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Abstract — Mentored by Professor Jason Trobaugh and Professor Dennis Mell, this cap-
stone project developed an intelligent manipulation system for a 6-DOF robotic arm, bridg-
ing classical robotics with modern vision-language reasoning. Building on foundations in
Robotics Kinematics and Artificial Intelligence, the system enables the robot to interpret
natural language instructions, perceive its environment through camera input, and execute
accurate, kinematically guided pick-and-place tasks. A Vision-Language Model (Qwen2.5-
VL) was integrated to empower natural conversation between the user and the robot arm,
parse user instructions, and predict object bounding boxes. A 2D hand-eye calibration
procedure was implemented to bridge image-space detections with robot-frame actions,
enabling seamless communication between perception and motion. To enhance manipula-
tion of non-uniform objects, a novel method combining EfficientSAM segmentation with
PCA-based frame extraction was developed, allowing the gripper to align with object ge-
ometry for stable and adaptive grasping. Deployed on the myCobot 280 Pi platform, the
system achieved a final placement uncertainty of 0.11 cm using a feedback-based correction
loop. The platform remains cost-friendly, modular, and scalable, making it suitable for fu-
ture integration into ESE-3050 laboratory exercises or demonstration modules in ESE-446.
Future work will extend the system into full 3D manipulation by incorporating RGB-D
sensing and 3D hand-eye calibration to enable 6-DOF grasp planning and complex scene
understanding.
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1 Introduction

Artificial intelligence (Al) has become deeply embedded in modern society, reshaping everything from daily
communication to advanced autonomous systems. The proliferation of intelligent agents, such as large lan-
guage models (LLMs) like ChatGPT and Gemini, alongside rapid advancements in autonomous vehicles and
robotics, underscores AI’s transformative potential. Integrating these sophisticated Al technologies directly
with robotic systems—especially robotic arms capable of intricate manipulation—remains a significant fron-
tier for research and education, presenting unique challenges and opportunities.

Washington University in St. Louis (WashU) offers robust foundational courses in system modeling,
robotics kinematics, and Al, including Control Systems (ESE-441), Robotics: Dynamics and Control (ESE-
446), and Natural Language Processing (CSE-527), equipping students with essential theoretical and practical
knowledge. Meanwhile, WashU provides valuable hands-on experience through courses such as Introduction
to Engineering Design (ESE-205) and Control Systems Design Laboratory (ESE-4480). These offerings
collectively enable students to build advanced, intelligent robotic systems by integrating classical methods
with emerging Al techniques.

Building on this educational foundation, our capstone project develops a modular robotic manipulation
framework that combines state-of-the-art vision-language models with classical robotics kinematics. This
intelligent platform bridges language and robotic actions. People can interact with the robot through plain
language, and the robot will perform corresponding actions. We successfully implemented this platform on
the myCobot 280 Pi, a compact and cost-friendly 6-degree-of-freedom (6-DOF) robotic arm with an onboard
Raspberry Pi and a $6 Adafruit Ultra Tiny Camera setup for visual sensing. The overarching goal is to create a
scalable and intuitive robotic manipulation system that can be operated through natural language interactions,
thereby lowering barriers for non-specialist users and enhancing educational accessibility. This project is a
pioneering idea for integrating robotics systems with emerging Al technology and can serve as a meaningful
demo for ESE-205, ESE-446, and ESE-4480 in the future.

Our project specifically aims to achieve the following objectives:

1. Prototype 0: Develop a foundational hardware and software integration enabling basic robotic ma-
nipulation tasks in a 2D environment with intuitive natural language instruction parsing.

2. Objective 1: Empower the robot assistant to interpret free-form language, respond naturally, and
execute robot actions selectively, enhancing intuitiveness and accessibility.

3. Objective 2: Develop a vision-based grasping pipeline using an image segmentation model and PCA
to accurately estimate object-centric frames, enabling stable manipulation of irregularly shaped ob-
jects.

Specifically, our system makes several novel contributions across hardware, software, and intelligent
perception:

First, we designed a compact and cost-effective hardware platform, featuring the myCobot 280 Pi
robotic arm mounted on a 3D-printed base, equipped with a $6 Adafruit Ultra Tiny camera and a parallel-jaw
gripper. This setup enables easy deployment and experimentation in constrained environments like class-
rooms or small labs.

On the software side, we developed a modular control framework built in Python 3 using ROS 2. This
architecture facilitates real-time coordination between vision, planning, and actuation modules, and is easily
extensible for future research or course integration.

For visual grounding, we implemented a 2D hand-eye calibration method using an affine transforma-
tion to accurately align camera pixels with robot-frame coordinates. This provides a lightweight yet reliable
mapping for precise manipulation.

We also enabled vision-language reasoning by integrating Qwen2.5-VL-Instruct through Aliyun APISs.
This allows the robot to interpret both visual scenes and natural language queries, returning executable com-
mands (e.g., vim_move(), vim_vqa()) and contextual dialogue.

We also introduced a robust grasping pipeline, combining EfficientSAM for segmentation and PCA-
based frame estimation to align grasps with object geometry. This supports the manipulation of irregularly
shaped objects. A FastAPI-based voice interface further enhances user accessibility, enabling hands-free,
voice-driven control without requiring any onboard audio hardware.



