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Abstract—Large Language Models (LLMs) have enabled more
natural human–robot interaction, but open-source models often
exhibit unstable long-horizon reasoning and inefficient action
execution when deployed in agentic robotic frameworks. This
paper presents an enhanced ROS-Agent based architecture that
improves task reliability and execution efficiency for agentic
robotic systems using open-source LLMs. The proposed system
introduces a novel intermediate mechanism, termed the MetaTool,
which enforces structured planning prior to action execution.
Given a natural-language command, the MetaTool induces the
LLM to generate a pseudo-code plan of intended tool invocations,
which is stored in the ROS-Agent’s scratchpad and persists
throughout execution. By explicitly separating planning from
execution, the proposed approach reduces execution loops and
improves deterministic behavior. The architecture is validated on
a custom mobile robotic platform with multimodal perception
and motion control capabilities. Experimental results on real-
world interactive tasks demonstrate improved task completion
and contextual consistency, with up to ∼ 24% gains on complex
tasks compared to the baseline framework.

Index Terms—LLMs, Agentic architecture, MetaTool mech-
anism, Scratchpad memory, Tool-augmented reasoning, Hu-
man–robot interaction ,ROS integration.

I. INTRODUCTION

RECENT advances in large language models (LLMs)
have enabled natural language–based robotic interaction,

allowing robots to interpret and execute human instructions
through integrated reasoning and tool use. Agentic frameworks
that couple LLMs with robotic middleware have emerged as a
promising approach for such interaction [1], [2], [3]. In partic-
ular, the Robot Operating System Agent (ROSA) framework
[4], developed by NASA JPL, provides a structured interface
for integrating LLM-based reasoning with ROS-native tools,
supporting task decomposition and execution within robotic
systems [5], [6].
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Fig. 1. Overview of the custom-designed robotic platform developed for
system evaluation. The platform integrates perception modules, facial emotion
display, articulated arm gestures, and mobility components, all managed
through a ROS-based control stack.

However, deploying open-source LLMs in agentic robotic
pipelines remains challenging. Long-horizon reasoning across
multiple tool invocations often leads to instability, including
redundant actions, execution loops, and inconsistent task pro-
gression [7], [8]. These issues limit execution reliability for
complex, multi-step tasks. While proprietary models gener-
ally exhibit more stable behavior, their computational cost
and limited accessibility motivate architectural solutions that
improve the robustness of open-source alternatives. To address
these challenges, we propose an enhanced ROS-Agent-based
architecture that introduces a novel intermediate mechanism
termed the MetaTool. The MetaTool operates between the
LLM and the ROS execution layer, inducing the model to
generate a structured pseudo-code representation of the in-
tended tool sequence prior to execution. This plan is stored
in ROS-Agents’s scratchpad memory and persists throughout
the observation–reasoning–action loop, explicitly conditioning
subsequent tool invocations. The ROS-Agent framework then
invokes the selected tools to execute the corresponding robotic
actions.

By externalizing task intent into a persistent execution
plan, the MetaTool constrains reasoning and action selection,
mitigating common failure modes in prompt-driven agentic
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TABLE I
FEATURE COMPARISON OF LLM-BASED ROBOTIC PLANNING SYSTEMS.

System Explicit Plan Buffer Execution Constraint ROS-native Open-LLM Focus Real Robot

ReAct [10] × × × × ×
SayPlan [11] ✓ ✓ ✓ × ✓
RoboGPT [2] ✓ ∼ × ✓ ×
CaP [12] ✓ × × × ✓
MetaTool-ROS-Agent (ours) ✓ ✓ ✓ ✓ ✓

systems and promoting more predictable execution behavior.
We evaluate the proposed architecture through systematic
ablation and task-level experiments across multiple models
and task complexities, demonstrating consistent improvements
in execution reliability, particularly for open-source LLMs.
The framework is validated in both ROS–Gazebo simulations
[9] and on a custom-built mobile robotic platform, shown in
Fig. 1, integrating perception modules, facial emotion display,
articulated arm gestures, and mobility within a ROS-based
control stack.

