of external tools. This
trait is particularly important, as tool use has
emerged as a defining capability of modern
LLM agents—central to their ability to inter-
act with and act upon the external world (Lu
et al., 2025; Wang et al., 2024b; Qin et al.,
2024b; Huang et al., 2024). Evaluating tool
use is thus indispensable for understanding an
agent’s true reasoning and decision-making
competence.

Dynamic State: The environment introduces
runtime-controllable obstacles that may block
the agent and enforce replanning. This design
is important because traditional benchmarks
often suffer from data leakage risks (Guo et al.,
2025; Wu et al., 2025b; Cheng et al., 2025;
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Tool 3: Location_Refinement_Step1;
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Composite Tools:

Tool 5: Location_Preference_and_Search (= Tool 1+2);
Tool 6: Location_Full_Planning_to_Step1 (= Tool
1+2+3);

Tool 7: Location_All_pipeline (= Tool 142+3+4)

Figure 7: Example of sequential tool execution flow
in CostBench (task sequence = 4, requiring only one
refinement step). Each atomic tool transforms one data
type to another, ensuring explicit intermediate states and
preventing shortcuts. In this figure, we illustrate only
the composite tool starting from the initial state. In prac-
tice, a composite tool may commence from any state,
encapsulating a sequence of atomic tool operations.

Singh et al., 2024). In contrast, a dynamic
environment can mitigate such risks by intro-
ducing runtime factors during evaluation, en-
suring a fairer and more reliable assessment.

Adjustable Difficulty: The difficulty level
can be systematically adjusted, for example
by scaling task parameters. A naturally ad-
justable difficulty hierarchy allows systematic
evaluation of model adaptability under vary-
ing levels of challenge (Qian et al., 2025c;
Zong et al., 2025; Huang et al., 2025a), facili-
tating more fine-grained analysis.

Customized Details: The environment of-
fers fine-grained configurability of details.
Enabling this feature makes the benchmark
adaptable to other domains and facilitates
broader applicability across diverse evaluation
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Tools Value
Task Sequence N

Total Atomic Tools 6N

Total Composite Tools 6N * (N —1)/2

Total Tools 6N * (N +1)/2

Table 5: Main statistics of tools used in CostBench. The
variable N denotes an adjustable task sequence, and
the total numbers of atomic and composite tools vary
accordingly, as indicated (we use N = 5 in most of our
experiments).

Parameter Value
Task length 5
Maximum tool steps 20
Global seed (.5) 42
Min atomic cost (Cmin) 15
Max atomic cost (Cmax) 25

Noise standard deviation (o) 0.1

Table 6: Environment details for Table 3. ¢pin—Cmax:
range for randomizing atomic tool costs (see Figure 1).
noise std: standard deviation of Gaussian noise added
to composite tool costs. The global seed S is used to
control the random seed for all data points in a given
run, ensuring full reproducibility.

settings (Lu et al., 2025; Wang et al., 2024b).

* Scalability: The benchmark can be automati-
cally expanded in size without additional hu-
man annotation and easily generalized to other
tasks. This property is crucial, as scalability
and expandability are essential for large-scale
evaluation (Qian et al., 2025c; Yao et al., 2025;
Liu et al., 2026).

B Experiment Details

In this section, we provide a comprehensive
overview of the experimental setup and evalua-
tion methodology. We begin by detailing the con-
struction of tools, including their names and de-
scriptions. Next, we explain the simulation-based
derivation of greedy and ground-truth trajectories
using a tool graph framework, covering both non-
blocking and blocking scenarios. We then present
the evaluation metrics, including cost gaps, path
dissimilarities, task completion rates, and tool call
invalidity, along with their formulas and boundary
conditions. Finally, we describe the mechanisms
for implementing blocking events, prove the solv-
ability of blocking scenarios, and outline the ran-
domized yet reproducible environment generation
process to ensure fairness and reproducibility in
evaluations. An illustration of our environment is

shown in Figure 7, while the primary hyperparam-
eter configurations are presented in Table 6.

B.1 Tool Construction Details

To better evaluate the model’s genuine planning
ability, we mitigate potential overfitting to existing
data (Wu et al., 2025b; Liu et al., 2025a). Since
biases acquired during training may distort the
model’s assessment of tool cost-effectiveness, we
construct a new set of tools for evaluation. In this
section, we mainly introduce two aspects of the
tool schema: name construction and description
construction.

Tool Name Construction. The tool names in
CostBench are constructed systematically to reflect
their function and position within the task hierar-
chy. This structured naming convention is designed
to be both human-readable and machine-parsable,
facilitating a clear understanding of each tool’s pur-
pose.

For atomic tools, names are generated based
on a Function_Task_Level template. The Func-
tion specifies the core action (e.g., Decide, Search,
Refine, Select). The Task denotes the domain-
specific task (e.g., Location, Transportation).
The Level indicates the stage in the refinement
process (e.g., Preference, Step1). An example
is Location_Refinement_Stepl, which clearly
communicates its role.

For composite tools, which are sequences of
atomic tools, names are generated algorithmi-
cally to summarize the encapsulated workflow.
The naming logic depends on the composition
of the toolchain. For instance, a two-step tool
combining preference decision and initial search
is named [Task]_Preference_and_Search. A
tool that covers the entire workflow from initial
search to a specific refinement level is named
[Task]_Search_Planning_to_[Level]. A com-
plete pipeline from decision to final selection is
named [Task]_Complete_[N]Steps_Pipeline,
where N is the number of atomic tools involved.
This programmatic approach ensures that every
possible contiguous sub-sequence of tools in a task
plan has a unique and descriptive name.

Tool Description Construction. The descrip-
tions for tools are crucial for the language model
to understand their functionality and parameters.
We employ a hybrid strategy for generating these
descriptions, combining templated generation with
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Model Average Tool Call Numbers
QOwen3-8B 2.18
QOwen3-14B 342
Owen3-32B 2.84
Llama-3.1-8B-Instruct 1.99
GLM-4.5 2.86
Deepseek-V3.1 3.11
Gemini-2.5-Pro 2.75
Claude-Sonnet-4 2.62
GPT-4o 3.36
GPT-5 2.69

Table 7: The statistics of average tool call counts for all
evaluated models in the static evaluation (in Table 3) in-
clude only valid tool calls; all invalid calls are excluded
from the computation.

LLM-based refinement to achieve both consistency
and naturalness.

For atomic tools, descriptions are generated
from a template that explains the tool’s specific
purpose. For example, the description for a refine-
ment tool explicitly states the filtering dimension it
applies, such as "Filtered by availability" for Step1
or "Filtered by location" for Step2. This ensures
that the model is aware of the distinct value each
tool provides.

For composite tools, descriptions are generated
using Gemini-2.5-Pro (Google DeepMind, 2025).
We provide the LLM with the names and descrip-
tions of the constituent atomic tools and prompt it
to synthesize a concise, high-level summary of the
overall workflow. For example, instead of merely
concatenating the descriptions of a Search tool and
a Refine tool, the LLM might generate a more in-
tuitive description such as, “Searches for options
based on user preferences and then filters the re-
sults for availability”. This process is automated
in our framework to generate descriptions for all
possible composite tools.