Finally, we developed a voice interaction module that enables hands-free control through spoken lan-
guage. A FastAPI server running on a laptop handles speech recognition and text-to-speech synthesis, com-
municating with the robot over the network. This design eliminates the need for onboard audio hardware and
provides real-time, natural interaction—significantly enhancing accessibility for users without programming
experience, including elderly or mobility-limited individuals.

Our framework has demonstrated effective and reliable performance, allowing users to intuitively in-
struct the robot through conversational and voice interactions. By leveraging speech-to-text and text-to-
speech pipelines, users without programming experience—including children, elderly individuals, or those
with limited mobility—can seamlessly perform robotic manipulation tasks using only spoken commands.
This focus on accessibility lowers traditional barriers and opens the door for broader applications in assis-
tive robotics. With further development, this prototype could serve as the foundation for affordable, voice-
controlled robotic helpers in home or healthcare settings.

At the same time, the platform is designed to be modular, affordable, and reproducible, aligning with
educational goals. Its integration of theory and practice across Al, system modeling, and robotics kinematics
provides an engaging case study for students interested in courses such as ESE-205, ESE-446, and ESE-4480.
As such, it stands not only as a technical achievement but also as an educational outcome—bridging class-
room knowledge with real-world implementation and inspiring students to explore interdisciplinary robotics
development.

2 Background

Before discussing the technical approaches in section 3, this Background section provides basic Robotic
Kinematics Definitions as well as discussions about the established works and directions in robotics
manipulation in both industry and academia.

2.1 Robotics Kinematics

Understanding the kinematics of a robotic arm is fundamental for motion planning and manipulation tasks.
The mathematical formulation of Forward Kinematics (FK) and Inverse Kinematics (IK) enables us to deter-
mine the position and orientation of the robot’s end-effector based on joint parameters. [1]

End-Effector Pose and Its Importance

A 6-degree-of-freedom (6-DOF) robotic arm consists of six revolute joints, allowing full control over the
position and orientation of the end-effector in 3D space. The end-effector (e.g., a robotic gripper or tool) is
the final link of the robotic arm that interacts with the environment. The pose of the end-effector in the base
Cartesian frame is represented as:
X= (x7y7Za 9)(7 Gya 92)
where:
* (x,y,z) defines the position of the end-effector in Cartesian space.

* (6,,06,,0;) represents the orientation of the end-effector.

These parameters fully describe the spatial configuration of the end-effector, making them critical for
tasks such as grasping, welding, painting, and assembly.

Forward and Inverse Kinematics

In robotic manipulators, Forward Kinematics (FK) and Inverse Kinematics (IK) serve complementary roles
in computing end-effector motion.



Forward Kinematics Given: Joint angles 6;,65, ..., 0. Find: The end-effector pose:

x = f(q)

where:
q=1(61,0,...,6)

FK is computed by multiplying homogeneous transformation matrices, using the Denavit-Hartenberg
(DH) convention. [1]

Inverse Kinematics Given: A desired end-effector pose (xg, 4,24, 6x, 6y, 6;). Find: The required joint
angles:

a=/"'(x)
IK is more complex than FK because it involves solving nonlinear equations, which may have multiple

or no solutions. The primary focus of this project relies on IK as we plan the end-effector position and
orientation based on the manipulation planning (pose planning) algorithm.

2.2 Current Trends in Robot Arms

Industrial Robot Arms: Applications and Limitations

Robot arms are one of the most commonly used robotic systems in industrial automation, playing a key
role in manufacturing and assembly. These robotic manipulators are designed to perform fast and repetitive
tasks like welding, material handling, painting, and assembling products in industries such as automotive
and electronics. With actuators, sensors, and pre-programmed motion trajectories, they can operate with
high accuracy and efficiency, making them essential for modern production lines. However, traditional robot
arms lack adaptability to unstructured environments as they rely on predefined motion trajectories and fixed
kinematic models [2]. Without learning-based models, they struggle with uncertainties, requiring manual
recalibration for variations in object position, shape, or external disturbances.

Learning-Based Robot Arm Manipulation and its Limitations

In academia, there is more and more attention on powering robot arms to be robust and adaptive. Deep learn-
ing has made robotic arms more adaptable and resilient, allowing them to work in dynamic environments
and handle new objects without explicit programming. However, because deep learning relies purely on data,
it has some major limitations. Unlike traditional kinematics-based control, deep learning doesn’t inherently
understand the robot’s physical constraints, such as joint limits, singularities, or workspace boundaries. This
nature implies that neural networks can sometimes generate impossible or unsafe motions, leading to failures,
instability, or risky actions, especially in high-precision fields such as surgical robotics or industrial automa-
tion. Another drawback is that deep learning models require huge, high-quality datasets to work well, and
they struggle in situations they haven’t seen before, which can cause unpredictable behavior in real-world
applications.

The Need for Hybrid Learning-Kinematics Integration

To overcome these limitations, a hybrid approach that integrates deep learning with traditional kinematics-
based models is essential. Kinematic models provide deterministic, physics-based constraints, ensuring fea-
sibility, stability, and safety, while deep learning enables adaptability and perception-driven control. This
fusion allows robotic arms to generalize across diverse conditions while maintaining accurate, physically
consistent motions.



