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Abstract

Large Language Model (LLM) agents have emerged as pow-
erful tools for automating complex tasks by leveraging the
reasoning and decision-making abilities of LLMs. However, a
major bottleneck in current agent frameworks lies in the high
inference cost of tool selection, especially in approaches like
ReAct that repeatedly invoke the LLM to determine which
tool to use at each step. In this work, we propose AutoTool,
a novel graph-based framework that bypasses repeated LLM
inference by exploiting a key empirical observation: tool us-
age inertia—the tendency of tool invocations to follow pre-
dictable sequential patterns. AutoTool constructs a directed
graph from historical agent trajectories, where nodes repre-
sent tools and edges capture transition probabilities, effec-
tively modeling the inertia in tool selection. It further inte-
grates parameter-level information to refine tool input gener-
ation. By traversing this structured representation, AutoTool
efficiently selects tools and their parameters with minimal re-
liance on LLM inference. Extensive experiments across di-
verse agent tasks demonstrate that AutoTool reduces infer-
ence costs by up to 30% while maintaining competitive task
completion rates, offering a practical and scalable enhance-
ment for inference-heavy frameworks. Our work highlights
the promise of integrating statistical structure into LLM agent
design for greater efficiency without sacrificing performance.

Code — https://github.com/jiajingyyyyyy/AutoTool

1 Introduction

Large Language Models (LLMs) have experienced explo-
sive growth, demonstrating impressive capabilities in vari-
ous tasks (Achiam et al. 2023; Dubey et al. 2024b; Yang
et al. 2025) from natural language understanding (Devlin
et al. 2019) and reasoning (Guo et al. 2025) to automation
of complex workflows (Wang et al. 2025). LLM-powered
agents, which leverage these capabilities for interactive (Yi
et al. 2024) and decision-making (Wei et al. 2025) tasks,
have become increasingly prevalent in numerous domains,
including software development (Jin et al. 2024), intelligent
personal assistants (Li et al. 2024) and scientific research
automation (Team et al. 2025).
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However, despite their versatility, a significant drawback
of current LLM-based agents is the substantial computa-
tional overhead (Kim et al. 2025), particularly evident in
frameworks like ReAct (Yao et al. 2023b) that involve many
LLM inferences. Among these inference processes, one ma-
jor goal is to repeatedly infer appropriate tools to use based
on dynamic contexts, leading to high inference costs and la-
tency. Given these challenges, a natural question arises: Can
we utilize statistical methods instead of relying heavily on
LLM inference to select tools efficiently?

Addressing this issue, we empirically observe a critical
phenomenon termed tool usage inertia, where tool selec-
tions demonstrate predictable sequential patterns. For in-
stance, when an agent searches in an academic database, the
invocation of AuthorNodeCheck is often followed by Load-
AuthorNet to retrieve detailed information. This sequential
dependence is observable across diverse agent tasks (Qin
et al. 2023; Ma et al. 2024), confirming that prior tool se-
lections significantly influence subsequent choices. Such in-
ertia is widely present in many domain tasks, where LLM
agents are usually applied.

Inspired by these insights, we introduce AutoTool, a
novel graph-based method for automatic tool selection in
LLM agents. AutoTool constructs a graph representation
capturing the observed inertia in tool selection from histor-
ical workflows, where nodes correspond to tools and edges
encode observed sequential dependencies. Additionally, Au-
toTool intelligently integrates parameter-level information
into this graph, thereby enabling automated parameter fill-
ing. By traversing this structured representation, AutoTool
selects tools and parameters significantly faster than tra-
ditional inference-based approaches. Experimental evalua-
tions demonstrate that AutoTool substantially reduces token
consumption and LLM call counts while maintaining com-
parable agent task progress rates to LLM-based methods.

Our contributions are summarized as follows:

* We empirically identify and analyze the phenomenon of
tool usage inertia in LLM-based agents, both in tool se-
lection and parameter filling.