It is worth noting that various aspects of tool
information, such as cost, atomic or composite type,
and the component tools of composite ones, are
incorporated into the tool descriptions.

B.2 Greedy and Ground-truth Calculation

We emphasize that both the greedy and the ground-
truth trajectories are obtained through simulation
rather than actual tool executions. To support this,
we construct a tool graph that encodes the possible
transitions between agent states.

Formally, we define the tool graph G = (V, )
as follows. Each vertex v € )V corresponds to
an agent state, represented as a set of datatypes

already available to the agent:

UES:{dhdz,...,dn}, SQ'D, (])

where D is the universe of all possible datatypes.
Importantly, states evolve monotonically: invoking
a tool never consumes existing datatypes but only
augments the state with new ones, since the model
always has access to the full conversation history.

The initial state Sy is determined by the task
specification:

So = {TimeInfo} U {LocationPreference

2
(if needed)} U {UserPreference}. @

For each task, we define a unique target datatype
Ttask, Tepresenting the final result required by the
task, which is also the output of the last atomic
tool. Accordingly, any state S that contains 7, is
regarded as a goal state:

S eV, goal(S) < Tk € S 3)

Each edge e € £ corresponds to the invocation
of a tool. A tool T’ is defined as a typed mapping

T :Z(T) — O(T), 4)

where Z(T)) C D denotes the required input

datatypes and O(T') C D denotes the output
datatypes. An edge exists from state S to state
S’ if and only if Z(T") C S, in which case

S’ = SUO(T). (5)

Each edge is further assigned a cost ¢(T'), rep-
resenting the computational or interaction cost of
invoking tool T'. Thus, the transition can be written
as

(5 LD, gy e e ©6)

This construction allows us to simulate greedy
and ground-truth trajectories over the tool graph
without actually executing tools. While such stim-
ulation offers a convenient and controllable proxy,
it fundamentally differs from real tool use: being
algorithm-driven, it bypasses the core challenge of
user-intent understanding. Consequently, although
useful for isolating certain planning aspects, it fails
to deal with the vagueness, ambiguity, and negotia-
tion with human preferences inherent in real scenar-
ios. Our benchmark therefore becomes essential:
cost-aware planning cannot be addressed by tra-
ditional algorithmic simulation, but calls for eval-
uation of large language models, which uniquely
possess the capacity to reason over ambiguity and
align with human intent (Yao et al., 2025).
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Scenarios without Blocking. For scenarios with-
out blocking, the construction of greedy and
ground-truth trajectories is relatively straightfor-
ward. In the greedy policy, at each step given the
current state .S, we first compute the set of feasible
tools:

A(S)={T | Z(T) C S A Oprev NI(T) # @}, (1)

where Z(T') denotes the input types of tool T,
and Opey denotes the output type(s) of the pre-
viously invoked tool. For each candidate tool
T € A(S), we define a utility score that measures
cost-efficiency:

c(T)

u(T) = comp(T)’ ®)

where ¢(7") is the cost of invoking 7", and comp(T')

is the number of atomic tools contained in 7". The
greedy trajectory is then constructed by repeat-
edly selecting the tool with the smallest u(7") un-
til reaching a goal state. We explicitly restrict
greedy to select only tools in Acpain (S) because any
globally cost-optimal path must satisfy the chain
property (i.e., each tool in the optimal path con-
sumes the previous tool’s output); by searching
only within this subset of chain-consistent paths,
the greedy policy explores exactly those paths that
could possibly be globally optimal.

In contrast, the ground-truth trajectory is ob-
tained by directly running Dijkstra’s algorithm (Di-
jkstra, 1959) over the tool graph G. Formally, let
7(So, S) denote the minimum-cost path from the
initial state Sy to a state .S. The ground-truth tra-
jectory is defined as

w(So,S*) = arg min Cost(So ~ 9), )

Task €S

where Cost(Sp ~» ) is the cumulative cost of

the path from Sy to S. Unlike the greedy policy,
this construction imposes no additional constraint
that each tool must consume the immediate pre-
decessor’s output, but instead corresponds to the
standard shortest-path setting.

Scenarios with Blocking. For scenarios with
blocking, trajectory construction is more involved
due to unpredictable environment changes. Let S,
denote the state immediately after the i-th blocking
event, and G, = (Vy,, &) the updated tool graph
at that time.

For the greedy policy, the feasible tool set at
state Sy, is

{T|Z(T) C Sy, }, if this is the
first step after
blocking 1,

}, otherwise.

A(i)(St-):

i

{T[Z(T) € S, A
Oprev NIZ(T) # @
(10

Here, the first-step relaxation occurs because
the environment has changed, which effectively
resets the greedy policy with a new initial state .S, .
Greedy then selects
o(T)

@) = oty (D

T" =arg min u(T),
TeA®) (St,)

and continues until reaching a goal state or the next
blocking event. The tool graph G;, is updated ac-
cording to the type of blocking: an edge is removed
for a ban tool, edge weights updated for a cost
change, unchanged for a preference change, and
accessible edges updated for a step length change.

For the ground-truth trajectory, we construct it
in a segmented fashion. Let Sy, = Sy be the ini-
tial state. For each blocking interval [t;,t;11), we
compute the shortest path 7; on the updated graph

gti :

™ = arg Srgjr} Costg,, (St; ~ 9), (12)

Task €S

where Costg, (-) denotes the cumulative cost in
the updated graph.
The full ground-truth trajectory is then obtained
by concatenating all segments:

GT_traj = mo B m D - D7, (13)

where & denotes path concatenation. This con-
struction ensures that each segment is globally op-
timal under the current environment, while the full
trajectory adapts to blocking events by replanning
from the updated state each time.
Ground-Truth Trajectory under Blocking:

Initial GT path:

So 25 L5y S o555,
Blocking 1 after B, replan from S5 :
m S D G D S5 % 5y
Blocking 2 after F', replan from Sg :
ot S 25 Sy L S

Full GT trajectory:

GT_traj = my @ 71 D 72

Above is an example of a ground-truth trajec-
tory under blocking. Each blocking event triggers
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replanning from the current state. Segments 7; cor-
respond to shortest paths computed on the updated
tool graph after the i-th blocking event. The &
operator denotes concatenation of path segments.

Note that while our randomized cost assignment
strategy naturally minimizes the likelihood of iden-
tical path costs, ties may still theoretically occur.
To ensure a unique ground truth, we implement
a tie-breaking rule: among paths with equivalent
total costs, the trajectory with fewer tool calls is
selected as the optimal solution. This criterion is
strictly enforced in our evaluation and is also explic-
itly communicated to the models via the inference
prompt (see Figure 15).

B.3 Metric Details

B.3.1 Detailed Implementation and Formulas

Cost Metrics. The design intuition of the Cost
Gap metric is to directly capture how much more
(or less) cost an agent incurs compared to the
ground-truth trajectory. Unlike absolute cost val-
ues, which depend on the specific scale of the tool
graph and are not directly comparable across differ-
ent settings, the gap formulation provides a simple,
interpretable measure of deviation from the optimal
reference.

