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1. Introduction

The manufacturing industry is undergoing a paradigm shift
driven by demands for shorter production cycles and greater
customization [1]. Automation has emerged as a key enabler,
helping address persistent challenges such as skilled labor
shortages [2], increasing product diversity [3], and volatile sup-
ply chains [4]. In particular, flexible robotic assembly systems
have gained traction [5], as they offer the ability to handle high-
mix production scenarios with dynamic task requirements.

Yet, enabling such adaptability remains a key challenge.
Product variants, for example those in electric vehicle battery
designs [6] or cable harness assembly [7], often demand fre-
quent updates to task sequencing, grasp strategies, and motion
planning. Even minor changes can necessitate time-consuming

reprogramming [8]. Existing control architectures based on
state machines or behavior trees are typically brittle and hard to
scale [9, 10, 11], requiring expert input for adaptation [12, 13].
This results in high integration overhead and limits deployment
in dynamic manufacturing contexts [14, 15].

To overcome these limitations, robotic systems must evolve
toward cognitive autonomy, becoming capable of perceiving,
reasoning, and adapting in real-time with minimal human in-
tervention [16, 17, 18]. Recent advances in Large Language
Models (LLMs) and Vision-Language Models (VLMs) open
new avenues for intuitive, multimodal human-robot interaction.
These models can parse high-level commands (e.g., “pick up
the cable”) and ground them in scene context via visual reason-
ing and task knowledge [19, 20].

Building on these capabilities, embodied AI agents, which
are robotic systems equipped with semantic understanding of
tasks, have emerged as a promising paradigm for high-level au-
tonomy in robotics [21, 22]. This paper presents a modular em-

Embodied AI Agent Framework for (Re)Programming Robotic Tasks in
Flexible Assembly using LLMs and VLMs

Lucas Manassés Pinheiro de Souza a,* , Abhishek Deshmukha, Kedar Rajpathaka, Alexander Moriza, Amon Göpperta,
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bodied AI agent framework for reprogrammable robotic assem-
bly, integrating open-source LLMs, VLMs, and a Robot Oper-
ating System 2 (ROS2)-based architecture. The framework en-
ables non-expert users to issue natural language (NL) or voice
commands, which are interpreted and grounded into robot be-
haviors through modular components for perception, grasping,
and motion planning, thereby supporting rapid task reconfigu-
ration in dynamic assembly scenarios.

The remainder of this paper is structured as follows. Sec-
tion 2 reviews recent work on integrating LLMs, VLMs, and
AI-agent architectures for robotic applications, highlighting
current limitations. Section 3 introduces the architecture of the
embodied AI agent, including its modular ROS2-based soft-
ware (SW) stack, integration with open-source LLMs/VLMs,
and the grasping component. Section 4 describes the experi-
mental setup and test scenarios, while Section 5 discusses the
results of real-world evaluations. Section 6 concludes with key
findings and future research directions.

2. Related Work

Recent frameworks have integrated LLMs and VLMs into
robotic workflows to enable high-level task specification and
multimodal grounding [19, 20, 22]. While these efforts show
strong potential for minimal human innervation in reprogram-
ming robots, most remain limited to research settings and lack
integration with modular, real-time control ROS-stacks suitable
for dynamic assembly automation.