* We design a method to construct an inertia-aware tool
graph that captures sequential patterns and data flow in
agent behavior.

* We develop a graph-based selection algorithm that effi-



ciently determines the next tool and its parameters with
minimal LLM intervention.

* We conduct extensive experiments showing that Auto-
Tool achieves significant reductions in LLM inference
cost while preserving task performance.

2 Background and Related Work
2.1 LLM Agent Frameworks

LLM agents have significant potential in solving complex
problems, primarily through effective task planning, reason-
ing, and interaction with external tools (Qin et al. 2024;
Qu et al. 2025). The seminal work ReAct (Yao et al.
2023b) introduces the core paradigm of driving agent de-
cisions through interleaved “Thought-Act-Observe” cycles,
which has become a cornerstone for numerous open-source
frameworks, including Langchain (LangChain 2023) and
MetaGPT (Hong et al. 2023). Subsequent research has ex-
panded agents’ capabilities to interact with a vast array of
external tools, such as RESTful APIs in RestGPT (Song
et al. 2023) or various Al models orchestrated by Hugging-
GPT (Shen et al. 2023). However, a shared limitation across
these powerful frameworks is that the fundamental decision
of which tool to use at each step still predominantly relies on
a costly LLM inference (Belcak et al. 2025). This reliance
creates a significant computational bottleneck, which is the
primary issue our work aims to address.

2.2 Automated Tool Selection

Research in tool selection can be broadly categorized into
two types: fine-tuning-dependent and tuning-free methods.
Fine-tuning methods like Toolformer (Schick et al. 2023),
Gorilla (Patil et al. 2024) and ToolRL (Qian et al. 2025)
aim to improve intrinsic tool-use capabilities. While these
approaches enhance a model’s intrinsic ability to call tools
correctly, their reliance on high-quality data or carefully
crafted reward signals presents a significant barrier to scal-
ability and adaptability. Tuning-free methods employ dif-
ferent strategies at runtime. Approaches like AnyTool (Du,
Wei, and Zhang 2024) and ToolNet (Liu et al. 2024b) fo-
cus on improving retrieval completeness and handling large-
scale APIs. Many search strategies are introduced to find the
optimized action sequences, such as the DFSDT in Tool-
LLM (Qin et al. 2023), BFS in ITS (Koh et al. 2024), and
the toolkit-based planning in ToolPlanner (Liu et al. 2024c).

2.3 Automated Workflow Generation

To accomplish many complex tasks, agents need to ex-
ecute a sequence of interdependent actions. Some ap-
proaches focus on search and planning. For instance, Tree
of Thoughts (Yao et al. 2023a) explores diverse action
paths, while ToolChain (Zhuang et al. 2023) employs the
A* search algorithm over a decision tree. Other works, such
as LLMCompiler (Kim et al. 2024), target execution effi-
ciency by enabling parallel function calling. Another key
approach is learning from past interactions: ART (Paran-
jape et al. 2023) automates multi-step reasoning and tool
use by retrieving and composing examples from a task li-
brary, whereas Agent Workflow Memory (Wang et al. 2024)
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extracts reusable workflows to guide web agents in long-
horizon tasks. Furthermore, several works have begun to ap-
ply graph-based methods to enhance planning and workflow
automation (Zhuge et al. 2024; Wu et al. 2024). Most of
these methods primarily focus on improving success rates
and workflow quality, their planning or search processes can
be computationally intensive. A comparison between our
method and related studies is summarized in Table 1.

3 Motivation

Observation 1: LLM Agents have high inference costs
for tool selection The predominant focus in LLM agent
research has been on maximizing task success rates, often
leaving significant room for improvement in operational ef-
ficiency—a crucial factor for practical deployment. A multi-
step task can trigger numerous LLM calls, posing signifi-
cant challenges for real-time or resource-constrained appli-
cations.