Formally, let Tagent (a1,a9,...,an) and
Tot = (91, 92, - - - , gn) denote the sequences of ac-
tions in the agent and ground-truth trajectories, re-
spectively. Each action z is associated with a cost
cost(z). The cost gap is defined as:

Cost Gap = Z cost(a) — Z cost(g). (14)

@€ Tagent gETgt

By construction, CostGap > 0 since the agent
is less cost-efficient than the ground-truth in the
static setting, and CostGap = 0 indicates perfect
alignment with the ground-truth trajectory.

In Table 3, we present two variants of the cost
gap metric. The values outside the parentheses
denote the average cost gap computed over all sam-
ples, whereas the values in parentheses are obtained
after excluding two types of progress-awareness
failures: (i) extra tool calls, where the agent contin-
ues invoking tools after reaching the goal state, and
(ii) repeated tool calls, where the agent redundantly
invokes the same tool multiple times even after
the initial invocation has already succeeded. Our
intuition is to decouple progress-awareness from
cost-awareness, since extra or repeated calls pri-
marily indicate a lack of progress-awareness rather

than deficiencies in cost reasoning. Detailed statis-
tics of such progress-aware errors are reported in
Table 8.

Note that we do not compare the aggregated cost
optimality over the entire trajectory under blocking
scenarios. This is because, at the initial state or
immediately after each blocking event, the plan-
ning procedure assumes the current goal state is the
true final goal. As a result, the cumulative trajec-
tory cost under blocking does not reliably capture
cost optimality, since a lower total cost does not
necessarily correspond to a better trajectory.

Another important aspect is that, by design, the
environment assigns each composite tool a cost
equal to the sum of its component atomic tools
plus zero-mean Gaussian noise. As a result, the
expected cost of any tool-call sequence reaching
the goal state is identical, regardless of its length.
Therefore, the cost gap cannot be reduced to a
proxy for the number of tool calls; instead, it cap-
tures whether the model adopts cost-optimal invo-
cation patterns under the given cost structure.

Path Metrics. For Average Edit Distance
(AED), we use an extended definition of the Leven-
shtein Distance (Backurs and Indyk, 2015; Haldar
and Mukhopadhyay, 2011), defined as the mini-
mum number of operations required to transform
one path into another. Here, each path is repre-
sented as a sequence of tool calls, and the allowed
operations are insertion, deletion, and substitution
of tool calls. This metric directly measures the
structural dissimilarity between the agent’s trajec-
tory and the ground-truth trajectory.

ED(Tagem, Tgt) - Feo(ggeﬁﬁfgt) ITl; 1)

where O(Tagent — Tgt) denotes the set of valid edit-
operation sequences transforming Tygene INtO Tgy,
and |I'| is the number of operations in I". We com-
pute the Average Edit Distance across all queries
in the test set as:

N
AED = % > ED(7ygene Tat ) (16)
i=1
where NV is the total number of queries in the test
set.

For Average Normalized Edit Distance
(ANED), we follow Li and Liu (2007) and nor-
malize the edit distance by the maximum of the
two path lengths. For each query, the Normalized
Edit Distance (NED) is defined as:

ED (Tagent s Tgt)

max (|7'agent|7 ‘Tgt|) '

NED(Tagent, Tgt) = )
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Ground truth Tool Call Trajectory Tool 1: 40.73

I —

Tool 2: 42.67

S —

[ Initial State ]—[ LocationPreference ]—[LocationCandidate_Raw]—[ LocationCandidate_L1 ]—[ TravelLocation ]

/’&/

Tool 4: 38.55

Tool 3:22.22

Agent Tool Call Trajectory

I

Tool 5: 23.56

Figure 8: An illustrative example of metric calculation. The diagram contrasts the ground-truth trajectory (7,
indicated in green) with the agent’s trajectory (7ggent, indicated in red). The numbers on the edges represent the
specific cost of each tool invocation. We use this scenario to demonstrate how Cost Gap, path-related metrics (AED,

ANED, EMR), and task completion metrics are computed.

where |7| denotes the length of a trajectory. By

construction, this metric ranges from 0 to 1, where
0 indicates identical paths and 1 indicates maximal
dissimilarity. We then average across all queries:

N
1 i i
ANED = =% NED(7{ghnts Tat))- (18)
=1
For Exact Match Ratio (EMR), we use a binary
indicator that checks whether the agent’s trajectory
exactly matches the ground-truth trajectory. For
each query, the exact match is defined as:

EM(Tagenu Tgt) =K [Tagent = Tgt] ) (19)

where J[-] is the indicator function that equals 1 if

the two trajectories are identical and O otherwise.
The Exact Match Ratio is then computed as the
proportion of exact matches across the test set:

N
1 7 7
EMR = ;:1 EM(7{gon> Tat))- (20)
Task Completion Metric. We report Task Com-

pletion Ratio as the proportion of samples
where the agent’s predicted final candidate exactly
matches the ground-truth answer. This mainly cap-
tures the agent’s ability to understand and interpret
human intent expressed in natural language, as well
as to invoke the necessary tools to obtain the final
answer.

Tool Call Metric. For the Invalid Tool-Use Ra-
tio, we report the proportion of invalid tool calls
over all tool calls.

B.3.2 Boundary Conditions

Cost Metrics. For cost-related metrics, we ex-
clude all data points where the agent fails to reach
the goal state within the maximum of 20 turns,
since comparing a trajectory that stops at an in-
termediate state with one that reaches the goal is

not meaningful. When computing the total cost of
each data point, we also disregard invalid search
attempts. This design ensures that the reported cost
reflects the agent’s genuine cost awareness, while
disentangling it from its tool-use capability.

Path Metrics. For path-related metrics, we focus
on evaluating genuine cost-optimal planning ability.
Trajectories that fail to reach the goal state are ex-
cluded from metric computation to ensure that cost
awareness is measured only on successful comple-
tions. To avoid being influenced by agents’ tool
calling ability and reflect true cost-optimal plan-
ning capability, we also exclude failed tool calls.
We thereby disentangle agents’ tool calling ability
and cost-optimal planning ability.

Task Completion metric. For Task Completion
Ratio, we exclude all samples in which the agent
fails to reach the goal state, since such predictions
amount to mere guesses rather than answers de-
rived from a complete tool-call trajectory.

Tool Call Metrics. For the Invalid Tool-Use Ra-
tio, we include all data points regardless of out-
come. This metric reflects the model’s zero-shot
tool-use ability on our benchmark, providing an
intuition of how such ability impacts cost-optimal
planning performance.

Notably, in blocking scenarios, we exclude all
samples that do not experience the designated num-
ber of blocking events. Including such samples
would make the metrics unfair; therefore, we re-
port results based on the intersection of valid sets
that meet the blocking criteria.

B.3.3 Illustrative Examples

To better understand the proposed metrics, we
present a concrete example based on the trajecto-
ries shown in Figure 8. Let 7 denote the Ground-
truth trajectory (green path), which employs a se-

12846



quence of two composite tools with a total cost of
40.73 + 42.67 = 83.40. In contrast, let Tgens de-
note the Agent trajectory (red path), which adopts
a less efficient plan consisting of three tools with
a total cost of 22.22 + 38.55 4 23.56 = 84.33. In
the following, we illustrate our proposed metrics
one by one using this example.