The ROS-LLM [23] provides a ROS-based interface for pro-
gramming robots using NL, supporting structured feedback and
task execution via behavior trees and state machines. While it
incorporates imitation learning and user feedback to refine be-
haviors, it does not introduce an autonomous agent capable of
dynamic decision-making or tool orchestration; instead, it re-
lies on predefined action sequences and static control structures.
The ROS Agent (ROSA) [24] proposes a modular agent that
maps NL to ROS 2 actions using structured representations. Al-
though it enables multimodal interaction and supports safety
constraints, task orchestration remains manually defined, re-
quiring expert input to extend or adapt the system. Furthermore,
ROSA does not integrate widely adopted robotics libraries such
as MoveIt2 or the MoveIt Task Constructor (MTC), limiting its
capacity for trajectory planning, inverse kinematics, or high-
level task sequencing. PickGPT [25], a commercial system de-
signed for logistics picking, focuses on closed-loop object ma-
nipulation. Although optimized for performance, it is not struc-
tured as an autonomous agent and lacks general-purpose plan-
ning, modularity, or extensibility due to its proprietary design.
The Flexible Agent Framework for Embodied AI (RAI) [26]
introduces an agent architecture with episodic memory and hy-
brid symbolic-LLM planning, supporting multi-agent setups
and general reasoning. While RAI extends ROS2-based SW
components and supports high-level prompts via LLMs, it lacks
integration with advanced tools like the MTC and does not of-
fer modular action primitives for task sequencing. It also lacks a
dedicated mechanism for decomposing NL instructions into se-

mantically grounded actions, relying instead on prompt-based
reasoning using cloud-based LLMs and VLMs. These choices
highlight flexibility but leave open directions for enhancing au-
tonomy, task generalization, and on-device decision-making in
more complex assembly scenarios. A comparative summary of
these frameworks is presented in Table 1.

Additionally, grasp generation plays a critical role in trans-
lating high-level goals into executable robotic actions by esti-
mating the object’s 6-Degrees of Freedom (DoF) — its position
and orientation — from RGB-D (color and depth) camera input.
While traditionally treated as a standalone module, our frame-
work integrates it directly as a ROS2 SW component orches-
trated by the AI agent, which enables seamless coordination
with perception, planning, and task sequencing.

While not fully autonomous, the proposed framework en-
ables the interpretation of structured or constrained NL instruc-
tions and maps them to modular ROS2 SW components for per-
ception, grasp generation, motion planning, and task sequenc-
ing. The embodied AI agent leverages open-source LLMs and
VLMs to parse commands, interpret visual context, and orches-
trate tool invocation across the ROS-based stack. Evaluated
through real-world assembly tasks, such as vision-guided ca-
ble manipulation, visual feedback, and task reconfiguration, the
framework demonstrates how integrating semantic reasoning
with modular control supports the vision of agentic AI for flex-
ible and scalable assembly automation in manufacturing [21].

3. Embodied AI Agent Framework

The framework introduces an embodied AI agent as a
task-level orchestrator that intelligently sequences existing
ROS2 SW tools—such as MoveIt2, the MTC, and Contact-
GraspNet [27] based on user input. These widely adopted open-
source components offer robust capabilities for motion plan-
ning, grasping, and perception. By integrating them under a
unified architecture powered by LLMs and VLMs, the agent
enables semantic-level control over robotic execution, replac-
ing traditional state machine reprogramming with NL language
or voice-based interaction.

Fig. 1: Layered architecture of the embodied AI agent framework.
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Table 1: Comparison of related frameworks with the proposed approach.

Criteria ROS-LLM [23] ROSA [24] PickGPT [25] RAI [26] Ours

Planning Strategy Scripted Sequences Manual Mapping Closed-loop Prompt-based + Tools AI-driven Orchestration
Task Decomposition Manual Partial Limited LLM-only LLM + Agent
Modular ROS 2 Integration Partial Static Actions No Connector-based Modular, ROS2-native
Use Case Domain Domestic General Logistics Multi-agent Assembly Automation
Vision Integration No No Yes Yes (via tools) Yes (VLM-enabled)
Task Sequencing (MTC) No No No Not supported Supported
Non-Expert Usability Yes (limited) Yes (with setup) Yes (proprietary) Partial (requires setup) Yes (voice & text)
LLM/VLM Type Cloud-based Cloud/Open-source Proprietary Cloud-based Open-source (e.g., Llama)

3.1. Framework Overview

Figure 1 presents the layered architecture of the framework.
At the top layer, a human operator or even a Manufacturing Ex-
ecution System (MES) issues instructions via speech or text. A
central agent, implemented using LangChain [28] and powered
by Meta’s Llama 3.1 and Llama Vision 3.2 [29], processes spo-
ken or written instructions and maps them to tool invocations
from ROS2 SW components.