3 Methods

3.1 System Overview

The developed system consists of a 6-DOF Elephant Robotics myCobot 280 Pi robotic arm equipped with
an Adafruit Ultra Tiny Camera for top-down image capture and an adaptive parallel-jaw gripper for object
manipulation. A Raspberry Pi serves as the onboard computer, running a modular ROS 2 (Humble) [3]
workspace in Python 3 on Ubuntu 22.04. The system communicates with an external Vision-Language Model
(Qwen2.5-VL [4]) via API calls to interpret user commands and detect objects within the captured images.
A lightweight 2D hand-eye calibration enables mapping between image pixel coordinates and the robot’s
workspace for accurate pick-and-place execution.

3.2 Devices and Materials

A 6-DOF robot arm was acquired to facilitate hands-on experimentation and benefit the academic community.

* Robot Arm: myCobot 280 PI, a 6-DOF robot arm with a Raspberry Pi 4B controller and a 280 mm
working range. More information and detailed descriptions in Appendix 9 and Figure 17.

In order to prepare the robot arm ready for operation, after long time reflection and decision making, the
following materials are prepared and installed on the robot arm as shown in Figure 1. Detailed hardware
descriptions in Appendix 9.

» Gripper: An adaptive gripper controlled with GPIO pins and installed on the end-effector of the robot
arm.

* Camera: A six-dollar Adafruit Ultra Tiny Camera. It is attached to the gripper and connected with the
Raspberry Pi controller with a USB-2.0 cable. Even if this is a low-cost camera, careful framework
design can provide a reliable performance.

* Stabilization Base: A 3D printed PLA base. After finishing the 3D printing training at WashU
Spartan Makerspace and refining the CAD design, the base was printed successfully.

e G-clamp: A G-clamp for stabilizing the 3D-printed base on table.

Adafruit Ultra Tiny Camera 3D Printed Base myCobot 280 Pi

Robot Assistant

Adaptive Gripper G-clamp

Figure 1: Devices and Materials for building the Robot Assistant. Adafruit Ultra Tiny Camera
image from [5]. Adaptive Gripper and myCobot 280 Pi images from [6].



3.3 Existing Resources and Tools

Just as Adafruit libraries in ESE-205 enable students to abstract away low-level GPIO and PWM control,
and as TurtleBot platforms allow users to issue high-level motion commands rather than directly controlling
actuators, this project builds on existing robotics software to streamline development. Specifically, we use the
pymycobot library [7] to handle motor-level control, predefined motion execution, and inverse kinematics
computations for the robot arm.

By leveraging this software interface, we avoided the need to manually derive forward or inverse kine-
matic equations or implement custom servo control. This allowed us to focus on higher-level system integra-
tion, perception, and task execution, aligning with the practical goals of building a functional and extensible
robotics framework.

3.4 Language Understanding and Environment Perception in the Task
Execution Framework

3.4.1 Motivation for Integrating Language and Vision

A key challenge in building a general-purpose robotic assistant lies in enabling both robust instruction under-
standing and flexible visual perception. Traditional approaches rely on rigid keyword extraction (e.g., regular
expressions) or domain-specific language models, which often fail on long, complex instructions. Simi-
larly, standard computer vision pipelines—though strong at object detection or segmentation—Ilack semantic
grounding and require manual post-processing to resolve spatial relationships.

For example, while a segmentation model may detect an “apple” and a “pear,” it typically lacks the ability
to reason about relational terms like “next to” or resolve ambiguous user commands such as “put the green
one near the logo.” These gaps become critical in open-world tasks that involve both language reasoning and
spatial grounding.

To address these limitations, we explored recent advances in Vision-Language Models (VLMs), which
unify instruction parsing and scene understanding into a single architecture. After surveying relevant liter-
ature in Al and robotics, we selected a VLM-based solution as the backbone of our framework—capable
of interpreting natural language prompts, reasoning over visual inputs, and generating structured plans for
manipulation tasks.

3.4.2 What are Vision-Language Models?

Vision-Language Models (VLMs) are multimodal architectures that jointly process visual and textual inputs
to generate language outputs. [8, 9] These models enable a wide range of high-level tasks such as object
recognition, image captioning, visual question answering (VQA), and grounded instruction following. Unlike
conventional vision-only models, VLMs learn to align linguistic semantics with image regions by training on
massive corpora of image-text pairs.

Formally, given a sequence of textual tokens x = (x,...,xy) and visual features v extracted from an
image, a VLM generates an output sequence y = (yi,...,yr) autoregressively. The model estimates the
conditional likelihood:

T
P(y|x,v) :HP()’t | y<i,x,v)

t=1

where y.; denotes the previously generated tokens. At each step ¢, the model outputs a probability
distribution (logits) over a vocabulary of subword tokens—such as “robot”, “the”, “move”, or punctuation
like “,”—and selects the most probable next token via an argmax operation. This formulation enables the

model to dynamically attend to both linguistic context and visual semantics during generation.

Training Phases (Background). Although we do not train any VLM s in this work, it is helpful to understand
how modern Vision-Language Models (VLMs) are constructed, which explains the capability of VLMs in
our robotics framework. Most state-of-the-art VLMs are trained through a two-stage pipeline [8]:



* QRremaimimgy The model begins with a pretrained or instruction-tuned Large Language Model (LLM)
and a Vision Encoder. A learnable projector is trained to map visual features into the LLM’s token
embedding space. The model is trained on large-scale image-text pairs using objectives such as image
captioning, masked language modeling, and contrastive alignment. This stage injects broad world
knowledge and visual grounding ability.

o (EStEuchionsmmingy The vision encoder, projector, and LLM are fine-tuned end-to-end on curated
datasets consisting of image-instruction-response triples. This enables the model to follow user in-
structions and produce structured outputs in various formats (e.g., natural dialogue, JSON commands).

