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Abstract

Large language model (LLM) agents have ex-
hibited strong problem-solving competence
across domains like research and coding. Yet,
it remains underexplored whether LLM agents
can tackle compounding real-world problems
that require a diverse set of tools to complete.
Given a broad, heterogeneous tool repository,
LLM agents must not only select appropriate
tools based on task planning analysis but also
strategically schedule the execution order to
ensure efficiency. This paper introduces TPS-
Bench to benchmark the ability of LLM agents
in solving such problems that demand Tool
Planning and Scheduling. TPS-Bench collects
200 compounding tasks of two difficulty lev-
els, based on a tool repository containing hun-
dreds of model context protocol (MCP) tools.
In particular, each task is composed of multi-
ple subtasks, such as web search, map naviga-
tion, calendar checking, etc., and each subtask
can be completed by a basic tool. Our evalua-
tion emphasizes both task completion rate and
efficiency. The empirical studies on popular
closed-source and open-source LLMs indicate
that most models can perform reasonable tool
planning, but differ in scheduling. For exam-
ple, GLM-4.5 achieves an outperforming task
completion rate of 64.72% with extensive se-
quential tool calls, hence suffering from signifi-
cantly long execution time. By contrast, GPT-
4o prioritizes parallel tool calls but achieves
only a 45.08% completion rate. Considering
reinforcement learning (RL) can be a viable
way to improve the scheduling efficiency with-
out compromising performance, we perform
an initial study on Qwen3-1.7B and witness a
14% reduction in execution time alongside a
6% gain in task completion rate based on only
597 RL training samples.

*Equal contribution.
†Corresponding author.

1 Introduction

Large language model (LLM) agents have demon-
strated strong capabilities in solving various prob-
lems that require tool use (Wu et al., 2024; Qin
et al., 2023; Nakano et al., 2022) , including deep
research (OpenAI, 2025), coding (Yang et al.,
2024), and data analysis (Hong et al., 2024),
etc. For example, GPT-o3 (OpenAI, 2025) can
suitably solve the web search tasks in Assistant-
Bench (Yoran et al., 2024) using the Google search
tool, and GPT-5 (OpenAI, 2025) excels in us-
ing edit tools to tackle coding tasks in SWE-
Bench (Jimenez et al., 2024).

However, real-world scenarios often involve
compounding tasks that demand the collaboration
of various tools, which present new challenges to
LLM agents. As exemplified in Figure 1, a com-
pounding task can involve multiple subtasks, each
of which can be addressed by a basic tool. For
example, the request “Please check the dates of
upcoming holidays, recommend travel destinations
for me, list a detailed itinerary, and arrange ho-
tel reservation.” can be decomposed into subtasks
such as calendar checking, web search, itinerary
planning, hotel reservation, etc. Tackling such a
task requires LLM agents not only to engage in
task comprehension and tool planning to identify
necessary tools for completing the task, but also
to employ strategic scheduling so that independent
subtasks can be parallelized while dependent ones
adhere to a sequential workflow.

This paper introduces TPS-Bench for assess-
ing the Tool Planning and Scheduling ability of
LLM agents. It consists of 200 compounding
tasks defined on hundreds of model context pro-
tocol (MCP) tools. The involved subtasks include
weather report, calendar checking, web search,
map navigation, etc. According to compounding
complexity, we organize TPS-Bench into two lev-
els: TPS-Bench-Easy, which features simple and
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Okay, let me first 
select the tools that 
can solve this task.

Tool Planning
Help me find the 
current weather in 
Paris and check if there 
are any flight delays 
for Air France flights 
today. Recommend what 
type of clothing I 
should pack, and search 
some attractions in 
Paris.

Tool Repository

Tool Scheduling

I can use these tools to complete the task

Summary

:
1. maps_weather()
2. tavily_search()
3. getFlightTransferInfo()
4. ... ...

     
 

  
    

 
          

          
   

• Amap maps MCP
          maps_weather()
          maps_geo() ... ..

The task should be decomposed into:
1. find weather
2. check flight info
3. determine the type of clothing
4. search attractions
Subtask 3 needs to be executed after Subtask 1. I 

should first process Subtasks 1, 2, and 4 in parallel,
then handle Subtask 3.