The core of the framework is a modular action agent capa-
ble of calling both atomic and compound behaviors, such as
pose transitions, gripper control, vision capture, grasp gener-
ation, and motion execution. The agent then invokes the low-
level ROS2 SW components like perception, planning, visual-
ization, and actuation. This includes drivers for the robot arm
and its integrated RGB-D camera, as well as key libraries such
as MoveIt2, the MTC, and Contact-GraspNet. The SW stack is
modularized using Docker containers, ensuring reproducibility
and modular deployment across simulation, testing (Rviz), and
real-world scenarios.

3.2. Open-Source LLM and VLM Integration

Open-source LLMs and VLMs present a cost-effective and
customizable alternative to commercial Application Program-
ming Interface (API)s. However, their deployment requires suf-
ficient GPU resources.

Llama 3.1 (8B parameters) is chosen as the primary LLM
due to its compact size and robust capabilities for NL parsing
and tool invocation. It enables the AI agent to interpret con-
strained voice or text instructions and match them to a prede-
fined set of ROS2-based SW tools (components). To improve
performance, prompt engineering techniques are used to guide
model behavior and ensure reliability under varying inputs.
Prompts are also designed to prevent unsafe actions and han-
dle ambiguities conservatively.

For multimodal inputs, Llama Vision 3.2 (11B parameters)
is employed as the VLM to interpret RGB-D images captured
from the robot’s wrist inbuilt camera. The model supports scene
captioning, object listing, and visual reasoning. Similar to the
LLM, its outputs are shaped using prompt engineering to en-
force consistency and restrict hallucinated or irrelevant descrip-
tions. This allows users to query the robot with instructions such

as “describe what you see” and receive interpretable feedback
grounded in the real environment.

3.3. End-to-End Workflow

Figure 2 illustrates two representative interactions handled
by the framework. In the first, the user issues a compound in-
struction such as “go to home pose, then open the gripper.” Spo-
ken commands are transcribed via Whisper [30] and parsed by
the LLM to identify the required tools, which the agent then in-
vokes via ROS2 SW component, such as MoveIt2 for trajectory
planning and the arm controller for execution.

In the second case, the user issues a perception request like
“describe what you see.” The agent captures a scene image
using the robot’s vision module and forwards it to the VLM.
The VLM returns a structured textual description of the envi-
ronment, listing recognizable objects and spatial relations. This
allows the robot to provide semantic feedback or use that in-
formation for downstream planning (e.g., picking the object in
front).

3.4. Tool-Oriented Agent Features

The developed framework features a set of over 20 ROS2-
integrated tools as callable functions, each defined with struc-
tured input-output interfaces. These tools span low-level prim-
itives (e.g., pose movement, gripper actuation, base rotation),
compound behaviors (e.g., pick-and-place routines via Contact-
GraspNet and MTC), perception utilities (e.g., image capture,
VLM-based interpretation), and system functions (e.g., trajec-
tory replay, emergency stop).

To enable flexible orchestration, tool invocation follows a
reasoning loop: (1) Input → (2) Parse → (3) Resolve tools →
(4) Call tool→ (5) Monitor execution→ (6) Provide feedback.
This abstraction allows chaining multiple tools into semanti-
cally meaningful behaviors without requiring hardcoded state
machines or domain-specific scripting.

3.5. Grasping Component: Integrating Contact-GraspNet

To support robust pick-and-place operations, the framework
integrates Contact-GraspNet [27], a deep learning-based grasp
detection model that infers a fixed number of 6-DoF grasp poses
with confidence scores from RGB-D input. Unlike traditional
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Fig. 2: Execution workflow: exemplary instructions involving LLM-only (“go to home pose...”) and VLM-enabled perception (“describe what you see”).

grasp planners, Contact-GraspNet is designed for cluttered and
unstructured scenes, making it well-suited for industrial appli-
cations.