System and User Prompts. Instruction-tuned VLLMs interact through a combination of:

» System Prompt: A predefined hidden text block added to the user prompt. [10] It defines the assistant’s
capabilities, tone, and response formatting. For example, it can require outputs in structured JSON
[11] and encourage the model to respond helpfully and humorously.

» User Prompt: The visible instruction provided by the user—e.g., “What’s on the table?” or “Put the
red block on the green logo.” The model interprets this instruction in light of the system prompt and
the associated visual input. [12]

These prompts work together to control model behavior. In our application, we carefully design the
system prompt to encourage the VLM to behave as a conversational and planning-capable robotic assistant.
Depending on the user prompt, the model either engages in friendly dialogue or returns structured responses
that trigger robot actions. No model retraining is required—only prompt design and downstream integration.
A detailed discussion on the infeasibility of training VLLMs and appreciation for API access is provided
in Appendix 9.

VLM Naming Conventions and Model Selection

Vision-Language Models (VLMs) are typically named using a combination of their base language model
family, modality, model size, and tuning strategy. For example, the model name Qwen2.5-VL-3B-Instruct
indicates the following: Qwen2.5 is the backbone language model, VL denotes that the model supports both
vision and language inputs, 3B refers to its size—3 billion parameters—and Instruct specifies that the
model is instruction-tuned for following user prompts. Similarly, the model used in the conversation module,
Qwen2.5-VL-32B-Instruct, follows the same convention but with a significantly larger parameter count
of 32 billion.

In this project, we selected the 3B model for the object detection pipeline due to its faster response time
and concise answers, which are ideal for quick and frequent vision queries. Conversely, we employed the
larger 32B model in the conversational interface to support richer, more engaging dialogue, and improved task
planning through its greater reasoning capacity. Detailed comparison and analysis on model behaviors are
covered in Appendix 9.

Generalization and Semantic Flexibility

Traditional object detectors like YOLO are limited to fixed label sets (e.g., car, person, bicycle), making
them less adaptable to unfamiliar or task-specific objects. In contrast, Vision-Language Models (VLMs) such
as Qwen2.5-VL-3B-Instruct enable open-vocabulary detection by grounding visual features in natural
language prompts.

In our experiments, the VLM successfully identified objects like “ear plug”, “orange”, and “plastic
block”, which lie outside typical detection datasets. It also responded accurately to semantic variations (e.g.,
“red block” vs. “plastic block”), showcasing greater flexibility and generalization than traditional models
that rely on fixed output heads.

3.4.3 Integrating Vision-Language Models into the Framework

To interpret user instructions and ground them visually in the environment, our system integrates a Vision-
Language Model (VLM) via an Application Programming Interface (API). Structured prompts—including
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a system message, user instruction, and a captured camera image—are sent from the robot to a remote in-
ference server. The server processes the input and returns both a natural language response and a set of
structured function calls for robotic execution.

We began development with the locally hosted Qwen-VL-7B [13], which proved effective for early-stage
prototyping. However, its memory demands and slower inference speeds posed challenges for real-time usage
on consumer-grade hardware. Even relatively lightweight models require tens of gigabytes of GPU memory
for smooth performance.

Training a VLM from scratch, while theoretically feasible, would involve massive multimodal datasets,
extended training cycles, and industrial-scale compute infrastructure—conditions typically beyond the scope
of capstone-focused robotic systems [14]. Instead, we focused on leveraging pretrained models through
modular APIs to deliver powerful capabilities within a lightweight ROS 2 framework.

For cloud-based deployment, we adopted the openai Python package [15] and authenticated via an API
key from Aliyun [16], enabling access to the Qwen2.5-VL [4] model family. This approach allowed us
to deploy high-capacity models such as Qwen2.5-VL-32B-Instruct, which provided robust multimodal
reasoning and response generation without requiring dedicated local hardware.

Alternative techniques like fine-tuning and Retrieval-Augmented Generation (RAG) [17] were explored
but considered unnecessary for our needs. Carefully designed prompts with few-shot in-context examples
proved sufficient to control model behavior and elicit structured responses. Detailed analysis in Appendix
9.

By combining local ROS2 nodes for perception and actuation with scalable cloud-based VLM infer-
ence, our system effectively bridges low-level control and high-level understanding—making advanced Al
accessible and deployable in real-world robotics applications. See Appendix9 for further discussion.

3.5 Prototype 0: Pick-and-place Objects via Vision Language Under-
standing

To assess the feasibility of this project, we initially tested the basic functionalities of object recognition, robot
arm movement, and pick-and-place objects in a constrained and clean environment.

3.5.1 System Description

The robot arm is fixed on one side of a table, and the only objects on the table are a small number of objects,
i.e., a pen and an orange. Once the program starts, the robot arm moves to a default position such that it is
positioned to have a top-down view of the table and the end-effector is point vertically above the table with a
height h.