Table I compares representative LLM-based robotic plan-
ning systems. Unlike prior approaches, the proposed MetaTool
ROS-Agent framework combines explicit planning, execution
constraints, ROS-native integration, and an open-LLM focus,
validated on a real robotic platform.

The remainder of this paper presents related work, method-
ology, evaluation, and conclusions.

II. LITERATURE REVIEW

Recent advances in large language models (LLMs) have
enabled new robot control paradigms that integrate natural
language reasoning with embodied action. A representative
example is NASA JPL’s ROS-Agent, which bridges ROS-
based robots and language interfaces using LLMs to interpret
user commands and invoke ROS services through modular
tool interfaces [4]. While large closed-source models exhibit
strong performance on complex tasks, open-source LLMs of-
ten struggle with long-horizon planning unless augmented with
structured architectures or explicit memory mechanisms [13].

To improve robustness, many systems augment LLMs with
tools or structured outputs. Toolformer trains LLMs to au-
tonomously decide when and how to call external APIs [14],
while code-oriented models such as Codex demonstrate that
generating executable pseudo-code plans often referred to as
“code as policies” can effectively represent multi-step robotic
behaviors [12]. These approaches highlight the advantages of
explicit, program-like planning for long-horizon tasks.

A large body of recent work explores LLM-driven robotic
agents that interleave reasoning and acting or incorporate
external tools and memory. ReAct prompts an LLM to al-
ternate between reasoning and action steps within a single
loop [10], while Zero-Shot Planners demonstrate that LLMs
can decompose high-level instructions into mid-level plans
that are subsequently grounded to robot actions [15]. Distinct
from purely prompting-based planners, a recent direction fine-
tunes open-source LLMs directly on embodied planning data:
RoboGPT [2] fine-tunes LLaMA on a large-scale embodied
planning dataset to decompose natural-language instructions

into long-horizon subgoal sequences, coupled with a re-
planning module to correct infeasible plans. Other systems
ground planning in richer representations: SayPlan integrates
hierarchical 3D scene graphs with classical planning [11],
SPINE validates and refines subtasks in a receding-horizon
framework [16], and ELLMER employs retrieval-augmented
prompting to generate feedback-aware, adaptive plans [17].

Several works incorporate multimodal feedback or adaptive
autonomy. Octopi integrates tactile sensing into a vision-
language model to support sequential physical reasoning [18].
CLEAR dynamically adjusts autonomy by prompting an LLM
to gate risky actions for human approval [19], while Matcha
enables an LLM to iteratively select epistemic actions and
update plans using multimodal environmental feedback [20].

Other approaches tightly couple LLMs with task-and-
motion planning or specialized control architectures. LLM3
iteratively refines symbolic and continuous plans using motion
planner feedback [21], FLTRNN introduces explicit long- and
short-term memory to maintain rule-consistent task execution
[22], and CoPAL integrates layered reasoning, symbolic plan-
ning, and motion generation with replanning for executability
and safety [23]. Additional systems include BTGenBot, which
generates ROS-compatible behavior trees [24], SayCanPay,
which combines LLM proposals with affordance-aware cost
evaluation [25], and LABOR, which coordinates bimanual
manipulation through explicit LLM planning [26].

Finally, A3VLM explicitly reasons about object articula-
tion and affordances [27], while Manipulate-Anything uses
VLMs to autonomously plan, verify, and replan manipulation
subgoals [28]. Collectively, these systems demonstrate diverse
agentic capabilities, yet long-horizon stability and execution
reliability remain open challenges, particularly for open-source
LLMs.

III. METHODOLOGY

This section presents the proposed MetaTool-enhanced ROS-
Agent architecture and describes its key components, including
the agentic reasoning loop, action space, and memory mech-
anisms.

A. Agentic Architecture, Action Space, and Memory

The proposed system adopts a Reasoning-and-Acting (Re-
Act) agentic paradigm grounded in ROS-Agent’s cogni-
tive architecture [4], operating through an iterative observa-
tion–reasoning–action loop. As shown in Fig. 2, a user query
is forwarded to the LLM together with a prefabricated system
prompt that encodes the robot’s embodiment and available
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Fig. 2. Functional architecture of the proposed MetaTool-enhanced ROS-Agentic framework.

toolset, constraining the reasoning process to the platform’s
operational capabilities. The LLM response is then passed
to the ROS-Agent framework, which bridges language-level
intent and hardware execution through ROS.