(1) Cost Gap. This metric quantifies the economic
inefficiency of the agent. In this scenario, the Cost
Gap is calculated as the difference between the
agent’s total cost and the ground-truth cost: 84.33—
83.40 = 0.93. This positive value indicates that the
agent failed to find the most cost-effective solution
compared to 7y;.

(2) Path Metrics (EMR, AED, ANED). These
metrics assess the structural alignment between
Tagent and 74 . Specifically, the Exact Match Ra-
tio (EMR) is O for this instance because the agent’s
tool sequence (74gen¢) differs markedly from the
ground-truth sequence (74). The Average Edit
Distance (AED) measures the minimum number
of edit operations required to transform 7,gep¢ INtO
Tqt- In this specific case, since the agent’s tool
chain (Tool 3 — Tool 4 — Tool 5) is completely
disjoint from the ground truth (Tool 1 — Tool 2),
the transformation necessitates three operations.
For instance, substituting Tool 3 with Tool 1, sub-
stituting Tool 4 with Tool 2, and deleting Tool 5
results in an edit distance of 3. The Average Nor-
malized Edit Distance (ANED) normalizes the
AED by the maximum length of the two trajecto-
ries (i.e., max(|Tagent|, [Tgt|) = max(3,2) = 3).
This yields an ANED of 3/3 = 1.0, quantifying
that the agent’s plan exhibits a 100% structural di-
vergence from the optimal strategy. Note that the
final reported values for these metrics are computed
as the mean across all test instances.

(3) Task Completion Ratio (TCR). Despite the
sub-optimal path, the agent successfully reached
the final goal state (TravelLocation). Therefore,
the TCR for this sample is 1 (or 100%), highlight-
ing that the agent was effective in task completion
but lacked efficiency. The final reported TCR is
calculated as the average over all samples.

(4) Invalid Tool-Use Ratio (ITUR). This metric
measures the proportion of failed tool invocations,
such as calling non-existent tools, using wrong pa-
rameters, or violating prerequisites. In the example
of Figure 8, all tool calls executed by the agent were
valid transitions within the tool graph, resulting in
an ITUR of 0. However, in cases where an agent
attempts to invoke a tool without satisfying its in-

put dependencies (e.g., calling a tool that requires
LocationCandidate_L1 without first obtaining it),
such calls would be counted as invalid failures.

B.4 Blocking Details

Block Trigger Time. To ensure blocking events
occur at strategically meaningful moments through-
out the agent’s planning process, we employ a dy-
namic trigger mechanism that adapts to the evolv-
ing optimal path length after each environment
change. Specifically, let L; denote the optimal
path length after the i-th blocking, ¢; denote the
current execution step, and B denote the total num-
ber of planned blockings. For the next (i 4+ 1)-th
blocking, we calculate the relative trigger position
as A = |L;/(B — )], and set the trigger step to
tiv1 = t; + max(1, A). This strategy distributes
blocking events approximately evenly across the
remaining optimal trajectory, preventing clustering
at the beginning or end of execution. Critically, the
trigger step for each blocking is recalculated dy-
namically after every environment change, as each
blocking (especially cost changes or tool removals)
may alter the optimal path length L;.

B.5 Proof of Solvability of Blocking Scenarios

For four block types: ban tool, preference change,
cost change and remove tools, we both ensure that
the agent could reach the goal state in theory, that
is to say, the tool graph remains solvable.

* Ban Tool Intuitively, the worst case occurs
when all blockings prevent the same state
from transitioning to other states. As long as
the agent can still move to alternative states, it
can reach the goal. Therefore, when the tool
that completes the entire task in a single step
is unavailable, the maximum number of block-
ings that can be tolerated is task_length — 2.
A rigorous proof is provided later in this sec-
tion.

* Preference Change Since the tool graph does
not change, the solvability is unaffected.

* Cost Change It is trivial that the tool graph
could still be solved, since no edges are re-
moved from the graph.

* Remove Tools In this case, we always keep
the atomic tools unremoved to maintain solv-
ability.
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Rigorous proof for the “Ban Tool” scenario:
Consider a linear task of length n. Suppose ev-
ery contiguous interval [i, j] with1 <i < j <n
corresponds to a tool, except that the full-length
tool [1, n] is banned by default. Then the minimum
number of additional tools whose removal destroys
all partitions of [1,n] is

h=n-1.
Consequently, the robustness bound is
Kiobust :h—lzn—Q,

meaning that as long as fewer than n — 1 tools are
banned, the tool graph always remains solvable.

Foreach k € {1,...,n — 1}, consider the parti-
tion

Since [1,n] is not allowed, each Py is a valid par-
tition. Distinct & yield disjoint sets of tools, so to
block all partitions one must remove at least one
tool from each P, i.e. at least n — 1 tools. Thus
h>n-—1.

Conversely, let

H={11],[12],....[l,n— 1]}

Any partition of [1, n] must begin with some [1, k]
(1 <k <n—1),because [1,n] is banned. Hence
every partition uses a tool from H. Therefore H is
a hitting set of size n—1, so h < n—1. Combining
gives h = n — 1, and thus the robustness bound is
Kiobust = 1 — 2, which completes the proof.

B.6 Randomized yet Reproducible
Environment

To enable systematic evaluation while maintaining
experimental variability, we design a fully deter-
ministic environment generation framework con-
trolled by a global seed S. This ensures that all
random aspects (tool costs, blocking parameters,
and trigger timings) are reproducible across runs
while remaining sufficiently diverse across differ-
ent queries.

B.6.1 Deterministic Cost Assignment

For each query with identifier ¢, and for each tool
(atomic or composite) with name name(-), we de-
terministically derive random seeds by applying
SHA-256 hashing (National Institute of Standards

and Technology, 2015) to the tuple (S, ¢, name):

Cq,a ~ Uniform(cmin, Cmax; seed = h(S, ¢, a))
(D
eqr ~N(0,0%k;seed = h(S,q,T)) (2)

Cq,r = max (1.007 round (Z Cqya + €q,T, 2>> 3)

a€T

Here a denotes an atomic tool, 7" a composite
tool with k£ atomic components, and /A(+) the hash-
based seed derivation function. The v/k scaling
in equation (2) reflects empirical observations that
execution variance grows sublinearly with pipeline
length (Conway et al., 1967; Hopp and Spearman,
2011).

B.6.2 Deterministic Blocking Parameters

When evaluating agents under a specific blocking
type (ban_tool, preference_change, remove_tools,
or cost_change), all blocking events are pre-
planned using a hierarchical seeding strategy.
Given a base seed S, for query ¢, we derive the
seed for the i-th blocking as Sy ; = Sy + 1 - A,
where Ay = 100 is a fixed interval ensuring seed
independence. This seed S, ; deterministically con-
trols the parameters for blocking #:

 Cost Change: A new global seed S’ is sam-
pled from a predefined range using .S, ;, which
then regenerates all tool costs via equations

(DH-3).