.
 

  
• Tripmatch MC

• Tavily MCP
tavily-search()
tavily-extract() ... ..
. P

          getFlightTransferInfo()
          searchFlightsByDepArr() ... ...
... ...

With the weather in Paris today being 
xxx, I recommend putting on xxx. As for 
flights, those delayed today are xxx. And 
if you’re planning to explore the city, I 
suggest checking out xxx attractions in 
Paris.

Tool Call
Turn 1

Turn 2

<tool_call>
maps_weather
{"city": "Paris"}
tavily_search
{"query": "Attractions in Paris"}
getFlightTransferInfo
{"city": "Paris"}
<\tool_call>

<tool_response>
... ...
<\tool_response>

<tool_call>
tavily_search
{"query": "Appropriate clothing for 
20°C"}
<\tool_call>

<tool_response>
... ...
<\tool_response>

Turn 2

Figure 1: TPS-Bench assesses the tool planning and scheduling ability of LLM agents for solving compounding
tasks. As shown, the LLM agent needs to first select tools capable of solving the task from a tool repository. Next,
the LLM agent decomposes the original task into multiple subtasks and identifies their dependency relationships
(subtasks that have no dependencies are marked by different colors in the figure). After that, the LLM agent performs
tool calls and collects the tool responses in multiple turns, after which the final answer is delivered.

weakly relevant subtasks such as “check tomor-
row’s weather and recommend autumn-appropriate
recipes...”, and TPS-Bench-Hard, which comprises
subtasks more compactly and implicitly: “check
the price fluctuations of Apple phones over the past
year and recommend phones under 1,000 US dol-
lars...”. Considering the involved tasks are open
and no standard answers exist, we use LLM-as-a-
judge (Zheng et al., 2023) to evaluate task comple-
tion rate. In addition, we systematically measure
token usage and time consumption to assess the
efficiency.

We perform extensive empirical studies with
closed-source and open-source LLMs, including
GPT-4o (OpenAI, 2024), Kimi-K2 (Bai et al.,
2025), DeepSeek-R1 (DeepSeek-AI, 2025), GLM-
4.5 (Zeng et al., 2025), QwQ-32B (Qwen, 2025),
Qwen3-32B (Yang et al., 2025), and Qwen3-
1.7B (Yang et al., 2025). We notice that most mod-
els exhibit reasonable performance in tool plan-
ning but behave differently in scheduling. E.g.,
GLM-4.5 tends to employ sequential tool execu-
tion, achieving the highest task completion rate of
64.72% for TPS-Bench-Hard, at an average cost
of 217.8s and 14k tokens per query. In contrast,
GPT-4o prioritizes parallel scheduling, which leads
to 76.84s and 9k tokens per query, but the task

completion rate is rarely 45.08%. Besides, Qwen3-
32B stands as a strong open-source baseline for
TPS-Bench. It consumes 8.0k average token us-
age and achieves a 56.72% task completion rate on
TPS-Bench-Hard.

We then investigate reinforcement learning (RL)-
based post-training to improve the task scheduling
ability of LLMs for both task completion and ef-
ficiency, considering its effectiveness displayed in
agentic workflows (Zhang et al., 2025). In par-
ticular, we construct a training set of 597 sam-
ples, and use Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) to train the cost-
effective Qwen3-1.7B (Yang et al., 2025). With
only 125 training iterations, we witness a 6% im-
provement in task completion rate alongside a 14%
reduction in execution time.

2 Related Work

Evaluation of LLM-based agents. As LLMs
pave a promising path for the development of gen-
eral AI agents (Xi et al., 2025), recent years have
witnessed a surge in benchmarks designed to eval-
uate the capabilities of LLM-based agents. These
efforts span multiple dimensions: some studies
assess agents’ general problem-solving abilities
across diverse environments (Liu et al., 2023; Yu
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et al., 2025; Li et al., 2024; Trivedi et al., 2024;
Barres et al., 2025) for broad-capability assessment.
Some focus on evaluating LLM tool use effective-
ness (Huang et al., 2023; Chen et al., 2023; Ye
et al., 2024) as a key interactive capability. Others
specialize in researching domain-specific agents’
abilities (Jimenez et al., 2023; Guo et al., 2024; Xie
et al., 2024) for professional-grade performance.
However, these benchmarks primarily emphasize
task completion effectiveness but pay limited atten-
tion to the efficiency metrics, such as tool usage,
token consumption, and execution time, which are
significant factors for the cost-effectiveness and
scalability of agents in real-world tasks.