Compared to baseline ROSA, the logic module is extended
with a MetaTool-driven planning stage that explicitly separates
intent formation from tool execution. Upon the first invocation,
the MetaTool generates a structured pseudo-code plan before
any task-specific tool is executed. This plan is stored in ROS-
Agent’s scratchpad, which is repurposed here as a structured
execution buffer that remains accessible throughout the entire
interaction episode. Conditioning each tool invocation on
this externalized plan, rather than on transient local context,
stabilizes the execution trajectory and reduces repetitive or
circular tool calls that commonly occur in open-source LLMs
during long-horizon, multi-step tasks [29].

The agent’s action space includes ROS-Agent’s native
system tools (e.g., rosnode, rostopic) and several custom
task-oriented modules for perception, affective expression,
gesture control, and goal-directed navigation. Examples in-
clude describe image for vision–language understanding,
face expression for social interaction, and follow me for
human-following behaviors; additional implemented tools and
their functionalities are summarized in Table II.

B. The MetaTool: Structured Reasoning and Execution
The MetaTool represents the central architectural contri-

bution of this work. It functions as an intermediate agentic
operator that separates task-level planning from tool-level
execution within the reasoning–action loop. Let q ∈ Q denote
a natural-language user instruction and A = {a1, a2, . . . , am}
the finite set of executable tools available to the agent. The
MetaTool first induces the language model to generate an
ordered symbolic plan

P = ⟨ai1 , ai2 , . . . , ain⟩, aik ∈ A,

which decomposes q into a sequence of tool calls before any
action is executed. Unlike transient chain-of-thought traces,

TABLE II
TASK-ORIENTED TOOLS INTEGRATED INTO THE METATOOL-ENHANCED

ROS AGENT

Tool Functionality

describe image Vision–language understanding
from live camera input

RAG query Knowledge retrieval via vector
database querying

face expression Affective state publishing for so-
cial interaction

follow me Human-following behavior using
pose keypoints

get goal odometry Goal-conditioned odometry esti-
mation

set goal Goal definition and storage for
navigation tasks

publish twist to move base High-level navigation goal dis-
patch

stop uh v1 Emergency stop and goal cancel-
lation

the plan P is externalized into ROS-Agent’s scratchpad mem-
ory and persists throughout the observation–reasoning–action
loop.

In a conventional agentic formulation, tool selection is
governed by a policy π(at | st), where st ∈ S denotes the
observable state at step t. The MetaTool replaces this with a
plan-conditioned execution policy

πmeta(at | st, P ),

which restricts admissible actions to those specified by the
plan P . Formally,

πmeta(at | st, P ) = 0 ∀ at /∈ AP (t),

where AP (t) = {ait} denotes the plan-specified tool at step
t, unless explicit replanning is triggered. Since |AP (t)| ≪ |A|,
this constraint reduces unstructured action branching and pre-
vents recursive loops and instruction drift. As illustrated in
Fig. 3, the MetaTool (top-left) is invoked at the start of each
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Fig. 3. Operational overview of the proposed MetaTool integrated with the existing ROS agentic architecture, illustrating intermediate task planning and
structured tool execution via scratchpad memory.

user query. It generates a structured pseudo-code plan,which
is immediately stored in the scratchpad memory. This plan
guides all subsequent multi-tool calls, with every tool’s output
appended to the scratchpad alongside the original plan. By
continuously combining the initial plan with the evolving tool
outputs (bottom-left of Fig. 3), the scratchpad maintains a
coherent execution trace that drives the tool execution chain
consistently from start to finish.

