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1. Introduction
Industrial robotics has long been dominated by
rigid and deterministic automation paradigms
designed for stable, highly structured environ-
ments. While this approach has proven ex-
tremely effective in traditional manufacturing, it
becomes increasingly inadequate as production
systems evolve toward higher variability, cus-
tomization, and human involvement.
The transition formalized by Industry 5.0
promotes sustainable, resilient, and human-
centered industrial ecosystems [1], where trans-
parency, usability, and interaction quality are el-
evated to system-level requirements [2]. In this
context, robots are no longer conceived merely
as programmable machines, but as intelligent
systems capable of interpreting human intent
and operating in dynamic settings.
Natural language emerges as a promising in-
teraction modality within this paradigm, as it
enables users to express goals at a high level
of abstraction without engaging with low-level
programming details. However, linguistic in-
structions are inherently ambiguous, underspec-
ified, and context-dependent. Their correct in-
terpretation cannot rely on language processing
alone, but requires explicit grounding in per-
ception and structured internal representations

of the environment. This challenge is closely
related to the symbol grounding problem [3],
which highlights the necessity of linking abstract
symbols to perceptual and actionable entities.
Consequently, effective language-driven robotic
systems must rely on scene representations that
encode objects, properties, and spatial relations
in a structured form suitable for reasoning and
action [4]. At the same time, advances in Large
Language Models (LLMs) have dramatically ex-
panded the capabilities of language-based rea-
soning. Transformer architectures [5], combined
with empirically validated scaling laws [6], have
enabled models that can perform high-level task
decomposition and generate structured plans
from natural language descriptions. These de-
velopments have stimulated significant interest
in leveraging LLMs for robotic planning and
decision-making. Nevertheless, purely language-
driven or tightly coupled end-to-end architec-
tures often exhibit weaknesses in grounding, re-
liability, and interpretability, particularly in em-
bodied and safety-critical domains [7].
To address these limitations, recent research
has increasingly emphasized modular and multi-
agent architectures inspired by separation-of-
concerns principles [8]. Instead of centralizing
perception, reasoning, and execution within a
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single model, such designs assign clearly defined
roles to specialized components. This architec-
tural clarity improves transparency, facilitates
validation, and supports extensibility across di-
verse operational settings.
Despite these advances, important gaps remain
in terms of explicit semantic grounding, ar-
chitectural clarity, and configurability. Moti-
vated by these challenges, this thesis proposes
a configuration-driven multi-agent framework
that explicitly separates language-based plan-
ning, structured scene representation, and deter-
ministic execution. Large Language Models are
confined to high-level reasoning, while ground-
ing and control are handled through explicit
representations and modular execution mech-
anisms. The objective is to balance expres-
sive language-driven interaction with reliabil-
ity and structural transparency in intelligent
robotic systems.

2. Proposed Multi-Agent
Framework Architecture

This section presents the structural design of
the proposed framework, outlining its guiding
principles, internal organization, and execution
logic. The architecture is articulated as a coor-
dinated multi-agent system in which planning,
parameter inference, scene management, and ex-
ecution are distributed across interacting com-
ponents. The focus here is on how these ele-
ments are arranged, how information flows be-
tween them, and how the overall system behav-
ior emerges from their controlled interaction.

2.1. Design Principles
The framework is grounded on four primary de-
sign principles.
• Separation of concerns.

Language understanding, scene modeling,
planning, parameter extraction, and phys-
ical execution are treated as distinct re-
sponsibilities. This decomposition reduces
architectural opacity and facilitates debug-
ging, validation, and future extensions.

• Explicit grounding through struc-
tured representations.
Natural language instructions are never
mapped directly to control commands. In-
stead, all linguistic references are inter-
preted with respect to a dynamically main-

tained scene representation that encodes
objects, attributes, and spatial relations.
Grounding is performed through structured
intermediate representations that are subse-
quently resolved via deterministic matching
against the internal world model.