Efficiency in AI Agents. Efficient Agents (Wang
et al., 2025a) is closest to our work. However, it
concentrates exclusively on developing strategies
to enhance the operational efficiency of agents in
single-task or limited-tool scenarios. This gap is
particularly critical as currently agents increasingly
operate in strictly token-constrained or latency-
sensitive environments (Miao et al., 2023). Re-
cent studies have introduced various methods for
resource-aware inference and efficiency optimiza-
tion, such as adaptive computation (Zhou et al.,
2024), cost-efficient tool use, and latency-aware de-
coding (Wang et al., 2025b). Our work further fills
the aforementioned benchmark gap by proposing
a dedicated efficiency-oriented benchmark system,
which is specifically tailored to the unique func-
tional demands and operational characteristics of
our target multi-task, multi-tool agent settings.

Benchmark Construction and Task Designation.
Several studies have explored benchmarks and task
design for evaluating LLM agents. BIG-bench (Sri-
vastava et al., 2023) provides diverse and chal-
lenging tasks for multi-faceted evaluation. Smart-
Play (Wu et al., 2023) takes a game-based approach
to evaluate LLM agents across 6 distinct games,
each designed to challenge various key capabilities.
More recently, AgentBoard (Chang et al., 2024) in-
troduced a unified benchmark for multi-turn LLM
agents, featuring 9 diverse tasks and various en-
vironments that require partially observable and
multi-round interactions. However, these bench-
marks predominantly rely on tasks with isolated
objectives or simple sequential structures. To ad-
dress this gap, TPS-Bench explicitly incorporates
compound tasks with intricate subtask dependen-
cies and clear parallelization potential, requiring
agents not only to select appropriate tools but also

to strategically schedule their execution for optimal
efficiency. Furthermore, TPS-Bench introduces
graded task difficulty levels—a feature notably ab-
sent in existing benchmarks.

MCP for Tool-Augmented Agents. The model
context protocol (MCP) has emerged as a pivotal
standard for enabling seamless and dynamic inter-
actions between LLM agents and external tools,
thereby expanding the scope and complexity of
tasks agents can undertake (Singh et al., 2025; Ray,
2025). Although potential security concerns re-
main, recent studies have outlined future directions
to address these challenges (Hou et al., 2025). In
line with these developments, our work applies di-
verse MCP tools across categories, constructing a
realistic, heterogeneous tool-fetching environment
that closely mirrors complex real-world application
scenarios. By strategically integrating MCP tools
with a wide range of distinct, complementary func-
tionalities, TPS-Bench provides a solid framework
for assessing and advancing tool-augmented agents
while reinforcing tool-planning and scheduling ca-
pabilities.

3 TPS-Bench

As illustrated in Figure 1, the tasks in TPS-Bench
are a reasonable composition of multiple subtasks
based on a large and diverse tool repository. We
present more details below.

3.1 Benchmark Construction

To construct TPS-Bench, we need to first collect a
wide range of subtasks. Considering the subtasks
are actually determined by the tools at hand, we
first collect and organize 15 model context protocol
(MCP) servers, as shown in Figure 2 (right), each
of which provides a set of complementary tools
designed to work together. These MCP servers
provide 141 tools spanning multiple domains.