We argue that this universal reliance on the LLM is not
only costly but also sub-optimal. The core issue is that not
all decision steps in a task are of equal complexity or im-
portance. Many tool invocations, both for selection and pa-
rameter filling, occur in highly patterned or repetitive con-
texts that do not require the LLM’s full, nuanced reason-
ing power. This universal application of a resource-intensive
model for both complex and simple decisions constitutes an
over-utilization of its powerful abilities, creating unneces-
sary computational overhead.

Observation 2: Tool Invocation Exhibits Predictable,
Low-Entropy Inertia Motivated by this efficiency chal-
lenge, we conducted an empirical analysis to test the hy-
pothesis that tool usage is not a series of independent events,
but rather a process governed by sequential patterns. We uti-
lize a ReAct agent within the ScienceWorld environment
to generate 322 trajectories, yielding 6014 tool invocations.
Analyzing these sequences, we discover strong “Sequential
Inertia”: tool selection is not independent but follows pre-
dictable, low-entropy patterns.

We quantify this predictability by modeling the sequence
as a k-th order Markov chain and measuring the reduction
in conditional entropy (Shannon 1948). The analysis reveals
a substantial drop in uncertainty: a 0-order model (assum-
ing independence) yields a baseline entropy of 3.50 bits, this
value decreases to 2.52 bits for a 1st-order model and drops
further to 1.93 bits for a 2nd-order model.

To validate the statistical significance of these sequential
dependencies, we performed likelihood ratio tests (G?-tests,
N = 6014). The results confirm that each increase in model
order yields a highly significant improvement in fit. Specif-
ically, the transitions from a 0-order to a 1st-order model,
and from a 1st-order to a 2nd-order model, are both statisti-
cally significant, with G?(361) = 9390.70 and G*(3914) =
5437.03 respectively (p < .001 for both).

We provide a rigorous theoretical foundation for Auto-
Tool in Appendix F of the supplementary material.

Empirically, this manifests as highly skewed successor
distributions, as illustrated in Figure 1. The go_to action
is followed by look_around in 88.7% of cases. Similarly,



Feature AutoTool DFSDT AnyTool ToolChain  ToolNet ToolPlanner LLMCompiler
Efficiency v X v X v v v
LLM Offloading v X X X X X X
Inertia Aware v X X X X X X
Parameter Flow v X X X X X X
Tool Graph v X v v v X v
Table 1: A comparison of AutoTool with other tuning-free tool selection methods
Action Src Tool Src Param % actions often provides a substantial portion of the necessary
118 inputs. For instance, the top source alone accounts for 44.8%
move source ) of parameters for use(target) and 40.1% for pick_up(OBJ).
pick_up OBJ 22.1 . . . : .
This quantifiable inertia—as revealed through theoretical
use (target) move target 11.5 . . .. .
and empirical analysis in ScienceWorld—forms the founda-
pour OBJ 11.0 tion for our proposed method
Other - 10.6 '
focus_on OBJ 40.1 4 Methodology
move source 24.3
pick_up (OBJ) pour from 16.4 4.1 Problem Statement
look.at  OBJ 5.9 In LLM-driven agent systems, an agent selects an action
Other - 13.3

Table 2: Parameter source analysis for the ‘use’ and
‘pick_up’ actions.
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Figure 1: The distribution of successor tools for different
tools or tool sequences.

after the sequence focus_on — wait, the next action is
look_around with a high probability of 55.7%. These skewed
distributions, where the next action often concentrates on
one or two highly likely candidates, confirm the low-entropy
nature of the task and demonstrate that non-LLM prediction
is not only possible but highly feasible. Furthermore, the
sources for directly transferred parameters are highly con-
centrated. As detailed in Table 2, a narrow set of preceding
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a; = (toolyy1,params, ;) at each timestep ¢ based on
an observation oy, a task goal G, and a set of available
tools 7. Current methods, such as ReAct, typically infer
a; ~ pLm(alog, G, T) via a complete LLM inference. This
incurs significant computational costs, limiting their appli-
cability in resource-constrained or real-time scenarios.