In this work, a custom SW component was developed to
connect Contact-GraspNet in ROS2 with MoveIt2 and MTC.
Wrist-mounted RGB-D images are exported for grasp detection
via containerized Contact-GraspNet. The most confident grasp
is passed to a ROS2 node, which triggers a pick-and-place se-
quence via MTC.

The motion sequence includes fixed observation and place
poses, while the pick pose is determined at runtime. Each stage
includes approach and retreat steps to avoid collisions. The ta-
ble is modeled as a static obstacle, and the motion planner is
configured to minimize mechanical work, generating efficient
and safe trajectories.

4. Experimental Setup

The experimental setup, shown in Figure 3, consists of a Ki-
nova Gen3 7-DoF robotic arm with a Robotiq 2F-85 gripper and
a wrist-mounted RGB-D camera for perception and grasp plan-
ning. All ROS 2 software components, including MoveIt2, the
MoveIt Task Constructor (MTC), and Contact-GraspNet, ran on
a higher GPU-enabled desktop PC (RTX 4090) hosting the AI-
agent. A secondary device (Laptop GTX 1660) was also used
for hosting in order to assess VLM & LLM performance un-
der lower computational capacity. For operator interaction, a
Jabra Evolve2 65 headset enabled voice commands and a stan-
dard USB keyboard supported text input, allowing evaluation
of both interaction modes.

Fig. 3: Experimental setup for evaluating the embodied AI agent framework.

The agent’s performance was evaluated across four scenar-
ios, focusing on command interpretation accuracy, task execu-
tion success rate, and response time:

(1) Basic pose control via voice & text, where the user issues
commands such as “Move up”, “Open the gripper”, or “Rotate
right”; these were parsed by the LLM and mapped to predefined
tools, then executed through the agent without invoking MoveIt
or Contact-GraspNet.

(2) Cable grasping, where the robot is instructed to pick and
place cables randomly placed in its field of view using the vi-
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sion stack and Contact-GraspNet for grasp generation, followed
by execution via the MoveIt2 & MTC.

(3) Visual scene feedback, where the user asks the robot to
“describe what you see”, prompting the robot to capture an
RGB-D image, invoke the VLM (Llama Vision 3.2) for inter-
pretation, and return a NL description of the scene.

(4) Task-cycle recording for scalable execution, where the
agent records multiple user-commanded trajectories in the
background and replays them on demand. This feature allows
operators to first validate motions interactively and then repeat
the exact task-cycle numerous times without further manual in-
put, reflecting a typical requirement in production.

5. Results and Discussion

This section presents the experimental results for each of the
defined scenarios. In this context, a trial refers to one full exe-
cution of the desired task sequence under test conditions.

5.1. Scenario (1) - Basic pose control via voice & text

Across 10 trials, all commands were successfully parsed
by the LLM and executed by the corresponding ROS2 prim-
itives, achieving 100% interpretation and execution accuracy.
The agent responded within 1 second in all cases, with total
task completion times ranging from 0.7 to 22 seconds depend-
ing on the motion. The average completion time across all com-
mands was 8.7 s, as summarized in Table 2. The results indicate
that the framework achieved responsive operation and consis-
tent performance during low-level teleoperation tasks via voice-
to-action. Notably, all voice commands could equivalently be
issued through text (e.g., via chat interface), offering flexibility
in interaction. Moreover, the LLM was able to correctly inter-
pret and match user intent even in the presence of minor speech
errors or grammatical inconsistencies, highlighting the flexibil-
ity of the agent’s NL interface.

Table 2: Scenario (1): Basic pose control via voice and text (10 trials). Exec. =
agent response latency; Total = full motion duration.