Given such tools, we prompt LLMs to construct
the corresponding subtasks that can be solved with
the tool repository, as shown in Figure 3. Specifi-
cally, the descriptions of the tools are fed into the
LLMs for subtask generation. Then, we compose
these subtasks, forming two levels of compounding
tasks with varying complexity. In detail, the tasks
in TPS-Bench-Easy are the combination of simple
and weakly relevant subtasks, and the number of
subtasks is confined to be at most five. For TPS-
Bench-Hard, we combine subtasks with strict de-
pendency relationships and set the number limit of
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Figure 2: Statistics of subtasks and tools in TPS-Bench. Left: Distribution of all subtask categories in TPS-Bench.
Right: Number of tools in each MCP Server used in TPS-Bench.

 maps_weather() schema

{“type”: “function”,
 “function”: {
        “name”: “maps_weather”,
        “description”: “Query the 
weather of a specific city ...”,
        “parameters”: {

       ... ...
        }
}

}

Tool Repository

• Amap maps MCP
          maps_weather()
          maps_geo() ... ...

• Tavily MCP
tavily-search()
tavily-ectract() ... ...

... ...

Based on the tool 
name and tool 
description, tell 
me what specific 
problems this 
tool can solve.

 maps_weather() query list

1. What is the real-time 
current weather in Paris 
right now?

2. Can I get the 5-day weather 
forecast for Shanghai?

3. What's the weather like in 
New York tomorrow?

... ...

 tavily-search() schema

{“type”: “function”,
 “function”: {
        “name”: “tavily-search”,
        “description”: “A powerful 
web search tool ...”,
        “parameters”: {

       ... ...
        }
}

}

 tavily-search() query list

1. What are the famous places 
of interest in Paris?

2. Which is the highest 
mountain in the world?

3. Search for the latest 
progress in artificial 
intelligence

... ...

 Compounding Task

What's the weather 
like in Paris today? 
Please recommend 
some indoor or 
outdoor attractions 
to me based on the 
weather.

Figure 3: Task construction workflow in TPS-Bench. We send tool names and descriptions to LLMs to generate
solvable subtasks, which are then combined by LLMs and inspected manually to form compounding tasks.

subtasks to 50. The combination is implemented
by LLMs and then inspected manually.

3.2 Evaluation Process

To evaluate on TPS-Bench, the LLM agent first
needs to perform tool planning—selecting appro-
priate tools for the task based on the name and
description of the tools in our repository. We con-
fine the number of selected tools to no more than 10
to ensure the task completion is efficient in terms of
token consumption. Then, the LLM agent needs to
decompose the provided task into a set of subtasks
and systematically identify the underlying depen-
dencies among them. Based on these dependency
relations, the agent determines which tools should
be invoked in the current execution turn. We en-
courage that independent subtasks are executed in
parallel to improve efficiency. Given the received
tool responses, the LLM agent then determines
whether there is a need to launch another turn of

tool calls. If not, it will summarize the context and
return the result to the user.

3.3 Metrics
Task Completion Rate Considering that TPS-
Bench tasks are relatively open-ended, we use
LLM-as-a-judge (Zheng et al., 2023) to evaluate
task completion rate. To be specific, we introduce
a third-party LLM to first decompose the task into
a sequence of subtasks, then judge whether each
subtask has been completed, and finally calculate
the task completion rate and provide a summary.
The complete prompt can be found in Section A.

Tool Selection Score To assess LLM agents’ task
planning capabilities, we also evaluate the tool se-
lection score by LLM-as-a-judge. After tool selec-
tion, we retrieve the corresponding tool description
from the selected tools and submit the query and
tool description to LLM for judgment.

We also estimate token and end-to-end time
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consumption, as well as the number of tool call
turns, to measure the efficiency of the schedul-
ing. Regarding time, for open-source LLMs
served by ourselves, the evaluation is conducted
on vLLM (Kwon et al., 2023) with four NVIDIA
A100 GPUs. Otherwise, we report the time mea-
sured with the official APIs.

4 Experiment

The section presents the evaluation results of main-
stream LLMs on TPS-Bench.

4.1 Setup

LLMs We consider diverse LLMs in our analysis,
including GPT-4o (OpenAI, 2024), Kimi-K2 (Bai
et al., 2025), DeepSeek-R1 (DeepSeek-AI, 2025),
GLM-4.5 (Zeng et al., 2025), QwQ-32B (Qwen,
2025), Qwen3-32B (Yang et al., 2025), and Qwen3-
1.7B (Yang et al., 2025).