The baseline ROS-Agent’s scratchpad functions as an un-
constrained conversational memory: it records what has oc-
curred, but nothing prevents the agent’s subsequent actions
from diverging from its prior intent. MetaTool fundamentally
redefines this memory as an enforceable execution contract.
By formalizing tool selection as a plan-conditioned policy,
πmeta(at | st, P ), which effectively zeroes out the probability
of any action outside the plan’s admissible set, AP (t) espe-
cially for open-source LLMs, as demonstrated in the ablation
studies, we transform planning from a passive record into an
active constraint on the agent’s action space. This reframing
mitigates the long-horizon instability commonly observed in
agentic systems. Furthermore, this plan-conditioned execution
paradigm can, in principle, be adopted by similar frameworks
as a drop-in mechanism, positioning MetaTool as an architec-
tural primitive for constraining agentic reasoning under long-
horizon uncertainty.

C. Machine Configuration

To evaluate the framework, we developed a cost-effective plat-
form using an Intel-based onboard computer and an NVIDIA
GTX 1050 Ti GPU. A custom motor driver fuses IMU and

wheel encoder data for precise odometry. While the LLM
operates via the Groq API [30], all perception and control
models run locally on off-the-shelf hardware. The system
architecture and interconnections are detailed in Fig. 1.

IV. EVALUATION

A. Experimental Setup and Metrics

We evaluated the architecture using two environments: a
ROS-Gazebo simulation and a custom physical mobile robot.
The system was tested across three task levels (T1–T3) of
increasing cognitive complexity, ranging from simple queries
to contextually grounded sequential tasks.

• T1 (Simple Information Query): Assesses basic knowl-
edge retrieval and NLP parsing. Example: ”Please brief
me about the operational ordinances of this facility. Are
there any safety regulations I should follow?”

• T2 (Complex Contextual Navigation): Requires seman-
tic reasoning to map high-level functional descriptions
to specific locations. Example: ”Is there a laboratory
in this facility that conducts research on power system
equipment? If yes, please lead me there.”

• T3 (Contextually Grounded Sequential Task): Eval-
uates long-horizon reasoning, human-following, and vi-
sual landmark persistence. Example: ”Please follow me.
[Robot follows the user.] Now observe and memorize this
area [it includes a distinct red shelf. User introduces a
unique landmark.] After some unrelated interactions, the
user asks: ‘Can you show me the way to the red shelf I
showed earlier?”
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TABLE III
COMPONENT-WISE ABLATION RESULTS ACROSS TASKS. TASK IDS ARE DEFINED IN SECTION IV-A.

ID Configuration Task GPT-4o [33] GPT-OSS-20B [32] GPT-OSS-120B [32] Kimi-K2 [34]

C1 ROS-Agent + Adaptive Prompt
T1 15/20 (75%) 11/20 (55%) 11/20 (55%) 15/20 (75%)
T2 10/20 (50%) 8/20 (40%) 15/20 (75%) 17/20 (80%)
T3 11/20 (55%) 6/20 (30%) 8/20 (40%) 10/20 (50%)

C2 ROS-Agent + Prompt-Based Planner (Non-Persistent)
T1 17/20 (85%) 12/20 (60%) 15/20 (75%) 15/20 (75%)
T2 17/20 (85%) 12/20 (60%) 15/20 (75%) 17/20 (80%)
T3 15/20 (75%) 7/20 (35%) 8/20 (40%) 13/20 (65%)

C3 ROS-Agent + MetaTool (Persistent Scratchpad, No
Execution Constraint)

T1 19/20 (95%) 14/20 (70%) 18/20 (95%) 17/20 (85%)
T2 17/20 (85%) 12/20 (60%) 16/20 (80%) 18/20 (85%)
T3 15/20 (75%) 7/20 (35%) 10/20 (50%) 13/20 (65%)

C4 ROS-Agent + MetaTool (Persistent Scratchpad +
Execution Constraint) (Proposed)

T1 18/20 (90%) 17/20 (85%) 17/20 (85%) 19/20 (95%)
T2 17/20 (85%) 15/20 (75%) 18/20 (90%) 18/20 (85%)
T3 15/20 (75%) 11/20 (55%) 14/20 (70%) 14/20 (70%)