To address this limitation, we define our problem
as follows: Given a dataset of trajectories Dy
{71, 72,...,7n} collected from historical task executions,

where each trajectory 7; = (og) @) (V)

,aél),o1 ,a;”,...) records
a sequence of observations and actions. Our objective is to
construct Mayorool, @ training-free decision-making algo-
rithm based on the Tool Inertia Graph, which can selec-
tively bypass the LLM for predictable actions to improve
efficiency.

4.2 Overview

Figure 2 illustrates the AutoTool framework, which attempts
an ‘inertial invocation’ before each standard LLM call to by-
pass costly inference. This process operates in two stages:
first, the Inertia Sensing module (Fig. 2b) predicts the next
likely tool by combining historical frequency and contextual
relevance. If a tool is identified, the Parameter Filling mod-
ule (Fig. 2c) then populates its arguments by backtracking
the parameter flow on the graph. A tool is executed directly
only if both stages succeed, thus bypassing a costly LLM in-
ference. We introduce each module below and defer more
details and pseudo code of the algorithms to Appendix A
of the supplementary material due to page limit.

4.3 Graph Construction

The Tool Inertia Graph (TIG) is a dynamic graph, denoted
as Gy = (Vi, Ey, Wy). It is incrementally constructed from
execution trajectories and can also be bootstrapped with
prior knowledge. The TIG’s node structure (V) is hierar-
chical:
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Figure 2: An overview of the AutoTool framework. This figure illustrates our proposed workflow, which initiates with the Inertia
Sensing module predicting the next likely tool by exploiting historical usage patterns. If a high-confidence tool is identified, the
Parameter Filling module then populates its required parameters. Only when both stages succeed is the tool executed directly
via the inertial path, bypassing a costly LLM call. Otherwise, the system reverts to a standard LLM invocation.

* Tool Nodes (v;): Primary nodes, each representing an
available tool, tool, € T . They store the tool’s functional
description and track execution-level attributes, such as
success or failure status. Notably, these nodes can be ini-
tially constructed from basic tool documentation alone,
ensuring the graph’s scalability. Each Tool Node encap-
sulates a dynamic subgraph containing:

— Parameter Nodes (p;): Secondary nodes within the
subgraph, each representing a specific input or output
parameter of the parent Tool Node.

This hierarchical structure allows the TIG to meticulously
track not only the sequence of tools but also the parameter-
level data flows between them.

These nodes are connected by two types of directed edges
(Et):

* Tool Sequence Edges (e;‘;"l (vs,v;)): Connect Tool
Nodes to represent sequential dependencies.

 Parameter Dependency Edges (eh,™ (PzsDy)):
Connect Parameter Nodes to model the data flow be-

tween tools.

The initial creation and continuous update of these edges
and their corresponding weights (W;) are detailed in Sec-
tion 4.4. This online construction mechanism ensures the
TIG promptly reflects the agent’s latest experiences and
learned patterns, making inertial predictions both adaptive
and effective.
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4.4 Edge Filling

The TIG learns and adapts from execution trajectories by
dynamically creating and updating the edges that model both
sequential tool dependencies and parameter-level data flows.

Tool Sequence Edges. When a tool tool; is executed im-
mediately after tool;, a Tool Sequence Edge (e;‘;-"l) is created
between them if it does not exist, typically with an initial
weight of 1. The edge’s weight is reinforced exclusively by
high-confidence sequences generated from the LLM. This
design choice prevents error propagation from potentially
sub-optimal inertial calls.

More critically than just recording frequencies, AutoTool
enables the TIG to differentiate between effective and in-
effective pathways. Each sequence edge is associated with
a posterior efficacy score, which is continuously updated
based on execution feedback. If an inertia-driven tool call is
successful (judged by environmental feedback or task pro-
gression), the weight of the corresponding edge is incre-
mented. Conversely, a failure penalizes the edge by decre-
menting its weight. This online learning mechanism allows
the TIG not only to record historical co-occurrence frequen-
cies but also to learn the actual effectiveness of tool se-
quences, enabling robust adaptation to changing task dy-
namics.