LLM-as-a-judge We employ Gemini-2.5-
Flash (Comanici et al., 2025) as the LLM-as-a-
judge to evaluate both the task completion rate and
tool selection score. To verify its reliability, we
provide the correlation between human evaluations
and the LLM-as-a-judge in Figure 4. As shown,
the Pearson correlation coefficient is 0.8375.
We also measure the correlation between the
number of subtasks decomposed by the LLM
and by humans for the same tasks, and observe a
Pearson coefficient of 0.7590. The strong positive
correlations (0.8375 and 0.7590) demonstrate
that LLM performance is closely aligned with
human judgments. This indicates that TPS-Bench
provides a reliable benchmark for evaluating both
task success and decomposition quality.

4.2 Main Results

Reasoning and Planning Abilities Table 1 re-
ports the tool selection score and task completion
rate of 7 representative models. The results show
that large reasoning models (LRMs) like Kimi-K2,
DeepSeek-R1, and GLM-4.5 achieve a task comple-
tion rate of 52.29%, 62.03%, and 64.72%, respec-
tively, which have comprehensively outperformed
GPT-4o. Among them, GLM-4.5 has maintained
the highest completion rate of 64.72% on TPS-
Bench-Hard, demonstrating both robust reason-
ing and consistent decision-making abilities across
diverse tasks. However, LRMs clearly consume
significantly more tokens and time—for instance,

DeepSeek-R1 takes an average of 343s and 8k to-
kens to complete a single task. It reflects the per-
formance differences between models with varying
planning and reasoning capabilities on compound-
ing tasks. Furthermore, we found that although
Qwen3-32B has a much smaller parameter size
than Kimi-K2 and GPT-4o, it still maintains com-
petent performance in the task completion rate of
56.72%. Such efficiency, coupled with its relatively
lightweight architecture, may be attributed to its
training on agentic data.

Different Scheduling Strategies Affect Efficiency
Table 1 indicates that most models exhibit reason-
able performance in tool planning but behave differ-
ently in scheduling strategies. In particular, GLM-
4.5 requires an average of up to 35 tool call turns
per task on TPS-Bench-Hard. As shown in Ta-
ble 1, GLM-4.5 performs a considerable number
of tool call turns under both difficulty levels. We
note that GLM-4.5 tends to perform tool execution
in a strictly sequential manner, and it achieves a
task completion rate as high as 64.72%. However,
GLM-4.5 executes an average of 35 tool call turns
per task, takes 217.8 seconds, and uses as high as
12.6k input tokens, exhibiting poor efficiency. In
contrast, GPT-4o tends to execute tool execution
in parallel, with an average of 2 tool call turns per
task. While the time required is significantly re-
duced, its task completion rate is only 45.08%. As
for QwQ-32B, it struggles to clearly distinguish
dependencies among subtasks and often invokes
multiple tools simultaneously, even when certain
tools rely on the outputs of others. This behavior re-
sults in only one tool call turn being produced and
leads to the low task completion rate of 29.36%.

Cost To better capture the trade-off between mon-
etary cost and task performance, we further collect
and report the cost-of-pass for each model in Ta-
ble 2. The cost-of-pass denoted as v(m, t), repre-
sents the expected monetary cost of employing a
model m to complete a task t. This metric allows
a fair comparison between models with distinct
pricing structures and completion capabilities. It
is formulated as the ratio between the overall cost
of completing a task once, Cm(t), and the corre-
sponding task completion rate, Rm(t):

v(m, t) =
Cm(t)

Rm(t)
. (1)

The total cost of completing a task once, Cm(t),
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Figure 4: Left: Pearson correlation between LLM scores and Human scores on Task Completion Rate. The fitted
line (red) shows the linear regression trend, while the dashed black line indicates great agreement between LLMs
and humans. Right: Pearson correlation between LLM and Humans regarding the number of subtasks decomposed
from the same task.