While T1 focuses on the ’Thought’ aspect, tasks T2 and T3
are designed to evaluate the ’Action’ and physical grounding
of the MetaTool-enabled agent. We compared the proposed
MetaTool-enhanced ROS Agent against the vanilla ROSA
baseline [4]. Evaluated models included proprietary LLMs and
open-source models (e.g., GPT-OSS-20B, GPT-OSS-120B,
Kimi-K2); the latter were selected based on demonstrated tool-
invocation competence, evidenced by BFCL performance [31]
where available (Kimi-K2: 59.06% overall, Rank 11) and by
native function-calling API support and agentic benchmark
results [32] for GPT-OSS variants. Collectively, these scores
confirm that all three models meet a meaningful thresh-
old of tool-use capability, forming a representative pool of
open-source LLMs that spans both efficiency-optimised and
reasoning-optimised deployment regimes.

B. Ablation Study

We conducted a component-level ablation study across four
configurations (C1–C4) to isolate the contributions of per-
sistent planning and execution constraints, as summarized in
Table IV. To mitigate the inherent safety risks of autonomous
LLM control on physical hardware, the ablation was per-
formed within a Gazebo simulation environment (Fig. 4)1. The
agent was evaluated across diverse environments ,including
a large office, a hospital floor, a factory floor with scattered
obstacles, and a standard urban home to assess the robustness
of its agentic responses. In this setup, C1 represents basic
prompt engineering; C2 incorporates transient, non-persistent
planning; C3 employs persistent scratchpad planning; and
C4 (our proposed framework) combines ROS-Agent with
MetaTool to enforce execution constraints by conditioning
each tool invocation on a persistent task plan.

Rather than comparing distinct architectures, all configura-
tions are evaluated within the same agentic pipeline, differing
only in the presence or absence of specific MetaTool compo-
nents.Quantitative ablation results across tasks and language
models are reported in Table III. For each configuration, task
success is measured over 20 independent trials per task, and

1An anonymized codebase for the simulation and proposed execution
pipeline is available at: https://anonymous.4open.science/r/uh bot v1 sim-
BDB1/README.md

Fig. 4. Gazebo-based simulation and testing across diverse environments to
ensure the robustness of agentic responses: (A) large office space; (B) hospital
floor environment; (C) factory floor with scattered obstacles; and (D) standard
urban home setting.

TABLE IV
METATOOL COMPONENT ABLATION CONFIGURATIONS

ID Configuration Description

C1 ROS-Agent + Adaptive
Prompt

Natural-language task execution
guided solely by adaptive prompt-
ing, without explicit planning or
persistent state.

C2 ROS-Agent + Prompt-Based
Planner (Non-Persistent)

Prompt-based task decomposition
generated at runtime; intermediate
plans are not stored persistently
and may be regenerated.

C3 ROS-Agent + MetaTool (Per-
sistent Scratchpad, No Execu-
tion Constraint)

Explicit task plan stored in per-
sistent scratchpad memory; tool
selection is not constrained by the
stored plan.

C4 ROS-Agent + MetaTool (Per-
sistent Scratchpad + Execution
Constraint)

Persistent task plan maintained
and used to explicitly condition
tool invocation, enforcing adher-
ence throughout execution.

results are reported as empirical success rates. Due to the
limited number of trials, these results are interpreted as in-
dicative performance trends rather than statistically significant
differences. Key Findings and Analysis:

1) Significance of Persistent Planning (C1 vs. C3):
Transitioning from basic prompt-engineering (C1) to

https://anonymous.4open.science/r/uh_bot_v1_sim-BDB1/README.md
https://anonymous.4open.science/r/uh_bot_v1_sim-BDB1/README.md
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persistent scratchpad planning (C3) yielded the most
consistent performance gains across all LLMs. For GPT-
OSS-20B on T3, success rate improved from 30% (C1)
to 35% (C3), while GPT-OSS-120B improved from 40%
to 50% on the same task demonstrating that persisting
the MetaTool-generated pseudo-code in the scratchpad
directly mitigates the context-forgetting behaviour com-
mon in open-source models during multi-step execution.

2) Impact on Open-Source LLMs (C2 vs. C3): The
benefit of persistent planning over transient prompt-
based planning (C2) was most pronounced for the open-
source models. GPT-OSS-20B improved on T1 from
60% (C2) to 70% (C3), and Kimi-K2 improved on
T1 from 75% to 85%. These gains reflect the role of
explicit intent externalization in reducing recursive tool
invocation and premature action execution failure modes
that disproportionately affect smaller-scale models in
ROS-native environments.