• Local LLM-based reasoning.
High-level reasoning is performed through
locally deployed Large Language Models.
While this ensures data control and reduced
external dependencies, it imposes compu-
tational constraints that require structured
prompting strategies and explicit validation
mechanisms to preserve reliability.

• Configuration-driven extensibility.
The system behavior is defined through
an external configuration file specifying
perception models, object attributes,
action definitions, robot parameters, and
LLM-related configuration settings. This
design allows the framework to be adapted
to different tasks and hardware platforms
without requiring architectural redesign.

Together, these principles ensure architectural
extensibility, data control, a clear separation be-
tween high-level reasoning and low-level control,
and precise semantic grounding within a struc-
tured and verifiable framework.

2.2. System Architecture and Execu-
tion Flow

The execution pipeline, illustrated in Figure 1,
begins with the loading of the configuration file,
which defines the system setup and operational
constraints. These specifications guide the Scene
Representation and Management Agent in ac-
quiring the current workspace state through the
perception module and constructing a struc-
tured internal representation of the environ-
ment. This representation is then converted into
a textual scene description that summarizes the
objects and relations relevant to language-driven
reasoning. The Planning Agent receives the user
instruction together with the corresponding tex-
tual scene description and generates a complete
operative plan expressed as an ordered sequence
of primitive actions, formatted according to the
set of executable capabilities defined in the con-
figuration file. Before any physical execution is
initiated, the complete plan is subjected to a
user validation phase and a full-sequence simu-
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lation procedure to ensure internal consistency
and feasibility. In this step, the system processes
the entire action sequence to ensure consistent
parameter derivation. It also verifies that the
internal scene representation remains coherent
with the simulated evolution of the environment.
During this stage, each primitive action is pro-
cessed sequentially. The Action Selection Agent
maps the current action description to the cor-
responding executable module, while the Action
Parameter Extraction Agent produces the pa-
rameters required for its execution. After the ac-
tion is simulated, the Scene Representation and
Management Agent updates the internal scene
state to reflect the expected outcome, ensuring
that subsequent actions are evaluated against a
consistent and updated representation. Physical
execution is initiated only after the entire plan
has been simulated and all relevant parameters
have been successfully extracted, ensuring that
no unresolved symbolic dependencies reach the
control layer.
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Figure 1: System architecture and execution
flow of the proposed multi-agent framework,
highlighting the structured flow of configuration
and task-related information across the pipeline.

2.3. Multi-Agent System Design
The overall architecture is structured around
four specialized agents.

Scene Representation and Management
Agent
This module constructs and maintains the in-
ternal world model from perception outputs and
updates it after each action simulation. It also
provides the structured and textual scene repre-
sentations required for planning and grounding.

Planning Agent
The Planning Agent receives the user instruction
together with the corresponding textual scene
description and the set of available action prim-
itives defined in the configuration file, and pro-
duces a structured operative plan. Its internal
operation is organized into two sequential stages.
The first stage, illustrated in Figure 2, imple-
ments a proposal–validation–correction mecha-
nism based on three coordinated LLM calls. An
initial call generates a candidate explicit plan, a
subsequent call verifies its consistency with both
the instruction and the scene context, and, if
necessary, a corrective call refines the output.
This step ensures that all required primitive ac-
tions are explicitly identified before execution.
In the second stage, the internally validated plan
is converted into a canonical sequence of prim-
itive actions aligned with the predefined action
set and configuration-defined format.

First-Stage Planning Mechanism
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Figure 2: First-stage planning mechanism im-
plementing the proposal–validation–correction
loop based on user instruction, textual scene de-
scription, and available actions.
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Action Selection Agent
The Action Selection Agent maps a primitive
action to its related executable module. Selec-
tion is primarily deterministic, with constrained
LLM support only in ambiguous cases, ensuring
that only predefined primitives can be invoked.

Action Parameter Extraction Agent
Given a selected action, this module extracts the
parameters required for its execution. The ex-
traction process is clearly application-dependent
and may vary across primitives according to the
structural requirements of the execution layer.