Parameter Dependency Edges. Tracking parameter flow
is crucial for automating parameter filling. When a tool is
invoked, our framework parses its structured input and out-
put. It then backtracks through the execution history to iden-



tify the source of each input parameter. When a parameter
of the current tool inherits its value from any parameter of
a preceding tool, a Parameter Dependency Edge (ehy,"") is
established or reinforced between the corresponding Param-
eter Nodes. These edges encode recurring data transfer pat-
terns, laying the groundwork for efficient, non-LLLM param-

eter filling.

4.5 Graph Searching

At each decision step, instead of immediately invoking the
LLM, AutoTool first performs a graph search to attempt an
inertial call. This process involves two sequential stages:
tool selection and parameter filling.

Tool Selection via CIPS First, AutoTool searches the TIG
to identify candidate tools that have historically followed
the sequence of the most recent k tools. For each can-
didate, we calculate a Comprehensive Inertia Potential
Score (CIPS), which balances historical patterns with the
current task context:

CIPS = (1 — &) - Scorefreq + @ - Scoreqx €
The Frequency Score (Scoregeq) quantifies historical us-
age patterns extracted from TIG edge weights, while the
Contextual Score (Score.) evaluates semantic alignment
between the agent’s current intuition and the candidate
tool’s description. We select the tool v* achieving the high-
est CIPS. If this score surpasses the predefined threshold
(CIPS(v*) > Binertial)» the process proceeds to parameter fill-
ing. Otherwise, the inertial attempt aborts and control reverts
to the standard LLM inference module.

*

Hierarchical Parameter Filling If a tool candidate v
passes the threshold, AutoTool attempts to populate its re-
quired parameters using a hierarchical, non-LLM strategy
that follows a strict priority order, ensuring that the most re-
liable information sources are always prioritized.

The primary method is dependency backtracking, which
traverses the parameter dependency edges in the TIG to find
an input’s source in a preceding tool’s output. If this fails,
the framework attempts environmental state matching, us-
ing key states maintained by the agent (e.g., current loca-
tion). As a final non-LLM attempt, it resorts to heuristic
filling based on the agent’s current state or task goal. The
inertial call is executed only if all required parameters are
successfully populated through this hierarchy. If any param-
eter remains undetermined, the inertial call is aborted, and
the decision-making process falls back to the LLM, ensur-
ing that only high-confidence, fully specified actions are ex-
ecuted via inertia.

5 Evaluation

We present the primary experimental results below. Due to
the page limit, additional results including inertia anal-
ysis on ToolBench, case studies, dynamic analysis, and
parameter filling accuracy are provided in the appendix
of the supplementary material.
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5.1 Experimental Setup

Datasets We evaluate AutoTool on three diverse and chal-
lenging multi-hop benchmarks to assess its generalizability
across different domains. We begin with Alfworld (Shrid-
har et al. 2020), a classic text-based simulator for embod-
ied household tasks. For more complex procedural tasks,
we employ ScienceWorld (Wang et al. 2022), where agents
must follow logical sequences in scientific experiments. Fi-
nally, to evaluate multi-step API usage, we use ToolQuery-
Academic (Ma et al. 2024), a benchmark from AgentBoard
involving queries to an academic database. Together, these
datasets provide a comprehensive test environment, cover-
ing challenges from physical reasoning and procedural fol-
lowing to structured API interactions.

Evaluation Metrics Our evaluation focuses on two core
aspects: task execution accuracy and efficiency.

To measure accuracy, we adopt the progress rate metric
from the AgentBoard testing framework (Ma et al. 2024).
AgentBoard manually defines key sub-goals for each task. It
then calculates the progress rate by comparing the sequence
of sub-goals an agent actually achieves against the prede-
fined sequence. This metric serves as our primary indicator
of an agent’s ability to successfully complete tasks.