* Preference Change: S, ; selects an alterna-
tive query from the same task category to ex-
tract new user requirements and preferences.

* Remove Tools: Using S;, we deterministi-
cally sample n non-overlapping length inter-
vals [l;, ;] from the feasible range [2, Lpax],
where n is the total count of remove tools
events and Ly,x depends on the refinement
level. As shorter tools are more prevalent,
we impose a minimum width constraint (r; —
l;) > Lmax/2 to ensure the removal of a suf-
ficient number of tools, thereby increasing
the likelihood of modifying the ground-truth
plan. At blocking ¢, only composite tools with
length exactly equal to [; (the left endpoint)
are removed from the visible tool set, while
all atomic tools remain accessible.

* Ban Tool: S, ; produces deterministic fail-
ure messages, where the banned tool is deter-
mined at runtime according to the agent’s ac-
tual tool call, thereby enabling targeted block-
ing of the agent’s actions.
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Thus, this hierarchical seeding ensures that: (i)
given (.S, ¢) and the blocking type, the entire block-
ing sequence and all associated parameters are
fully determined (only the trigger time would be
different, and we will explain its fairness in Ap-
pendix B.6.3); (ii) different queries exhibit differ-
ent blocking patterns with the same S; and (iii)
experimental results are perfectly reproducible, fa-
cilitating controlled comparisons across models
and further analysis.

B.6.3 Evaluation Fairness

Dynamic blocking mechanism ensures fairness
across models. Among the four types of block-
ing events, all trigger times are determined based
on the optimal path. Therefore, given identical cost
assignments, the first trigger time remains fixed.
However, the subsequent blocking time depends on
the model’s behavior, because the state the model
reaches during the first block determines the op-
timal path and thus the trigger time for the next
blocking. We argue this is fair across models:

* If a model follows the correct trajectory, both
the ground truth and all agents are identically
affected during the whole interaction trajec-
tory, preserving fairness in evaluation.

* Conversely, if a model already deviates from
the optimal path, the model-dependent block-
ing trigger time has no impact, as the data
point’s EM score would already be zero. Con-
sequently, the EMR metric remains unaf-
fected.

e Moreover, as shown in Table 3, EMR and
ANED/AED exhibit opposite trends, suggest-
ing that the latter two effectively capture per-
formance differences as well.

Moreover, the blocking parameters are deter-
mined through a pseudo-random seeding mech-
anism (see details in Appendix B.6.2), making
them deterministic and consistent across all mod-
els. Therefore, we consider our dynamic blocking
mechanism to be fair across models.

B.6.4 Evaluation Robustness

Random seed mechanism promotes evaluation
robustness. Building on the deterministic seed-
ing framework introduced in Appendix B.6.2, our
evaluation benefits from the diverse cost assign-
ment and thereby achieves robustness. Specifi-
cally, the global seed S is hierarchically propa-
gated into per-query seeds S; and subsequently

into tool-level seeds through the hash-based func-
tion h(S,g,name) (Eq. 1-3). This mechanism
ensures that each query instantiates a distinct cost
landscape: atomic tools receive independently sam-
pled costs, and composite tools derive their per-
turbed costs via €, 7, which yield sufficiently var-
ied environments that reveal the agent’s true cost-
awareness rather than memorization of any fixed
structure. Additionally, we evaluate models under
three independent runs (details in Appendix C.2),
each initialized with a different global seed .S. The
consistency of results across these runs confirms
that the benchmark remains robust to seed varia-
tion, while the hierarchical generation preserves
controlled diversity across instances.

Deterministic blocking content poses no mem-
orization risk. Although the specific blocked
tools and new cost values are pre-determined by
a fixed seed for reproducibility, they remain com-
pletely invisible to the agent until runtime, and our
evaluation architecture explicitly forbids any cross-
instance memory or episodic recall. Each task is
executed in full isolation with a fresh context, mak-
ing pattern exploitation impossible.

B.6.5 Discussions on Evaluation

The necessity of introducing controlled uncer-
tainty. While fully deterministic blocking (i.e.,
identical blocking parameters and trigger times)
would benefit cross-model comparability, it would
fundamentally limit the benchmark’s ability to eval-
uate adaptive planning. Real-world environments
are inherently dynamic—cost structures shift, tools
fail, and preferences change—requiring agents to
replan under uncertainty rather than memorize
fixed trajectories. If blocking events were static
across all queries, a model could trivially overfit to
CostBench through fine-tuning or pattern memo-
rization, achieving superior scores without improv-
ing its robustness or generalization, as observed
in prior benchmarks prone to leakage (Wu et al.,
2025b; Guo et al., 2025). Introducing controlled
uncertainty addresses this issue: the content of
each blocking event is deterministic under a global
seed, ensuring reproducibility, while the timing
adapts to the agent’s progress, preventing short-
cut exploitation and preserving evaluation diversity.
This hybrid design strikes a balance—maintaining
fairness through seed-controlled reproducibility,
while providing enough diversity to meaningfully
assess an agent’s ability to detect disruptions, revise
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Steps Redundant Tool calls Failure Tool Calls
Repeated Calls |  Extra Calls | Wrong Parameters ||  Inaccessible Calls |

QOwen3-8B 1 0 0 6
Owen3-14B 1 7 1 11
QOwen3-32B 0 0 19 0
Llama-3.1-8B-Instruct 0 0 19 347
GLM-4.5 2 0 3 43
Deepseek-V3.1 16 0 6 314
Gemini-2.5-pro 0 2 0 0
Claude-sonnet-4 3 0 0 53
GPT-4o 10 0 1 318
GPT-5 11 0 0 1

Table 8: Detailed statistics of failure modes for the tested models in the main experiment (Table 3). Numbers in
parentheses represent the ratio (%) to the total number of tool calls.

plans, and recover from unexpected environmental
changes.

C Additional Experiment Results

C.1 Hardest Test on Static Settings

In Figure 2, we analyze model performance in
static settings, with task sequence lengths rang-
ing from 5 to 8. We further report the detailed
performance values in Table 4 for the most chal-
lenging case, task sequence = 8. We observe that
under this setting, the EMR of all Qwen-series mod-
els drops to single digits. Gemini-2.5-Pro also ex-
hibits a substantial degradation, falling from 83.73
at task sequence = 5 to 35.15, while only GPT-5
maintains an EMR of approximately 75%. These
results indicate that current models struggle even
with relatively simple forms of complexity scaling.
Notably, we argue that comparisons among Qwen-
series models in this setting are of limited practical
significance, as their performance is nearly indis-
tinguishable from a greedy policy, suggesting that
their decisions are effectively equivalent to random
guessing.

C.2 Evaluation Robustness

Theoretical Bounds. To ensure the statistical va-
lidity of our evaluation, we quantified the uncer-
tainty associated with our metrics using the Boot-
strap method (Justus et al., 2024) with 10, 000
resampling iterations. As presented in Table 9,
our measurement exhibits relatively high precision
across all evaluated models. The 95% confidence
intervals are remarkably tight, with an average half-
width radius of only 2.83% for Exact Match Ratio
(EMR) and 2.44% for Average Normalized Edit
Distance (ANED). Furthermore, the radius for Av-
erage Edit Distance (AED) is negligible at 0.100.