Model
Effectiveness Efficiency

Tool Selection Score↑ Task Completion Rate↑ # Input Tokens↓ # Output Tokens↓ Turns↓ Time↓

TPS-Bench-Easy

GPT-4o (OpenAI, 2024) 94.09% 52.44% 7.2k 0.8k 2.2 51.2
Kimi-K2 (Bai et al., 2025) 92.87% 73.54% 6.5k 0.8k 3.7 103.2

DeepSeek-R1 (DeepSeek-AI, 2025) 92.19% 68.52% 6.5k 1.1k 2.8 329.0
GLM-4.5 (Zeng et al., 2025) 87.72% 64.91% 11.1k 1.2k 9.5 123.0

QwQ-32B (Qwen, 2025) 85.36% 32.65% 6.5k 1.1k 1.0 217.6
Qwen3-32B (Yang et al., 2025) 93.03% 61.60% 6.3k 0.9k 2.5 202.3
Qwen3-1.7B (Yang et al., 2025) 78.03% 33.35% 7.3k 1.1k 2.3 22.2

TPS-Bench-Hard

GPT-4o (OpenAI, 2024) 87.12% 45.08% 7.2k 1.3k 2.5 76.84
Kimi-K2 (Bai et al., 2025) 84.49% 52.29% 6.5k 1.1k 19.7 216.5

DeepSeek-R1 (DeepSeek-AI, 2025) 84.41% 62.03% 6.7k 1.4k 6.0 343.4
GLM-4.5 (Zeng et al., 2025) 79.31% 64.72% 12.6k 1.5k 35.0 217.8

QwQ-32B (Qwen, 2025) 70.74% 29.36% 6.7k 1.6k 1.05 171.0
Qwen3-32B (Yang et al., 2025) 85.36% 56.72% 6.7k 1.3k 3.1 226.2
Qwen3-1.7B (Yang et al., 2025) 65.26% 26.75% 7.8k 2.2k 2.4 42.0

Table 1: The main results of testing 7 representative models on TPS-Bench are presented here. We report tool
selection score and task completion rate (higher is better), and token usage (Input Tokens, Output Tokens; lower
is better). Regarding execution time, for the Qwen3-1.7B model, the evaluation was conducted locally based on
vLLM, whereas for all other models, the time was obtained via API calls in their default settings.

is given by:

Cm(t) = nin(m, t) · cin(m)+nout(m, t) · cout(m),
(2)

where nin(m, t) and nout(m, t) denote the number
of input and output tokens consumed by model
m on task t, while cin(m) and cout(m) are their
respective per-token costs.

As the table, GPT-4o incurred the highest cost,
reaching 52.2 × 10−3$, and the highest cost-of-
pass, reaching 138.0 × 10−3$, primarily due to its
premium pricing. In contrast, QwQ-32B required

a low cost, yet its cost-of-pass was six times higher
because of its low task completion rate.

4.3 Analysis and Ablation
The strong performance of our models on TPS-
Bench primarily depends on two factors: the abil-
ity to select appropriate tools and the ability to
schedule them correctly in sequential and parallel
workflows. To gain a deeper understanding of how
each of these factors affects the model’s tool plan-
ning and scheduling capabilities, we conducted two
corresponding ablation studies.
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Figure 5: Evaluation of three tool selection strategies, no-selection, rule-based selection, and self-selection, was
performed by applying each strategy to the tasks in TPS-Bench-Hard. The four models, GLM-4.5, DeepSeek-R1,
GPT-4o, and Qwen3-32B, are tested with all three strategies across the benchmark. Efficiency is reflected by the
total number of tokens consumed and the time required to complete each task, while effectiveness is reflected by the
task completion rate.

Model
TPS-Bench-Easy TPS-Bench-Hard

Cost↓ Cost-of-Pass↓ Cost↓ Cost-of-Pass↓
GPT-4o 52.6 100.3 62.2 138.0
Kimi-K2 5.9 8.0 6.5 12.4

DeepSeek-R1 5.8 8.5 6.7 10.8
GLM-4.5 9.8 8.5 11.3 17.5
QwQ-32B 2.7 15.3 3.2 21.2

Qwen3-32B 4.3 7.0 5.5 9.7
Qwen3-1.7B 0.8 2.4 1.3 4.9

Table 2: The average monetary cost of the seven models
on TPS-Bench, including the average cost(10−3$) and
cost-of-pass for tasks at each level. More information
about the prices of each model can be found in Ap-
pendix B.