To evaluate task execution efficiency, we focus on two key
metrics. We use the average number of LLM calls as a ro-
bust, hardware-agnostic proxy for temporal efficiency, since
API latency is the primary runtime bottleneck. Concurrently,
we measure the average token consumption to quantify the
computational cost.

Baselines To our knowledge, there is no other published
open-source work designed to improve the efficiency of tool
selection in LLM agents without calling LLMs. Given this,
and because our framework is designed for easy integration,
we evaluate AutoTool by applying it to two foundational
agent paradigms: ReAct (Yao et al. 2023b) and Reflex-
ion (Shinn et al. 2023). This approach allows us to demon-
strate its effectiveness as an enhancement module.

ReAct, a foundational LLM agent paradigm, uses a
“Thought-Action-Observation” loop for multi-step reason-
ing and interaction. Reflexion enhances ReAct by introduc-
ing a self-reflection mechanism powered by an LLM-based
evaluator. This evaluator assesses the agent’s trajectories and
generates feedback to prompt the agent to reflect on its er-
rors. Our experiments mirror the original paper’s heuris-
tic self-reflection: reflection is triggered by failed tool calls
or three consecutive identical observations, with the LLM-
generated reflection added to the agent’s memory.

Settings All experiments are conducted on a server
equipped with four Intel(R) Xeon(R) Gold 5117 CPUs
and four NVIDIA Tesla V100-SXM2-32GB GPUs. We use
Llama4-Scout-17b as the default model. The sampling tem-
perature is consistently set to 0.

5.2 Speedup

Our core objective is to verify that AutoTool can signif-
icantly reduce computational overhead (measured by the
number of LLM calls and token consumption) while while



Method AlfWorld ScienceWorld Tool-Query-Academia

PR tok-in tok-out LLMC PR tok-in tok-out LLMC PR tok-in tok-out LLMC
ReAct 0.394 6560 2310 24.1  0.716 9574 1072 23.3  0.901 1230 658 7.58
+ AutoTool 0.531 4110 804 20.4  0.708 7377 758 17.8  0.895 1070 717 6.32
SpeedUp — 1.60x 2.87x 1.18x — 1.30x 1.4Ix 1.31x — 1.15x  0.92x 1.20x
Reflexion 0.481 6813 2379 30.7 0.730 7282 1211 24.9 0917 1680 680 8.85
+ AutoTool 0.453 5130 1976 23.7 0.712 7842 1012 19.5  0.923 1260 569 7.05
SpeedUp — 1.33x  1.20x 1.29x — 0.93x 1.20x 1.28x — 1.33x  1.19x 1.26x

Table 3: Performance and resource consumption comparison of baseline methods with and without AutoTool. progress rate
(PR) measures task accuracy, while SpeedUp row shows the cost reduction ratio.

maintaining comparable task performance (measured by
progress rate).

Notably, the graph construction time is negligible, as
analyzed in Section 5.3. We primarily assess efficiency
improvement by comparing the average LLM calls and
token consumption of AutoTool-enhanced agents (Re-
Act+AutoTool and Reflexion+AutoTool) with their original
baselines. We use SimCSE (Gao, Yao, and Chen 2021) to
calculate the contextual relevance score.

In our experimental setup, core AutoTool hyperparame-
ters were tuned to achieve a 10-30% reduction in LLM calls,
with Ojperit = 0.1 controlling the inertia trigger threshold
and o = 0.5 weighting contextual relevance. To maximize
task progress, we implement a uniform constraint that lim-
its inertia calls to no more than 30% of the total operations
and explicitly prohibits consecutive inertia calls. To ensure
fair comparison, we keep all agent components and prompts
consistent with their respective baselines.

All experiments are conducted in a pure cold-start set-
ting. The core graph is built online from scratch without any
prior trajectories, ensuring fairness across comparisons.

As shown in Table 3, introducing AutoTool’s optimiza-
tion mechanism yields substantial efficiency gains across all
datasets. On average, it reduces the LLM call count by 15%
to 25% and the total token consumption by 10% to 40%.