Command GPU PC (RTX 4090) Laptop (GTX 1660)
Exec. (s) Total (s) Exec. (s) Total (s)

Move to Zero Pose 1.0 22.0 9.0 22.0
Move to Home Pose 1.0 22.0 9.0 22.0
Move to Retract Pose 1.0 6.0 9.0 6.0
Move Downward 1.0 5.0 9.0 5.0
Close Gripper 1.0 0.7 9.0 0.7
Move Left 1.0 4.0 9.0 4.0
Move Upward 1.0 4.2 9.0 4.2
Move Right 1.0 4.0 9.0 4.0
Back to Home Pose 1.0 6.0 9.0 6.0
Stop 1.0 0.0 6.0 0.0
Average 1.0 8.7 8.7 8.7

5.2. Scenario (2) - Cable grasping

Across 30 trials, the agent successfully detected and picked
two cables (per trial) in 21 cases (70%), using the developed

grasp generation pipeline and MTC for trajectory planning.
Failures in 9 trials were primarily due to either MTC failing to
compute collision-free trajectories or the robot entering safety
mode due to self-collisions during execution. In 6 of these
cases, valid grasps were generated for one or both cables, but
trajectory planning failed. Notably, when only one cable was
picked (4 trials), the second grasp often failed due to occlusions
or unreachable poses.

(a) Robot arm in home pose. (b) Generated grasps poses.

(c) Robot arm approaching a cable. (d) Robot arm picking up the cable.

(e) Robot arm moving to the target. (f) Robot arm placing the cable.

Fig. 4: Scenario (2): Cable grasping.

Table 3: Scenario (2): Cable grasping across 30 trials (2 cables per trial).

Metric Result
Total Trials 30
Cables Targeted (2 per trial) 60
Cables Successfully Picked 42 (70%)
Primary Failure Causes 7: Task Constructor failed

5: Safety triggers (self-collisions)
Average Grasp Generation Time 8.4 s
Average Execution Time per Cable 19.2 s
Partial Success (1 cable only) 4 trials
Complete Failures (0 cables) 5 trials
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The grasp generation time was measured from the moment
an image was saved until the generated grasps were visualized
on the screen. On average grasp generation took 8.4 s while ex-
ecution time per cable was 19.2 s. A summary of success rates,
failure modes, and timing is presented in Table 3, while Figure 4
shows the grasping pipeline execution on the real robot.

5.3. Scenario (3) - Visual Scene Feedback

Across 20 trials, the framework returned coherent and con-
textually accurate descriptions of objects and their spatial rela-
tions with a 100% success rate. An example of this process is
shown in Figure 5, where the robot perceives a coiled cable and
generates a NL description. However, the LLM–tool integra-
tion was not always consistent in triggering the visual feedback
pipeline for the query “describe what you see,” occasionally re-
quiring few attempts before the associated functions executed.
The average inference time on an RTX 4090 device was 1.67 s,
enabling near real-time visual feedback. In contrast, on a GTX
1660 laptop, processing times increased drastically, averaging
336 s (5.6 minutes) per query. This performance disparity, sum-
marized in Table 4, highlights the importance of adequate GPU
resources for local VLM deployment. The visual scene feed-
back capability demonstrates the agent’s potential for enabling
high-level situational awareness and grounding NL scenes in
the environment, which can support downstream applications
such as object-specific planning or failure explanation.

Fig. 5: Scenario (3): Visual scene feedback example. The robot perceives the
real-world object (cable) and generates a NL description with integrated VLM.

Table 4: Scenario (3): Visual scene feedback (20 trials). Avg. time is for gener-
ating descriptions from RGB-D images.