The Impact of Tool Selection Strategy In previ-
ous experiments, we all had the model select tools
on its own, and we refer to this strategy as “self-
selection”. To investigate the impact of different
tool selection strategies, we designed two alterna-
tive tool selection strategies for comparison.

• No selection (all tools used) : In this setting,
no tool selection is performed before task exe-
cution; instead, all available tool schemas are
provided to the model directly.

• Rule-based selection: In this setting, the task
content is compared with the tool names and
descriptions using word-based similarity mea-
sures. The top-10 most similar tools are then
selected and provided to the model for task
execution.

For this ablation experiment, we employed

GLM-4.5, DeepSeek-R1, GPT-4o, and Qwen3-
32B. As Figure 5, it shows different tool selection
strategies do not lead to substantial differences in
task completion rate, but notable differences are ob-
served in the total number of tokens consumed and
the time required. The no-selection strategy, which
inputs a large number of tool schemas, results in a
token count significantly higher than the other two
strategies. Additionally, since the model needs to
select tools on its own, both the no-selection and
self-selection strategies require more time. These
findings indicate that although the task comple-
tion rate is largely unaffected by the choice of tool
selection strategy, the efficiency of each strategy
varies significantly, emphasizing the importance of
appropriate tool selection.

Tool Scheduling To compare the advantages and
disadvantages of serial and parallel tool scheduling
in terms of both effectiveness and efficiency, we
conducted experiments using four models. As Fig-
ure 6 shows, serial scheduling strategies generally
consume more tokens and time than parallel strate-
gies. For instance, DeepSeek-R1’s token usage in-
creased from 11.6k to 12.6k, and time consumption
rose from 361.6 seconds to 423.6 seconds. During
serial execution, the model engages in additional
reasoning steps, allowing the model to evaluate
subtask dependencies, potentially avoiding cascad-
ing errors. Thereby, the task completion rate is
improved, for example, GLM-4.5 increased from
63.1% to 71.8%. Serial scheduling can effectively
help the model reduce errors caused by incorrect
judgments of subtask dependencies. These results
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Figure 6: Evaluation of two tool scheduling strategies, default parallel tool calls and sequential tool calls, was
conducted on TPS-Bench-Hard. We tested four models, GLM-4.5, DeepSeek-R1, Kimi-K2, and Qwen3-32B,
applying both scheduling strategies across the benchmark to ensure comparability. Differences between the two
strategies are reflected in the number of tokens consumed, the time required, and the task completion rate, thereby
illustrating the trade-offs between efficiency and effectiveness when tools are invoked in parallel versus sequentially.

Model Method TPS-Bench-Hard

Tool Sel. Score Task Comp. Rate # Input Tokens # Output Tokens Turn Time

Qwen3-1.7B origin 65.26% 26.75% 7.8k 2.2k 2.4 42.0
GRPO 82.34% 35.17% 7.5k 1.6k 1.9 34.8

Table 3: Results of Qwen3-1.7B on TPS-Bench-Hard after tuning on 597 RL samples

reveal a trade-off between efficiency and effective-
ness, requiring a balance between computational
cost and task reliability in scheduling choices.

5 Reinforcement Learning

To improve the scheduling ability without com-
promising performance, especially in complex and
multi-tool scenarios, considering the trade-off be-
tween model performance during sequential tool
calls and efficiency in parallel execution, this sec-
tion presents an initial study that uses Qwen3-
1.7B (Yang et al., 2025) to enhance scheduling
efficiency through RL training.

Training Details We utilize Group Relative Pol-
icy Optimization (GRPO) (Shao et al., 2024) to
train Qwen3-1.7B on 597 training samples over five
epochs with actor learning rate of 1e-6. For each
step, 5 roll-out completions are generated for each
sample, with all other hyperparameters set to the
default values from veRL (Sheng et al., 2024). The
reward signal is derived from Gemini-2.5 flash (Co-
manici et al., 2025), which scores the model on task
completion and the degree of parallelism. This spe-
cific reward design directly incentivizes the model
to balance effectiveness and efficiency.