For ReAct+AutoTool We integrate into the TIG a special-
ized fault tolerance mechanism—designed as a preconfig-
ured recovery path that activates upon detecting consecutive
tool failures. It triggers a check operation to retrieve the cur-
rent list of available tools, enabling the agent to re-orient
itself and break out of ineffective exploration loops.

On the AlfWorld dataset, the effectiveness of this ap-
proach is particularly striking, as the TIG not only deliv-
ers substantial efficiency gains, with a 1.18x SpeedUp in
LLM calls and over 1.60x in total token consumption, but
also boosts progress rate, which in turn leads to fewer to-
tal execution steps. On the ScienceWorld and ToolQuery-
Academic datasets, ReAct+AutoTool also demonstrates sta-
ble efficiency gains in both LLM call counts and token con-
sumption, with total SpeedUp values of 1.3x/1.3x/1.4x (for
tok-in, tok-out, and LLMC respectively) and 1.2x/1.2x/1.0x.
In essence, the efficiency gains are attributable to the inertia
graph’s predictive capability, whereas the progress rate im-
provement (especially on AlfWorld) and overall stability are
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ensured by the fault-tolerance mechanism and the 30% cap
on inertial calls respectively.

For Reflexion+AutoTool To avoid conflicting with its in-
herent reflection mechanism, we do not introduce a pre-
configured recovery path. Despite this, AutoTool is still
able to effectively utilize tool usage inertia and maintain
competitive performance. A comparison between Reflex-
ion+AutoTool and ReAct+AutoTool reveals that the former
yields a superior progress rate, primarily because the Re-
flexion mechanism improves the quality of collected inertia
trajectories by reducing meaningless trial operations.
Furthermore, to assess the model-agnostic nature of our
framework, we replicated experiments on ScienceWorld
using diverse LLMs, including Llama-3.3-70B (Dubey
et al. 2024a), Qwen2.5-72B (Hui et al. 2024), and
DeepSeekV3 (Liu et al. 2024a). As detailed in Appendix C
of the supplementary material, AutoTool consistently deliv-
ered significant efficiency gains across all models, demon-
strating that our method is a robust architectural improve-
ment, not dependent on a specific model’s characteristics.

5.3 Overhead Analysis

To quantify the computational overhead introduced by our
framework, we systematically analyzed the time consump-
tion of its core components for both ReAct+AutoTool and
Reflexion+AutoTool across all three datasets. We dissect
this overhead into two primary categories: the non-semantic
modules (e.g., graph search and construction), detailed in
Table 5, and the semantic relevance calculation modules,
which constitute the primary overhead, presented in Table 4.

As detailed in Table 5, our analysis reveals that the over-
head from AutoTool’s non-semantic components is minimal,
typically remaining on the order of seconds even when LLM
inference time for a task exceeds a thousand seconds. The
primary overhead stems from contextual relevance calcula-
tion, which involves embedding both the agent’s intuition
and tool descriptions. However, as Table 4 shows, this cost
is negligible: computing contextual relevance accounts for
only 2.7% * 1.5% of total task execution time, a mere frac-
tion of standard LLM inference.

5.4 Sensitivity Analysis

To investigate the impact of AutoTool’s key hyperparame-
ters on its performance, we conduct a sensitivity analysis



Init Semantic Modules (s) Total Overhead % of
Method Dataset
(SimSCE) Intuition Emb. Tool Emb. Similarity Comp. Overhead (s) Total Task Time
ReAct+ AlfWorld 4.04 23.5793 3.0367 1.1830 31.84 1.21
AutoTool ScienceWorld 4.03 21.1180 1.0173 0.4775 26.64 1.38
Academic 3.76 6.1420 0.1704 0.0210 10.09 4.16
. AlfWorld 4.02 35.3731 7.2560 2.1583 48.81 1.72
Reflexion+ .
AutoTool SmenceWorld 4.07 26.6970 2.2535 0.7911 33.81 1.53
Academic 3.77 5.1539 0.1105 0.0153 9.05 3.75

Note: ‘Init (SimSCE)’ refers to the one-time cost of loading the SimSCE model into memory.