Metric GPU PC (RTX 4090) Laptop (GTX 1660)
Trials Executed 20 3
Success Rate (%) 100 100
Avg. Inference Time (s) 1.67 336 (5.6 min)
Min/Max Time (s) 1.5 / 2.1 310 / 360

5.4. Scenario (4) - Task-cycle recording for scalable execution

In this scenario, the AI-agent received compound NL com-
mands, such as “Move to retract pose and then move left”
or “Rotate gripper clockwise and move forward”. These com-
mands were executed in sequence while the corresponding joint
trajectories were recorded. A total of 15 trials were performed,
covering a diverse set of motion combinations including linear
translations, pose changes, and limited end-effector rotations.

The task replaying was successful in 13 out of 15 cases, with
all intended motions accurately reproduced. In two instances,
only partial execution occurred due to safety triggers, typically
when the arm transitioned quickly between complex poses. Per-
formance, including success rates, number of commands, and
common failure causes, are summarized in Table 5.

While the replayed motion closely matched the original tra-
jectories, a notable limitation emerged: gripper actions (i.e.,
open/close) were not captured or replayed during the recording
phase. As a result, this mechanism could not be applied to vali-
date the grasping pipeline from Scenario (2), which requires ac-
curate end-effector control for successful object manipulation.

Table 5: Scenario (4): Task-cycle recording and replay (15 trials).

Metric Result
Total Trials 15
Commands Recorded 37
Full Replays (success) 13 (87%)
Partial Replays (safety triggers) 2 (13%)
Avg. Commands per Trial 2.5
Gripper Actions Recorded No
Failure Cause (most common) Safety triggers during pose transitions

Across all four scenarios, the agent demonstrated reliable
task execution, achieving consistently high success rates in
basic commands and visual scene interpretation. The grasp-
ing tasks revealed occasional failure modes, primarily related
to trajectory planning and self-collisions. Replay functionality
worked reliably in all tested sequences. Importantly, inference
latency for vision models was strongly hardware-dependent,
with VLM responses averaging under 2 seconds on RTX 4090
but exceeding 5 minutes on a GTX 1660. These results suggest
the potential feasibility of embodied AI agents for flexible as-
sembly tasks and highlight deployment considerations for real-
time performance.

6. Conclusion and Outlook

This work presented a modular embodied AI agent frame-
work integrating open-source LLMs, VLMs, and ROS2 SW
components for NL-based robotic task execution. By orches-
trating perception, grasping, and motion tools, the framework
enables reprogrammable assembly workflows accessible to
non-experts.

Evaluated across four scenarios, the AI-agent showed high
success rates and low latency in motion control, scene interpre-
tation, and semantic grasping. Trajectory recording and replay
supported task reuse, though gripper actions were not captured.
Scene feedback was accurate and fast on GPU hardware, but
limited devices revealed deployment challenges.

Key future directions include: (1) investigating voice vs.
text input limitations in noisy or ambiguous settings, as ro-
bust interaction is critical for shop-floor usability; (2) explor-
ing LLM/VLM swapping strategies to enable multilingual sup-
port and flexible upgrades, allowing models to be replaced with
faster or more capable alternatives for time-critical tasks and to
integrate improved multimodal models as they emerge; and (3)
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enhancing grasping through active perception and confidence-
driven planning to boost reliability in cluttered, dynamic envi-
ronments.

While the framework already decomposes NL instructions
into ROS2 actions and uses LLM/VLM models for ground-
ing, further work is needed to make this process more adap-
tive for complex, multi-step tasks. Future research should also
benchmark which models perform best for assembly-specific
grounding. Adding semantic memory, allowing the agent to re-
tain task and object context, could improve continuity across
extended tasks. Extending the framework to mobile platforms
would further increase flexibility by enabling operation in larger
and more dynamic workspaces. The recording and replay fea-
ture also points toward voice-guided programming. Finally,
cloud-based or hybrid edge–cloud execution, supported by low-
latency networks (e.g., 5G), may provide scalable solutions for
demanding reasoning and orchestration tasks. Overall, results
demonstrate the embodied AI-agent as a promising approach
for intuitive, reprogrammable robotics in dynamic assembly,
advancing flexible and accessible automation.
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