Result Analysis As shown in Table 3, with only
597 training samples, the GRPO-trained Qwen3-
1.7B model demonstrates remarkable improve-
ments across key metrics on the TPS-Bench-Hard.
This is evidenced as the model improves the av-
erage task completion rate by 6% while simulta-
neously reduces execution time by 14% in TPS-
Bench-Hard. Notably, compared with the baseline,
the model requires fewer tool call turns and gener-
ates fewer output tokens, which indicates more par-
allel tool execution, suggesting that reinforcement
learning can effectively guide the model toward
more structured and parallel execution patterns.

6 Limitation

We propose TPS-Bench to evaluate models’ tool
planning and scheduling on compound tasks.
Through TPS-Bench, our work advances LLM
agents’ tool planning and scheduling capabilities,
providing a new direction for addressing complex
real-world problems effectively and efficiently.

Future research will gravitate toward two key
directions: richer tool selection, and adaptive tool
selection by large models based on user memory
and cost. This study pertaining to these directions
remains to be supplemented and expanded.
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A PROMPT FOR TPS-Bench

A.1 Prompt for Tool Selection
This section presents the prompt designed for the
tool selection module. The primary objective of
this prompt is to instruct the AI assistant to act as
a tool selection expert, capable of identifying and
outputting the most relevant tools from a prede-
fined list based on a given user query. The detailed
prompt content is shown as Figure 7.

Figure 7: Prompt format for tool selection.

A.2 Prompt for Tool Scheduling
This section introduces the prompt for guiding tool
selection and task execution logic, which serves as
the core instruction for the assistant to handle tool
scheduling, parallel processing, and summarize the
results of the task. The detailed prompt content is
shown as Figure 8.

A.3 Prompt for Evaluating Task Completion
Rate

This prompt is designed to evaluate how well an AI
model completes a given task by decomposing it
into fine-grained, verifiable subtasks and assessing
their completion individually as Figure 9.

A.4 Prompt for Evaluating Tool Selection
Score

This prompt is designed to assess the appropriate-
ness of the model’s tool selection, establishing a
standardized framework to measure whether the se-
lected tools align with the user’s query and task re-
quirements. The detailed prompt content is shown
as Figure 10.
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Table 4: Pricing of Each Model per 1M Tokens of July
30, 2025 (Unit: $)

Model Name Input Pricing (per 1M tokens) Output Pricing (per 1M tokens)
GPT-4o 5.00 20.00
Kimi-K2 0.60 2.50

DeepSeek-R1 0.55 2.19
GLM-4.5 0.60 2.50

Qwen3-32B 0.28 2.79
QwQ-32B 0.28 0.84

Qwen3-1.7B 0.042 0.42

B PRICE OF MODELS

Table 4 presents the token-based pricing of seven
mainstream large language models as of July 30,
2025, with the pricing unit specified as US dollars
per 1 million tokens.

C DATA CONSTRUCTION

We provide additional details on data construc-
tion beyond Section 3.1. Starting from the tool-
grounded subtask composition pipeline illustrated
in Figure 3, we generated approximately 1,000 can-
didate tasks. To ensure data quality, five annotators
manually reviewed and screened these instances.
We excluded tasks if they (1) could be solved using
only one tool, (2) could not be addressed by the
current tool library, or (3) were overly complex,
excessively verbose, or logically inconsistent.

From the screened task pool, we selected 100
tasks to construct TPS-Bench-Easy and 100 tasks
to construct TPS-Bench-Hard, resulting in a final
evaluation benchmark of 200 tasks. In addition
to the 200 evaluation tasks, we further selected
597 task instances from the candidate pool for RL
training. These 597 instances were used only as
RL training data and were kept separate from the
evaluation benchmark.

Figure 8: Prompt format for tool scheduling.
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Figure 9: Prompt for evaluating task completion rate.
Figure 10: Prompt for evaluating task selection rate.
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