Table 4: Time cost analysis of semantic modules in AutoTool. This table details the overhead from computing contextual
relevance and its percentage of the total task execution time. All time values are in seconds (s).

AutoTool Core Modules (s)

LLM Time Action Counts

Method Dataset
Graph Const. Graph Search Parsing Param Filling Gen. Action (s) Inertial Total
ReAct+ AlfWorld 0.3159 1.5026 0.2370 0.4653 0.0267 2604.1 1076 3605
AutoTool ScienceWorld 0.2414 0.9907 0.4578 0.1839 0.0192 1909.4 690 2316
Academic 0.0286 0.0201 0.0218 0.0195 0.0031 232.1 49 203
Reflexion+ AlfWorld 0.4460 0.9933 0.2531 0.6226 0.0064 2799.8 1080 3763
AutoTool ScienceWorld 0.3500 0.6857 0.5055 0.2914 0.0075 2173.8 689 2406
Academic 0.0320 0.0139 0.0213 0.0119 0.0014 232.5 34 184

Note: ‘LLM Time’ is the LLM inference time within the AutoTool framework, while ‘Parsing’ is the time spent parsing LLM outputs and

tool outputs.

Table 5: Time cost and action count analysis of AutoTool’s core modules. This table details the performance of non-semantic

components within the AutoTool framework.

0;n, « PR Tok-In Tok-Out LLMC Avg Act
0.3 0.719 67724 710 17.13  24.45
0.1 0.5 0.694 69010 702 16.85 24.18
0.7 0.686 73897 785 18.38  26.47
0.3 0.706 71077 765 17.72  25.36
0.15 0.5 0.715 70640 744 17.66  25.22
0.7 0.687 69287 726 17.33  24.75
0.3 0.696 78213 812 19.14  26.93
0.2 0.5 0.695 73515 854 17.94  24.88
0.7 0.696 73846 861 18.12  24.67

Table 6: Sensitivity analysis of AutoTool on the Science-
World dataset. We vary the inertia trigger threshold 6;,, and
the contextual relevance weight a.

on the inertia trigger threshold 6;,¢,+;,; and the semantic
similarity weight «. The experiments are performed on the
ScienceWorld dataset with ReAct+AutoTool, and the results
are shown in Table 6. The experimental results largely meet
our expectations: a lower 0;,crtiq1 (€.2., 0.1) tends to trigger
more inertia calls, thereby most effectively reducing the av-
erage number of LLM calls (e.g., reaching the lowest value
of 16.85 among all tested combinations when a = 0.5) and
the corresponding token consumption.

Interestingly, the progress rate remains stable despite the
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lower threshold. We attribute this to the two key constraints:
a 30% cap on total inertia calls, and a prohibition on consec-
utive ones. Indeed, even with a relatively high 6;,¢,tiq1 Of
0.2, the number of triggered inertia calls already approaches
or reaches this 30% ceiling. This reveals an insight into our
design: under these constraints, a more lenient 6;y,cptiq; 1S
not only safe but beneficial. It allows AutoTool to capture a
more diverse range of effective inertia patterns without being
overwhelmed by low-quality calls, thus avoiding the rigidity
and insufficiency of an overly strict threshold.

6 Conclusion

We propose AutoTool, a graph-based and lightweight tool
selection framework. Rather than simply following observed
tool usage inertia, AutoTool treats it as a behavior to be ac-
tively managed. By innovatively integrating statistical struc-
ture into the design of LLM agents, AutoTool leverages the
observed tool usage inertia to effectively address the high la-
tency and resource consumption associated with multi-step
tool selection in existing frameworks. While we detail the
framework’s current limitations in Appendix G of the sup-
plementary material, our method has demonstrated strong
generalization and adaptability, showing great potential for
practical applications.
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