Radius Radius Radius
Models EMR) ) (ANED) ) (AED)
Qwen3-8B 2.82 2.55 0.085
Qwen3-14B 3.59 2.83 0.132
Qwen3-32B 3.72 3.10 0.120
Llama-3.1-8B-Instruct 2.02 2.07 0.112
GLM-4.5 3.04 2.94 0.101
Deepseek-V3.1 2.82 2.51 0.117
Gemini-2.5-Pro 2.81 1.64 0.067
Claude-Sonnet-4 3.86 2.96 0.105
GPT-40 2.55 2.23 0.110
GPT-5 1.11 1.56 0.047
Average 2.83 2.44 0.100

Table 9: 95% Confidence Intervals for Main Met-
rics. We employ the Bootstrap method (Justus et al.,
2024) with 10,000 resampling iterations on the test
set (N = 381) to estimate statistical uncertainty. The
reported Radius values denote the half-width of the
95% confidence interval (i.e., the 4+ value) for Exact
Match Ratio (EMR), Average Normalized Edit Distance
(ANED), and Average Edit Distance (AED).

These narrow bounds confirm that the observed
performance differences between models are sta-
tistically significant and not artifacts of sampling
noise, demonstrating the robustness of our bench-
marking methodology.

Empirical Results. To further empirically ensure
the robustness of our conclusions, which is con-
trolled by a random seed, we conducted three ad-
ditional experiments using seeds 1000, 2000, and
3000 to evaluate model performance. As illustrated
in Figure 9, the LLMs exhibit no significant per-
formance variation across different seeds, with dif-
ferences in ANED and EMR remaining within 5%,
confirming low seed sensitivity.

D Analysis and Discussion

D.1 Data Distribution

We note a slight imbalance in our final filtered
dataset, where the “Location” task contains the
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Steps

Redundant Tool calls

Failure Tool Calls

Repeated Calls

Extra Calls

Wrong Parameters

Inaccessible Calls

Step 1 Decide_Attraction_Preference Decide_Shopping_Preference
Step 2 Attraction_Preference_and_Search Search_Shopping_Candidates
Step 3 Attraction_Refine_to_Step2 Shopping_Finish_from_Stepl_3Steps
Step 4 Select_Final_Attraction Shopping_Refinement_Stepl
Step 5 Shopping_Refinement_Step2
Step 6 Select_Final_Shopping

Attraction_Full_Planning_to_Stepl

Attraction_Finalize_from_Step1_3Steps

Decide_Location_Preference
Search_Location_Candidates
Location_Refinement_Step2

Table 10: Representative examples of the four failure modes, taken from Qwen3-14B. Tool calls highlighted in
green indicate the step where the goal state is reached, while those in red mark the erroneous calls. Each model in
Table 3 exhibits at least one of these error types.

ANED

EMR

100 100
N seed=1000

80 seed=2000 80
seed=3000

mm seed=1000
seed=2000
seed=3000

ANED
EMR

0 Qwen3-8B

Qwen3-8B Qwen3-14B Qwen3-14B

Figure 9: Performance of Qwen3-8B and Qwen3-14B
on ANED and EMR (%) across different seeds. Results
demonstrate low variations with different seeds, with
variations in ANED and EMR not exceeding 5% across
seeds.

fewest instances in both the training and test splits.
This skew originates from our generation pipeline:
we initially sampled an equal number of raw prefer-
ence combinations for each task, but a subsequent
commonsense filter retained a different proportion
of combinations for each task. The “Location” task
had a lower filter pass rate due to its unique dimen-
sional features, resulting in the final distribution.

We argue that this imbalance is non-critical for
our primary objective of evaluating cost-optimal
planning. The user preference features are only
utilized in the initial step to understand user in-
tent and select the first tool. The subsequent agent
trajectory, which comprises the core planning and
tool-calling sequence, is independent of these ini-
tial preferences. Therefore, while the skew may
slightly influence the evaluation of intent under-
standing, it does not affect the integrity of the cost-
optimal planning assessment. For future applica-
tions, users of CostBench requiring a more bal-
anced distribution or augmented “Location” data
can readily achieve this by adjusting parameters in
our provided codebase.

D.2 Error Analysis

Building upon the main discussion in Section 5, we
provide a detailed examination of all observed error
types, including both redundant and failure tool

calls. These analyses shed light on how progress-
awareness limitations hinder the agents’ ability to
plan and act cost-efficiently.

D.2.1 Redundant Calls

As defined in Section 5, redundant calls consist of
two subtypes: (1) Repeated calls, where the model
invokes the same tool multiple times even after
a successful call, and (2) Extra calls, where the
model continues invoking tools after reaching the
goal state.

Such behaviors commonly occur when models
fail to maintain an internal notion of task comple-
tion or overlook that an equivalent operation has
already been performed. In Table 8, we report the
frequency of these redundant patterns across mod-
els. The overall ratio of redundant calls correlates
with the noise observed in the raw cost metrics, as
discussed in Section 5.

Table 10 illustrates representative examples:

* Repeated Calls: The agent redundantly
invokes both “Decide_Attraction_Preference”
and  “Attraction_Preference_and_Search,”
even though the latter already subsumes the
former’s function. This results in unnecessary
tool usage and inflated total cost.

» Extra Calls: The model successfully reaches
the goal state by Step 3 but continues to call
additional tools instead of terminating the pro-
cess. This behavior suggests a lack of aware-
ness regarding task completion.

D.2.2 Failure Calls

Apart from redundant behavior, we observe two
major categories of failure calls, which directly
lead to invalid tool invocations:

(1) Wrong Parameters. These errors arise when
the model specifies incorrect tool names or mal-
formed parameter formats. For instance, a
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model may call a non-existent tool like “At-
traction_Finish” instead of the correct “Attrac-
tion_Finish_from_Step1_3Steps.” This reflects in-
adequate grounding in the available tool schema
and incomplete adherence to the prompt’s enumer-
ated tool list (see Figure 15).

(2) Inaccessible Calls. These represent the
most severe failure mode. An inaccessi-
ble call occurs when the model invokes a
tool whose input dependencies have not yet
been satisfied. For example, after executing
“Search_Location_Candidates,” a model may di-
rectly call “Location_Refinement_Step2” without
completing “Step 17, which provides the required
structured input. Such cases reveal a fundamental
failure to reason about task dependencies, despite
the explicit prompt instructions outlining the cor-
rect execution sequence.

As shown in Table 8, inaccessible calls domi-
nate among all failure cases across models. This
suggests that models struggle to maintain a consis-
tent internal state of intermediate results or to map
current progress to the corresponding valid action
space.

D.3 Summary and Implications

Across all analyzed cases, the dominant failure
modes, repeated, extra, wrong-parameter, and inac-
cessible calls, point to a shared underlying limita-
tion: insufficient progress awareness. Models often
fail to track which subgoals have been achieved
and which inputs are currently available, leading to
redundant or logically inconsistent tool invocations.
This lack of situational grounding undermines cost
sensitivity and prevents the models from perform-
ing truly cost-optimal planning, even when they
possess the necessary cost-related reasoning capa-
bilities.