3) Execution Constraint Stability (C3 vs. C4): The ad-
dition of tool-level execution constraints in the proposed
configuration (C4) provided measurable stability gains
on the most demanding tasks. On T3, GPT-OSS-20B
improved from 35% (C3) to 55% (C4), GPT-OSS-120B
from 50% to 70%, and Kimi-K2 from 65% to 70%. On
T2, GPT-OSS-120B reached 90% under C4 compared
to 80% under C3. These results confirm that strictly
constraining tool invocation to the MetaTool-prescribed
plan is critical for reliable convergence in long-horizon,
multi-stage navigation tasks.

The ablation results indicate that persistent scratchpad plan-
ning and execution constraints are key contributors to im-
proved task success, with the most significant gains observed
for open-source models on long-horizon tasks (T2, T3). To-
gether, these components validate the core design rationale of
the proposed MetaTool architecture. Among the open-source
models tested, GPT-OSS-120B performed consistently better.
Therefore, further evaluation with existing LLM-based robotic
planning systems was conducted using GPT-OSS-120B as the
LLM backbone.

C. Overall Results and Efficiency Analysis
The MetaTool-enhanced architecture demonstrated superior

reasoning stability compared to vanilla ROS-Agent. Fig. 5
compares vanilla ROS-Agent and MetaTool-enabled ROS-
Agent across task complexities, highlighting success rates via
marker opacity alongside token usage distributions. The high
token variance observed in vanilla ROS-Agent indicates that
identical queries frequently generate divergent tool sequences,
reflecting unstable reasoning and inefficient convergence to-
ward executable plans. In contrast, MetaTool produces com-
pact, low-variance token profiles, demonstrating that it consis-
tently generates structured, executable plans across repeated
runs. This stabilizing effect is particularly pronounced in
smaller open-source LLMs, where MetaTool effectively limits
recursive tool invocations.

To rigorously substantiate these observations, we conducted
an empirical evaluation across 40 independent trials on phys-
ical robotic hardware using the T2 task category. Evaluation

was performed using the best performing open-source back-
bone, GPT-OSS-120B which demonstrated consistent perfor-
mance among the evaluated open-source LLMs during the
ablation study . We recorded average execution time alongside
the frequency of repeated and invalid tool invocations.

TABLE V
HARDWARE EVALUATION OF EXECUTION EFFICIENCY AND STABILITY

ACROSS 40 TRIALS USING GPT-OSS-120B.ALL METRICS ARE REPORTED
AS MEAN ± STANDARD DEVIATION.

Repeated
Tool Calls (%)

Invalid/Failed
Tool Calls (%)

Execution
Time (s)

ROS-Agent 19.0 ± 5.7 21.7 ± 6.5 89.51 ± 16.48
MetaTool (ours) 6.1 ± 2.2 8.1 ± 2.9 84.23 ± 9.71

As summarized in Table V, both repeated and invalid tool
invocations are reported as the mean ± standard deviation of
their per-trial percentage relative to total tool calls, while exe-
cution time denotes task-completion latency in seconds across
40 real-world hardware trials. These empirical results align
closely with the token-usage trends illustrated in Fig. 5, con-
firming that the reduced token variance of MetaTool directly
translates to fewer redundant actions, decreased invocation
failures, and more consistent execution latency in physical
environments.

Finally, to evaluate the proposed framework against existing
LLM-based planning paradigms, we conducted a controlled
failure mode analysis on the physical robotic platform (shown
in Fig. 6), comparing performance against re-implemented
ReAct [10] and Code-as-Policies (CaP) [12] baselines. Rather
than using the original codebases directly, we re-implemented
the core prompting strategy of each within our own agentic
pipeline and ROS tool-calling interface. This adaptation was
necessary because both paradigms were originally validated
on environments incompatible with our platform. ReAct on
text-based QA and interactive text environments (HotpotQA,
ALFWorld), and CaP on tabletop manipulation in simulation
with a distinct action/perception API. This re-implementation
preserves each method’s defining mechanism (interleaved
reasoning-action with no persistent plan buffer for ReAct and
single-shot plan generation without execution constraints for
CaP) while grounding them in our specific tool set, task
suite (T1–T3), and physical robot, thereby enabling a direct,
controlled comparison against the proposed MetaTool-ROSA
architecture under identical conditions.