At this default position, the pose of the end-effector is represented as:

Xdefault = (XO,YO»ZOa exoa eyoa 92()) = (x07y0aha 6)(()) ey()a 92()) (1)

3.5.2 2D Hand-Eye Calibration via Affine Transformation

To localize objects within the robot’s workspace, it is essential to translate 2D camera image coordinates
(x',y') into real-world robot end-effector coordinates (x,y). Initially, we implemented a simple linear inter-
polation method based on two manually labeled calibration points. While this provided coarse estimation, it
could not account for image distortion, rotation, or non-uniform scaling, and proved insufficient for precise
manipulation.

To overcome this, we reformulated the problem as a 2D affine transformation [18] from camera to robot
coordinates. The mapping is expressed as:

X a bl X ty
|:y:| robot B |:C d:| |:y/:| camera - |:t-":| @

or equivalently, in homogeneous coordinates:
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During calibration, the robot end-effector moves in a plane parallel to the workspace at a fixed height
z = h, with a constant orientation (ry,ry,r;) = (rx0,7y0,7:0). We manually guide the end-effector to rest
precisely above three known points (e.g., paper corners) visible in the image and record both the image
coordinates (x},y}) and the corresponding robot positions (x;,;).
From these three correspondences, we derive the following linear system:

M-u=y
where:

Xy, 1 0 0 O a x|

X, o 1 0 0 O b x
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This system can be solved using least squares:
u = argmin |[Mu —y||3
u

Once solved, the resulting affine transformation matrix A € R?*3 is used to map any new image coordi-
nate to the robot frame:

Y
Rt
y robot 1

camera

This calibration process substantially improved localization accuracy and enabled robust visual ground-
ing for 2D pick-and-place operations.

3.5.3 Object Recognition via Vision-Language Prompting

After the 2D hand-eye calibration step, the next challenge is identifying where to pick and place the objects.
A key capability of Vision-Language Models (VLMs) is their ability to detect and describe objects in images
through natural language interaction. We first tested this by prompting the model informally without a pre-
defined system prompt. For example, given a user query such as "Where is the orange?”, the VLM could
return the coordinates of the detected orange object within the image. A sample result is shown in Figure 2.

In object detection, the output bounding box is typically represented by two corners: (Xmin, Ymin) refers
to the top-left of the box, and (Xmax,Ymax) refers to the bottom-right. In camera coordinate space, the origin
(0,0) is at the top-left corner of the image, with x increasing to the right and y increasing downward. These
coordinates are used to calculate the center of the bounding box, which is treated as the grasp or place location
in pixel space.

To support more complex tasks like pick-and-place, we extended this setup by designing a system prompt
that enables the VLM to detect both the starting and target objects from a single instruction. This structured
prompt improves response consistency and allows the model to return JSON-formatted bounding boxes for
both objects simultaneously. For instance, when given the instruction ”Put the ear plug on the dog”, the
VLM returns the bounding boxes for both the “ear plug” and the “dog.”

The following SYSTEM_PROMPT was used:



/ \ (0,0) x+

User: What items are
present on the table?

Qwen-VL: The items on
the table are: 1. A black
pen 2. An orange fruit

User: Where is the
orange? Draw a box
around it.

Qwen-VL: The orange
(586, 298), (754, 516)

o /

Figure 2: Object recognition through a conversation with Qwen-VL. The user asks “Where is the
orange?” and the model returns the top-left and bottom-right pixel coordinates of the bounding
box. The image coordinate origin is at the top-left; values increase rightward and downward. (This
example was captured using an iPhone prior to integrating the Adafruit Tiny Camera.)

Listing 1: System Prompt used to control the conversational behavior of the robot assistant.

SYSTEM_PROMPT = ’’°

You will receive an instruction intended for a robotic arm. Your task is to extract
the starting object and the destination object from the given instruction, identify
their respective top-left and bottom-right pixel coordinates within the provided
image, and return the data in JSON format.

For example, if the instruction is: "Please place the red block on the house sketch
n

You should return the following JSON structure:

{
"start": "red block",
"start_coordinates": [[xmin, ymin, xmax, ymax]],
"end": "green block",
"end_coordinates": [[xmin, ymin, xmax, ymax]],
}

Ensure that your response contains only the JSON output, without any additional text

Instruction:
)2

This prompt-based interaction turns the VLM into an instruction-aware object detector. Given an image
and natural-language instruction, the model outputs structured spatial data that identifies both source and
destination objects. These bounding boxes are then passed through the affine transformation described earlier
to map pixel-space centers into robot-frame coordinates for execution.

3.5.4 Execute Planned Motion via ROS 2 Pipeline

The execution pipeline for Prototype 0 is implemented using a modular ROS 2 architecture comprising four
main nodes: main node, camera node, vlm detection node, and execution node. Figure 3 illustrates
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the full data flow.

camera_node

Publisher o

vim_detection_node

Service

Publisher
Server

Service

Request

Response

execution_node

Publisher

Figure 3: ROS 2-based pipeline of Prototype 0 for detecting and grasping the tar-
get object. main node requests object detection service from vlm detection_node,
which is actively listening for images published by the camera node. After receiving
VLM outputs, vim detection node publishes the coordinates, which is listened by the
execution node. execution node controls robot motion and publish a success message back
to vim_detection_node after execution.

The camera_node continuously captures and publishes images from the Adafruit Ultra Tiny Camera at
a fixed frequency (e.g., 1 Hz). These images are subscribed to by the vlm_detection_node, which performs
visual inference when triggered.