E Data Annotation

Query Validation. We enlisted three PhD-level
researchers, all co-authors with expertise in NLP, to
annotate a sample of 200 travel queries across six
scenarios: accommodation, transportation, attrac-
tions, location, dining, and shopping. A screenshot
of the annotation interface is shown in Figure 10.
The annotators achieved individual accuracy rates
of 97%, 95%, and 98% against the reference an-
swers, confirming the high quality of the annota-
tions. They also verified that the dataset contains
no offensive language or personal information.

Coverage Rate Calculation. For the calculation
of the coverage rate described in Section 5.1, we
adopt the LL.M-as-a-judge approach. To verify
its reliability, we manually inspected 10 sampled
cases for each setting and found the automatically
extracted results to be fully consistent with the
human annotations. Therefore, we are confident in
the credibility of the reported results.
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Progress: 1/100 current annotator: annotator_1

Query ID: <Query00001>
Task: location
Requirement: I've been craving an adventure in a bustling urban environment, not just any town bul a sprawllng melropolls teeming with life and diversity. My heart is set on a place with a rich and storied past, where

history seeps from its every corner and tradition is woven into the fabric of daily life. I'm wn t for their g architecture, where each building tells a story and serves as a
testament to human creativity and achievement. This is the kind of cityscape | long to explore, one lhat oﬂers a deep d\ve into the past while standing tall in the present.

Question 1: [_] category

@ city
@ seaside
@ mountain

@ vilage

Question 2: Y tier

@ major_metropolis
@ mid_sized_city
@ small_town

@ secluded_area

Question 3: @ style

@ historic_and_traditional
@ modern_and_cosmopolitan
@ natural_and_serene

@ entertainment_and_vibrant

Question 4: s feature_package

@ architectural_marvel
@ religious_center
@ signature_theme_city

@ culinary_capital

Figure 10: Annotation Screenshot for human annotators.
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Prompts used in query construction stage

User preference validation

You are a helpful assistant for validating commonsense conflicts in user queries. Given a set of user
requirements, determine whether there are any commonsense conflicts among them. Apply strict
checking: even minor inconsistencies should be marked as conflicts. Your response must be either
**conflict** or **no conflict**, nothing else.

Example: User prompt: Task: Location search. User requirements: " 1. I want the Loca-
tion category to be ‘city’.

2. I want the Location tier to be ‘secluded_nature’.

3. I want the Location style to be ‘adventure’.

4. I want the Location features to include ‘nightlife_central’.

Generated response: **conflict**

User prompt:

Prompt construction

You are a helpful assistant for generating queries.

Please generate a search query for a [task] task based on detailed user requirements. The user
requirements will be comprised of four dimensions (Category requirement, Tier requirement, Style
requirement, Feature package requirement). The query should be written as a long, self-contained
user statement that clearly describes the user’s needs and intentions. You should follow these rules:

1. The query clearly describe the user requirements without any possibilities of misunder-
standing. For each requirement dimension, you should clearly distinguish the user required one from
any other possible candidates in the generated query. Possible candidates are listed below:
Category requirement: [category_candidates]

Tier requirement: [tier_candidates]

Style requirement: [style_candidates]

Feature package requirement: [features_candidates]

2. You should use human-like language to express the user requirements. That is to say, you
shouldn’t use the exact word to describe the user requirements. Instead, you should paraphrase and
rephrase the requirements to imply the user needs in a natural way. For example: if the user has a
"luxury’ requirement, then you could say something like *money is totally not a concern, and I want
an extravagant experience’. For some special cases (proper nouns), you can use the exact wording.
3. The query should be concise and to the point, avoiding unnecessary details or overly complex
sentences.

4. All the information you could use is from the user preferences. The location and time information
are just meaningless placeholders.

Please **DO NOT GENERATE ANYTHING OTHER THAN THE QUERY **.

Figure 11: The prompts used in our query construction stage. All the words surrounded with “[ ] would be replaced
with real parameters in construction time.
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Prompts used in path extraction stage

You are analyzing a planning text from a model’s output.

The text lists possible tool-calling paths with costs. Count the number of distinct paths explicitly
enumerated (e.g., ‘Path 1°, ‘1)’, etc.). Ignore introductions or selected paths—only count the listed
alternatives. You shouldn’t judge if the paths are valid or not. Output a single integer to represent the
number of distinct paths. If none, use 0. No extra text.

Planning text: [model_plan]. Number of distinct paths:

Figure 12: The prompts used in our path extraction stage. All the word surrounded with “[ ] would be replaced
with real parameters in construction time.

An example user query

User Query:

I’ve been craving an adventure in a bustling urban environment, not just any town but a sprawling
metropolis teeming with life and diversity. My heart is set on a place with a rich and storied past,
where history seeps from its every corner and tradition is woven into the fabric of daily life. I'm
particularly drawn to destinations renowned for their breathtaking architecture, where each building
tells a story and serves as a testament to human creativity and achievement. This is the kind of
cityscape I long to explore, one that offers a deep dive into the past while standing tall in the present.

Corresponding user preference:

Location main category: city

Location scale tier: major_metropolis

Location style priority: historical_and_traditional
Location feature package: architectural_marvel

Figure 13: An example user query in CostBench.

Dimension Values

Category flight, train, bus, car rental

Tier luxury class, business class, standard class, budget class

Style speed priority, comfort priority, scenic route, schedule flexibility priority

Feature Package | onboard connectivity and power, full meal and beverage service, special luggage
allowance, lie flat or sleeper facility

Table 11: The test set feature list for task transportation.
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An example of the tool used in our CostBench

Name: Decide_Transportation_Preference

Description: With this atomic tool, you describe a transportation by choosing

its category, tier, style, and feature package according to the user
requirements. The tool then gives you a unique label that represents your
exact combination of transportation preferences. This tool has a cost of
20.06 units. The output type of this tool is TransportationPreference.

Parameters:
- Type: object
- Properties:

- LocationPreference:
- Type: String
- Description: A LocationPreference object
user preferences for location selection
- TransportationCategory:
- Type: String
- Enum: [
flight,
train,
bus,
car_rental

identifier representing

iy

- Description: A transportation category enumeration value

specifying the main type/category for transportation selection.
Available options: flight, train, bus, car_rental
- TransportationTier:
- Type: string
- Enum: [luxury_class, business_class, standard_class,
] y
- Description:

budget_class

A transportation tier enumeration value specifying
the quality/price level for transportation selection. Available

options: luxury_class, business_class, standard_class,
budget_class.

- TransportationStyle:

- Type: string

- Enum: [speed_priority, comfort_priority, scenic_route,
schedule_flexibility_priorityl],

- Description: A transportation style enumeration value specifying
the preferred style/approach for transportation selection.
Available options: speed_priority, comfort_priority,
scenic_route, schedule_flexibility_priority.