3. Experimental Setup and Sys-
tem Implementation

The proposed framework was subsequently vali-
dated in a structured tabletop manipulation sce-
nario to assess its effective operation in a prac-
tical robotic system and to verify the correct co-
ordination among the different agents.

3.1. Hardware and Perception Setup
The experimental platform consists of a Tech-
man TM5-700 collaborative manipulator, con-
trolled through the TMFlow environment, which
converts high-level action commands into exe-
cutable trajectories. The robot is equipped with
an OnRobot VGC10 electric vacuum gripper
for object manipulation and an Intel RealSense
D435i RGB-D camera providing aligned color
and depth data for scene perception.
During the perception phase, fine-tuned YOLO
segmentation models detect the object cate-
gories used in the setup (cubes and slots). De-
tected instances are then instantiated in the
previously mentioned structured scene repre-
sentation, where unique identifiers and task-
relevant attributes are deterministically assigned
to maintain a consistent world model.

3.2. System Configuration and Ac-
tion Set

The behavior of the system is defined through
an external configuration file, enabling a flexi-
ble configuration-driven architecture. The file
specifies the perception models and related pa-
rameters, the selected local LLM, robot settings,
object classes, and the set of admissible ac-
tion primitives. For the considered application,

four primitives were implemented: pick, place,
pour, and mix, each linked to a predefined ex-
ecution routine and a canonical textual struc-
ture enforced during the second planning stage.
Each action is also associated with a determin-
istic update rule defining how the internal scene
representation is modified after execution.

4. Experimental Results
The framework was evaluated at three distinct
levels: a comparative analysis of locally deployed
LLMs, planning performance assessment, and
end-to-end system reliability evaluation.

4.1. Comparative Evaluation of Local
LLMs

Four locally deployed instruction-tuned LLMs
were evaluated as reasoning backends:
• Qwen2.5-7B-Instruct-AWQ
• Mistral-7B-Instruct-v0.2-AWQ
• Meta-Llama-3.1-8B-Instruct-AWQ-INT4
• DeepSeek-Coder-6.7B-Instruct-AWQ

A total of 500 tests were conducted on the
Planning Agent and 500 on the Action Pa-
rameter Extraction Agent (350 object ground-
ing and 150 mixing speed extraction cases),
under identical prompting and configuration
settings, to account for the inherent non-
deterministic behavior of these LLM-based com-
ponents. Qwen2.5-7B-Instruct-AWQ achieved
the best overall performance. Its corresponding
results are reported in Table 1.

Estimated
Accuracy

Inference
Time [s]

Planning Agent 87.00% 2.38
Object
Grounding

92.88% 0.75

Mixing Speed
Extraction

100% 0.06

Table 1: Qwen2.5-7B-Instruct-AWQ model per-
formance across the evaluated agents. The il-
lustrated estimated accuracies are associated
with the following Wilson CIs: [0.835, 0.899],
[0.897, 0.951], and [0.975, 1.000], respectively.

A scaling analysis further examined how
agent performance varies with model size.
The selected 7B model was compared with
its smaller variants, Qwen2.5-3B-Instruct,
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Qwen2.5-1.5B-Instruct, and Qwen2.5-0.5B-
-Instruct. Selected results of this comparison
are reported in Figures 3 and 4.

Figure 3: Achieved estimated accuracy across
Qwen model sizes (0.5B, 1.5B, 3B, and 7B pa-
rameters) for the Planning Agent, Object Gro-
unding, and Mixing Speed Extraction modules.

Figure 4: Tokens-per-second comparison across
Qwen model sizes (0.5B, 1.5B, 3B, and 7B pa-
rameters) for the Planning Agent, Object Gro-
unding, and Mixing Speed Extraction modules.