The main_node listens for user instructions via keyboard and acts as the central controller. Upon receiv-
ing a new instruction (e.g., “place the orange on the box”), it sends a request to the vim detection_node.
That node, which remains idle until called, then processes the latest image using Qwen2.5-VL and parses
object locations according to the defined system prompt. It extracts bounding boxes for both the source and
destination objects and publishes them using a custom message type:

robot_interfaces/msg/0bjectDetection.msg

string start_object string end_object
int16 start_xmin int16 end_xmin
intl6 start_ymin int16 end_ymin
int16 start_xmax int16 end_xmax
intl1l6 start_ymax int16 end_ymax

This message format is optimized for speed by using int16 fields, which are sufficient given the small
working range of the robot. The message is then forwarded to the execution_node, which uses the center of
the start bounding box as the target location. These pixel coordinates are mapped into robot frame coordinates
via the calibrated affine transformation.

The final end-effector pose is defined as:

Xstart = (xstartaystarh 20— h, exoa eyoa ezo) “)
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Xtarget = (xtarget>Ytarget>ZO —h, 6)(()7 6y07 ezo) %)

Using inverse kinematics provided by the pymycobot API, the robot moves above the object / lower
than the default zy height, lowers in the —z direction toward zo — & to account for object height, and actuates
the gripper to complete the grasp. After grasping, the robot arm returns to the default zy plane, moves to the
target coordinates, and lowers towards zg — & to complete the placement. Once execution is complete, the
execution_node sends a completion acknowledgment using another custom message:

robot_interfaces/msg/ExecutionComplete.msg

This enables the vim_detection_node to verify that the action has finished before proceeding with
additional commands or feedback loops. This modular design allows easy integration of additional feedback
control or sequential task chaining in future versions.

3.5.5 Evaluation Metric: Pick-and-Place Accuracy

To evaluate the precision of pick-and-place operations, we define a simple but effective metric: the Euclidean
distance between the predicted placement location (where the object is supposed to be) and the actual final
position of the object in the image after execution.

Given the bounding boxes returned by the Vision-Language Model for both the source and destination
objects, we compute the center point of each box using:

(xm)’c) _ (xmin‘iz‘xmax’Ymin";ymax> (6)

Then, the distance between two objects in pixel space is calculated as:

D=1/(m1 =0+ (1 - )2 ™)

This computation is implemented in the ROS 2 workspace and is automatically triggered after each
manipulation task.

To report results in physical units, the distance in pixels is converted to centimeters using a scaling
factor derived from 2D hand-eye calibration. Based on known dimensions (e.g., A4 paper), we empirically
determine a pixel-to-centimeter ratio:

__ real-world length (cm) ®)
~ pixel length (px)

Thus, the final error in centimeters is:

Dy = a‘Dpx (9)

This metric enables quantitative comparison across multiple trials and provides an interpretable sense of
physical accuracy. Detailed trial results are reported in Section 4.

3.5.6 Execution Feedback and Retry Logic

To improve reliability in pick-and-place operations, we implemented a feedback loop within the vim detection_node.
After each execution cycle, the system captures a new image of the workspace and re-evaluates whether the
start object has been successfully placed within the bounding box of the target object. This logic is critical
for correcting minor errors due to visual drift, robot uncertainty, or slippage during execution.
The verification process works as follows:

1. After execution, the execution node publishes an ExecutionComplete message to indicate that
motion has finished.
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2. The vlm_detection _node, upon receiving this message, retrieves the most recent image and re-runs
the object detection.

3. It computes the center of the placed object’s bounding box and checks whether it falls within the target
bounding box using a utility function is_successful _placement ().

4. 1If successful, the task is marked complete.

5. If unsuccessful, the system retries up to max_retries times. On each retry, the object detection is
repeated and a new pick-and-place command is issued.

The retry count and success condition are managed entirely in the vim_detection_node. The parameter
max_retries can be configured based on task tolerance and application demands.

This feedback-driven approach not only improves task completion success rate but also enables au-
tonomous correction without requiring external human monitoring. It is especially valuable in low-cost
vision-based control setups where small deviations in object location may be common.

Start Detection

Execute Pick-and-Place

Retry Pick-and-Place Capture Image + Verify Task Complete

Success?

Figure 4: Feedback loop for verifying successful placement and retrying if needed.

3.5.7 Motion Repeatability Test

In the early stages of this project, we observed notable discrepancies between the target and actual positions
of the robot end-effector during pick-and-place execution. These inaccuracies prompted us to investigate two
possible sources of error: (1) pixel-to-world coordinate calibration and (2) the mechanical repeatability of
the robot arm. While calibration improvements are discussed in an earlier section, this subsection focuses on
evaluating the robot’s intrinsic motion repeatability.

To assess the system’s baseline precision, we conducted a controlled test using a printed checkerboard
pattern affixed to the workspace. The procedure was as follows:

1. Move the robot to a known “default pose” above the checkerboard and capture an image using the
onboard camera.

2. Randomly move the robot to a different position in the workspace.
3. Command the robot to return to the original pose and capture a second image.

4. Repeat the process for ten trials to evaluate consistency.
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Each pair of before-and-after images was processed using the Harris Corner Detector [19] to extract
a fixed set of keypoints (e.g., checkerboard corners). We then computed the Euclidean distance between
corresponding keypoints across trials to quantify the deviation introduced during motion. This image-based
method provides a non-contact, high-resolution evaluation of the arm’s ability to return to the same physical
location—ensuring the underlying hardware is stable enough for high-level planning tasks.