- TransportationFeaturePackage: {

- Type: String,

- Enum: [onboard_connectivity_and_power,
full_meal_and_beverage_service, special_luggage_allowance,
lie_flat_or_sleeper_facility.

] ’

- Description: A transportation feature package enumeration value

specifying additional features/services for transportation
selection. Available options: onboard_connectivity_and_power,

full_meal_and_beverage_service, special_luggage_allowance,
lie_flat_or_sleeper_facility.

- Required: [LocationPreference, TransportationCategory,

TransportationTier,
TransportationStyle, TransportationFeaturePackage]

Figure 14: An example tool schema for the tools we used in the CostBench.
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Inference Prompt Part 1
You are an Al assistant for planning task-related schedules.

<Task description>

Your only objective is to obtain the required information (goal type: ‘TravelLocation’, represented
by a unique ID ‘<LocationCandidate{Candidate_ID}>") by following the tool path with the
**LOWEST TOTAL COST**. The task consists of 4 parts: Deciding Preference, Searching
Candidates, Refining Options, Final Recommendation. In the refinement stage, you should take
charge of filtering the Location candidates. You should refine the possible candidate set from these
two dimensions: availability and seasonal suitability. Note that the order of the refinement steps is
fixed as specified above, and using another order will result in incorrect behavior.

</Task description>

<Tool description>

1. **Tool Cost**. Each tool call has a predefined cost listed in the tool description.

2. **Tool Input and Output Types**. Each tool defines its input types through its parameters (the
parameter name indicates the data type) and its output type in its description.

3. **Tool Dependencies**. Some tools depend on others through their input/output types. Carefully
read each tool’s input/output fields and description before calling the tool.

4. **Data types™*. Each Tool has a list of input data types and an output data type. You should infer
LocationCategory, LocationTier, LocationStyle, LocationFeaturePackage, TimelInfo from the user
query. For other data types, you only obtain them when a certain tool explicitly returns them. The
data types are specially designed, and using them incorrectly will result in incorrect behavior.

5. **Atomic vs Composite Tools**. The tools available could be categorized into atomic tools
and composite tools, which is specified in the tool description. An atomic tool performs a single
and inseparable operation. A composite tool chains multiple atomic tools in sequence and lists its
component atomic tools in its description. The cost of a composite tool is specified in its description.
Inputs/outputs of a composite tool follow the component chain. Despite being multi-step internally,
it still counts as ONE tool call and must obey the one-tool-per-step rule. The cost of a composite
tool might be higher or lower than the sum of its component atomic tools.

6. **Sample Atomic Tool Sequence**. For this task, the basic atomic tool calling sequence
is: Decide_Location_Preference, Search_Location_Candidates, Location_Refinement_Stepl,
Select_Final_Location. You should replace some atomic tools with composite tools if that reduces
cost. You must then compare all possible equivalent tool-calling paths and pick the one with the
lowest total cost.

</Tool description>

Figure 15: The first part of the prompt used to benchmark agents during runtime. The example shown corresponds
to a task sequence of length 4. The filtering steps and demonstration examples are dynamically generated according
to the task sequence length. This part is concatenated with Part 2 in Figure 16 to form the complete prompt.

12857



Inference Prompt Part 2

<Expected workflow>

1. **Explain your reasoning.** Write out your plan clearly, showing how you’ll minimize cost. To
ensure the optimality of your plan, you should list out all possible tool-calling paths, sum up the cost
of each path, and then select the path with the lowest cost.

2. **Execute your plan.** Right after the explanation, invoke the required tool. Do not describe or
print the tool call in text, just make the call directly.

3. **Adapt and continue.** You should always keep an eye on the environment. On every step of
execution, you should always check if anything about the tool changes (e.g. cost, availability, etc.).
If something goes wrong or changes, adapt and continue along the most cost-optimal path.
</Expected workflow>

<Important rules>

- **Cost is the most important.** Your performance is evaluated solely based on the total cost of tool
calls upon reaching the goal state. Always pick the cost-minimal tool path. If there are two paths
with the same cost, you should pick the one with the least number of tool calls.

- **One tool per step.** You may only call one tool at a time and SHOULD NOT call multiple tools
in one request. If you try to call multiple, only the first will count.

- **Exact parameters.** Use the provided values exactly as given (e.g., if “<TimeInfo00000>" is
given, the “Timelnfo” parameter must be “<Timelnfo00000>", if “<LocationPreference00000>"
is given, the “LocationPreference” parameter must be “<LocationPreference00000>"). - **Final
answer format.** Once you obtain the “Candidate_ID” representing your goal type, stop calling
tools immediately and return the answer in this exact format: “<answer> <LocationCandi-
date{Candidate_ID}> </answer>". Only incorporate the “<answer>", “</answer>" tag when you
want to provide the final answer. If you output the format, your conversation would be terminated.
</Important rules>

<example>
Here is an example of how to plan your tool call paths in a cost-optimal way for your reference. You
should adapt to the task and available tools instead of memorizing this example.

Given that: 1. The basic atomic tool calling sequence is: A(Cost: Cost_A), B(Cost: Cost_B),
C(Cost: Cost_C), D(Cost: Cost_D). 2. The available tools are: A(Cost: Cost_A), B(Cost: Cost_B),
C(Cost: Cost_C), D(Cost: Cost_D), AB(Cost: Cost_AB), BC(Cost: Cost_BC), CD(Cost: Cost_CD),
ABC(Cost: Cost_ABC), BCD(Cost: Cost_BCD). Composite tools are those whose names contain at
least two letters; each letter represents an atomic tool included within the composite, while their
costs are not necessarily the sum of their component atomic tools (e.g., ‘AB’ is equivalent in effect
to performing A then B, but Cost_AB may differ from Cost_A + Cost_B).

Then you should list out all possible tool calling paths first:

<path> 1. A(Cost: Cost_A) -> B(Cost: Cost_B) -> C(Cost: Cost_C) -> D(Cost: Cost_D). Total Cost: Cost_A + Cost_B +
Cost_C + Cost_D.</path> <path> 2. AB(Cost: Cost_AB) -> C(Cost: Cost_C) -> D(Cost: Cost_D). Total Cost: Cost_AB
+ Cost_C + Cost_D.</path> <path> 3. A(Cost: Cost_A) -> BC(Cost: Cost_BC) -> D(Cost: Cost_D). Total Cost: Cost_A
+ Cost_BC + Cost_D.</path> <path> 4. A(Cost: Cost_A) -> B(Cost: Cost_B) -> CD(Cost: Cost_CD). Total Cost:
Cost_A + Cost_B + Cost_CD.</path> <path> 5. AB(Cost: Cost_AB) -> CD(Cost: Cost_CD). Total Cost: Cost_AB +
Cost_CD.</path> <path> 6. ABC(Cost: Cost_ABC) -> D(Cost: Cost_D). Total Cost: Cost_ABC + Cost_D.</path>
<path> 7. A(Cost: Cost_A) -> BCD(Cost: Cost_BCD). Total Cost: Cost_A + Cost_BCD.</path>

At last, you should select and execute the path with the lowest total cost. </example>

Figure 16: The second part for agent runtime prompt.
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