4.2. Planning Agent Internal Perfor-
mance Analysis

The internal performance of the Planning Agent
was evaluated using the 7B Qwen 2.5 configura-
tion across the same 500 planning instructions
mentioned in Section 4.1. The first stage (ex-
plicitization) achieved a raw accuracy of 74.6%
based solely on the first LLM proposal call, cor-
responding to a 95% Wilson CI of [0.706, 0.782],
which increased to 87.2% after the complete pro-
posal–validation–correction cycle, with a 95%
Wilson CI of [0.840, 0.899]. This corresponds to
a 16.89% relative improvement, confirming the
effectiveness of coordinated refinement. Most
failures were due to redundant actions, incor-
rect object descriptions, and missing actions, as
illustrated in Figure 5. The second stage (prim-
itive normalization) was evaluated only on plans
validated as correct in the first stage, achieving

Extra Actions
Wrong Descriptions
Missing Actions
Other Errors
Semantic Misinterpretation
Incorrect Action Ordering

33.85%

29.23%

16.92%

10.77%
6.15%

3.08%

Figure 5: First-stage planning failure distribu-
tion by error category: extra actions, incorrect
object descriptions, missing actions, semantic
misinterpretation, incorrect action ordering.

96.1% accuracy (95% Wilson CI: [0.936, 0.976])
and confirming the structural robustness of the
normalization process once a coherent explicit
plan is available. The main second-stage failure
modes are illustrated in Figure 6.

Extra Actions
Wrong Descriptions
Wrong Understanding
Other Errors
Missing Actions

29.41%
23.53%

17.65%

17.65%

11.76%

Figure 6: Second-stage planning failure distribu-
tion by error category: extra actions, incorrect
object descriptions, semantic misinterpretation,
missing actions, other errors.

4.3. End-to-End System Evaluation
A total of 150 complete experiments were con-
ducted on the physical robotic platform, cover-
ing the entire pipeline from instruction inter-
pretation to final execution. The system suc-
cessfully completed 121 tasks, corresponding to
an observed success rate of 80.67% (95% Wilson
CI: [0.739, 0.857]). Failure analysis showed that
most errors originated in the first planning stage
(15 cases), followed by action execution issues
(7 cases) and second-stage planning errors (4
cases). Object grounding and mixing speed ex-
traction errors were instead comparatively rare
(2 and 1 cases, respectively). The full end-to-
end failure classification is reported in Figure 7.
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First Planning Stage Error
Action Execution Error
Second Planning Stage Error
Object Grounding Error
Mixing Speed Extraction Error

51.72%24.14%

13.79%

6.90% 3.45%

Figure 7: End-to-end failure distribution across
error sources: first planning stage, action execu-
tion, second planning stage, object grounding,
and mixing speed extraction.

5. Conclusions and Future De-
velopments

This thesis presented a configuration-driven
multi-agent framework for language-guided
robotic manipulation, separating reasoning,
scene modeling, and deterministic execution to
ensure stable and consistent physical behavior.
The experimental evaluation shows that over-
all reliability is mainly determined by the first
planning stage, while subsequent components,
including second-stage normalization and pa-
rameter extraction, exhibit greater robustness.
This reflects the intrinsic complexity of seman-
tic explicitization and underscores the effective-
ness of the proposal–validation–correction strat-
egy in mitigating planning errors. Explicit scene
modeling combined with structured grounding
reduces ambiguity propagation from language
to action, preserving alignment between sym-
bolic reasoning and the physical environment.
Finally, the modular architecture enhances in-
terpretability, debuggability, and extensibility,
enabling independent performance evaluation of
components and systematic refinement.
Future developments include the integration of
feedback-driven replanning for real-time adap-
tation, the introduction of interactive dialogue
for instruction clarification, and the incorpora-
tion of augmented reality tools for visual plan
preview. Extending the framework to hetero-
geneous platforms and multi-robot scenarios al-
lows a better assessment of its scalability and
generality. Overall, the work demonstrates that
constrained language reasoning combined with
explicit world modeling and modular design
constitutes a reliable foundation for intelligent
robotic manipulation systems.
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