3.6 Objective 1: Empowering Natural Conversation

Objective 1 expands the framework from a direct command-execution system to a conversational assistant
capable of understanding free-form language, responding naturally, and invoking robot actions only when
appropriate. This conversational interface makes the robot more intuitive and accessible, especially for non-
expert users. It also lays the groundwork for scalable, multimodal control through language and vision.

3.6.1 Vision-Language Planning via Structured Dialogue

At the core of this objective is a new planning interface that allows users to interact with the robot using
free-form natural language—not only to issue commands, but also to chat, ask questions, or chain multiple
tasks in one input. Instead of directly executing every user instruction, the Vision-Language Model (VLM)
is designed to interpret the intent, generate a structured action plan, and decide whether to trigger physical
motion based on content.

The interaction is mediated through a structured JSON format [11] returned by the VLM for every user
1nput:

{
"function": ["functionl(arguments)", "function2(...)"],
"response": "your short, funny or helpful reply (max 20 words)"

}

This dual-field output serves two purposes:

» function: A list of robot functions to execute, based on the user’s instruction. If no action is needed,
this list is left empty.

* response: A natural, human-friendly reply used for conversation and clarification.
Two core function types are supported in this framework:

* vlm move("instruction"): This function triggers a manipulation task such as object relocation.
The argument is a free-form instruction that describes the intended motion, e.g., vlm_move ("Put the
red block on the green logo"). The system parses this to determine the source and destination
objects as well as their coordinates, and controls the robot arm to pick and place corresponding objects.

* vlm vga("question"): This function enables visual question answering. It allows the user to query
the current visual scene—e.g., vlm_vqa ("How many objects are on the table?")—and prompts
the VLM to generate a semantic interpretation of the image.

This structured dialogue mechanism ensures that the robot responds appropriately and safely—executing
physical actions only when explicitly required, and providing helpful or humorous replies otherwise. It also
separates declarative understanding (via response) from imperative actions (via function), allowing the
same interface to support casual conversation, visual reasoning, and multi-step robotic planning.

By encapsulating robot control as language-driven function calls, this system transforms the robot from a
scripted executor into a conversational assistant—capable of dynamic, multimodal task coordination through
flexible user input.
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3.6.2 System Prompt as an Interface Specification

To define the behavior of the conversational robotic assistant, we employ a structured system prompt that
serves as an interface contract between the user and the Vision-Language Model. This prompt outlines
the assistant’s identity, capabilities, expected output format, and task-specific instructions—all in natural
language. It also provides in-context examples that demonstrate how to interpret user input and generate
well-structured action plans.

The SYSTEM_PROMPT provides role context (“You are my robotic arm assistant...””), defines task-specific
expectations, and includes several annotated examples to demonstrate the expected input-output structure.
These examples illustrate how the model should respond to both casual dialogue and robot-related instruc-
tions.

This approach uses:

* In-context learning [20]: The model learns task behavior by observing patterns in the examples
during inference time—no fine-tuning or gradient updates are needed.

* Few-shot prompting [21]: We provide 5-6 examples directly in the system prompt to teach the model
how to structure JSON responses.

* Function planning logic: The model is instructed to include robot action calls (e.g., vlm_move(. . .))
only when physical manipulation is required.

Below is the actual system prompt used in the current implementation. It combines language-based
behavior specification with embedded few-shot demonstrations to instruct the model on how to distinguish
between casual conversation and executable robotic tasks:

Listing 2: System Prompt used to control the conversational behavior of the robot assistant.

SYSTEM_PROMPT = ’°°

You are my robotic arm assistant. You have eyes (a camera) and hands (a robot arm).
You can chat naturally with me like a smart and funny friend, and you can also
understand and execute my commands to move objects.

# Abilities

You can:

1. Respond naturally and casually to my questions and comments.

2. Understand commands like "Please put the red block on the blue box."

3. If a command involves physical interaction, return a JSON object describing the
function(s) to run and your short response to me.

# Built-in Functions

- vlm_move ("Analyze the image and move [object A] to [object BI")

- vlm_vqa("Analyze the image and answer a question, e.g., ’How many blocks are on
the table?’)

# Output Format
For each user input, respond **only** with a JSON object, and **nothing else*x.
Use this structure:
{
"function": ["functionl (arguments)", "function2(...)"],
"response": "your short, funny or helpful reply (max 20 words)"

}

# Instructions

- If the user input is casual chat (no command), return just a response with an
empty function list.

- If the input includes a clear pick-and-place instruction, use ‘vlim_move(...)‘ and
include the key info as its argument.

- Feel free to include jokes, memes, or references

- DO NOT wrap your response in ’’’json - just return the JSON object directly.

# Examples

User: Hello there
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Output: {"function": [], "response": "Hey there! Always ready to lend a robotic hand

.ll}

User: What have you been up to?
OQutput: {"function": [], "response": "Just waiting for you to send me more blocks to
move ! "}

User: Please place the red block on the blue box
OQutput: {"function": ["vlm_move(’Place the red block on the blue box’)"], "response
": "Red block incoming! Air-drop onto the blue box!"}

User: Can you check what’s on the table?
Output: {"function": ["vlm_vqa(’Please check what objects are on the table’)"],
response": "Hold on, opening my eyes wide!"}

User: I had such a productive day!