As detailed in Table VI, the absence of a persistent plan
buffer in the ReAct baseline exacerbates recursive reasoning
degradation during long-horizon tasks, resulting in a high inci-
dence of incorrect or hallucinated plans (17/40) and navigation
failures (13/40), culminating in a low overall success rate
of 42.5% (17/40). The CaP-style planner slightly mitigates
planning hallucinations (13/40) but remains highly susceptible
to tool unavailability and execution timeouts (13/40), limiting
its task success to 50.0% (20/40). While the vanilla ROSA
pipeline demonstrates a marginal improvement with a 57.5%
success rate (23/40 successful trials), it still exhibits significant
vulnerability to unconstrained tool invocations, reflected by
high rates of hallucinated plans (17/40) and tool timeouts



7

(a) (b) (c) (d)
Fig. 5. Comparative Performance Analysis of Baseline ROSA vs. MetaTool-Enabled ROS Agent. The proposed framework demonstrates a higher Success
Rate (indicated by the opacity) across all task complexities. The Token Usage Distribution highlights significantly lower variance in the proposed method,
indicating that the MetaTool constraint prevents infinite loops and reasoning instability common in the open-source model.

TABLE VI
QUANTITATIVE COMPARISON OF FAILURE MODES AND OVERALL TASK

SUCCESS RATES ACROSS EVALUATED PLANNING FRAMEWORKS.

Method
Incorrect /
Hallucinated
Plan

Navigation
Failure

Tool
Unavailable /
Timeout

Successful
Trials

ReAct [10] 17/40 13/40 10/40 17/40
CaP [12] 13/40 10/40 13/40 20/40
ROSA [4] 17/40 10/40 17/40 23/40
MetaTool
(ours) 10/40 7/40 3/40 30/40

Note: Failure categories are non-exclusive. Individual failed trials may
encounter multiple failure modes, so total category counts may exceed
total failed trials.

(17/40). Conversely, our proposed MetaTool framework sig-
nificantly reduces these failure modes across all categories
most notably dropping tool unavailability/timeout to just 3/40
achieving a superior overall success rate of 75.0% (30/40).
These empirical findings confirm that unconstrained, prompt-
based reasoning mechanisms struggle with the stability de-
mands of real-world robotic deployment. Consequently, the
observed failure modes directly underscore the necessity of
the persistent scratchpad and structural execution constraints
introduced in the MetaTool-ROS-Agent architecture, which
successfully translate simulation-based efficiency gains into
robust physical operation.

V. CONCLUSION AND FUTURE WORK

This work presented a MetaTool enhanced ROS-Agent ar-
chitecture for structured agentic task execution in LLM-
driven robotic systems. By enforcing an explicit planning
stage that generates a pseudo-code task sequence prior to
tool invocation, the proposed approach separates high-level
reasoning from execution within the ROS-Agent framework.
Experimental results demonstrate improved reasoning stability,

Fig. 6. Real-world implementation and experimental evaluation of the
proposed architecture on a custom robotic platform: (A) vLM invocation for
visual understanding; (B) autonomous navigation within an indoor laboratory
environment; (C) visual memorization using agentic vLM calls for future
spatial recollection; (D) chauffeuring the user to a requested destination; (E)
spontaneous user greeting based on predicted mood and perceived direction of
communication; and (F) navigation through a narrow corridor while describing
the surroundings to maintain user engagement.

task coordination, and execution reliability for open-source
LLMs, particularly in complex multi-step tasks.

Future work will investigate adapting the architecture to
smaller open-source language models to enable efficient de-
ployment on resource-constrained robotic platforms. In addi-
tion, we plan to extend the robotic platform and tool ecosystem
to support broader real-world applications of structured agentic
robotic systems.
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