Output: {"function": [], "response": "You’re on fire! Block master level unlocked."}
# Example
User: Put the ear plug on the dog and put the red block on the green logo
OQutput: {
"function": [

"vlim_move (’Put the ear plug on the dog’)",
"vim_move (’Put the red block on the green logo’)"
1,
"response": "Roger that! Ear plug on the dog, red block incoming!"

}

# The next user message is:
200

3.6.3 ROS 2 Integration and Modular Node Design

The conversational interface is implemented within the ROS 2 architecture that connects high-level language
understanding to low-level robot control. The conversation_node replaces the earlier main _node, handling
user input and querying the Vision-Language Model (VLM). The model returns a JSON object with two
fields: function (a list of action calls) and response (a user-facing reply).

If the function list contains actions like vim_move (. . .), the node invokes a service in vlm_detection_node,
which handles image processing and object localization. The resulting target coordinates are published via a
custom ObjectDetection message, triggering movement in the execution_node.

3.6.4 Voice Interaction for Accessible Control

To enhance accessibility, especially for non-expert users or individuals with mobility impairments, we added a
voice interface that supports both speech input and spoken output. This module implemented in conversation _node
allows users to interact with the robot entirely through natural conversation, without the need to type or use
physical interfaces.

The voice interaction is implemented using two open-source Python libraries:

* Speech-to-Text (STT): The speech_recognition package [22] captures and transcribes user speech
into text using a local microphone.

* Text-to-Speech (TTS): The pyttsx3 library [23] converts text responses from the robot into natural-
sounding speech, played back via speakers.

Both STT and TTS are hosted on the developer’s laptop via a lightweight FastAPI server. The Raspberry
Pi running ROS 2 sends user prompts to the server and receives spoken replies, allowing the robot to converse
fluidly without requiring onboard microphones or speakers. This design provides real-time responsiveness,
supports multilingual voice libraries, and avoids additional hardware costs—making it suitable for inclusive
deployments in education or assistive robotics.
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Figure 5: ROS 2-based pipeline of Objective 1 for translating languages to robot actions.
This pipeline works similarly as ROS2-based pipeline in Prototype 0. In this pipeline,
conversation node serves as the conversation interface for communicating with user through
keyboard or voice input. It listens to image published by the camera node and can respond to
visual language questions and request vlm_detection_node service when necessary.

3.7 Objective 2: 2D Frame Prediction for Non-Uniform Objects

While bounding box centers are sufficient for grasping uniform objects, they often fail for non-uniform shapes
like brushes, tools, or bottles, where stable grasping requires orientation-aware alignment. Objective 2 intro-
duces a vision-based method to estimate a local 2D Cartesian frame for each object, enabling geometry-aware
manipulation.

Before arriving at the final approach, several alternatives were explored. The initial plan involved training
a custom computer vision model to predict object-centric frames directly from RGB images. Using the Grasp
Anything dataset [24], over 1 million annotated images were processed. Each image contained multiple
labeled grasp rectangles with associated confidence scores; only the most confident grasp was retained. These
grasp rectangles—originally defined by center coordinates, width, length, and angle—were converted into a
frame representation using three point pairs: the center, x-axis endpoint, and y-axis endpoint, an example
shown in Figure 6.

Multiple architectures were tested. A lightweight Convolution Neural Network (CNN) [25, 26] trained
with mean squared error proved slow to converge and failed to generalize. A follow-up attempt using a
frozen ResNet-18 backbone [27] with a custom output head also performed poorly, likely due to ResNet’s
semantic focus rather than geometric structure prediction. Figure 6 (right) illustrates a typical weak predic-
tion from this setup. We then explored modifying the output head of the Segment Anything Model (SAM)
[28], an image segmentation model with strong semantics understanding and spatial reasoning capability, to
predict confidence maps over frame axes. However, the model required extensive training time, failed to
converge under resource-limited conditions, and lacked robustness on small datasets. These experiments re-
vealed the limitations of end-to-end learning in this context and motivated a pivot toward a simpler and more
interpretable solution.

The final pipeline builds on the output of the Vision-Language Model (VLM), which provides bounding
boxes of the source and target objects. These bounding boxes are used to prompt a segmentation model
(EfficientSAM [29]), which is hosted on an external laptop and accessed via FastAPI by the Raspberry Pi
controller. The segmentation model returns a binary mask isolating the object, which is then processed using
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Predicted Frame

Figure 6: Left: Processed frame label for a Grasp Anything image, converted from rectangle format.
Right: Weak frame prediction from a ResNet-18 model fine-tuned for frame regression.

Principal Component Analysis (PCA) to extract the dominant geometric axes of the object.
This predicted 2D frame is used to compute the orientation of the robot’s gripper, aligning it with the
principal direction of the object for more stable grasping.

3.7.1 2D Frame Estimation Using PCA
Given a binary segmentation mask, foreground pixel coordinates are extracted:
X = {(xi,yi) | mask(x;, y;) > 0}

Step 1: Compute the Center of Mass

Step 2: Compute the Covariance Matrix

Step 3: Extract PCA Axes
PCA(X) = eigenvectors(X) = [X,Y]

Here, X and Y are the orthogonal principal directions, and p represents the grasp center.

3.7.2 Gripper Pose Construction from the Predicted Frame

The predicted frame is used to align the gripper’s orientation with the object’s shape:

 Origin: p,,5,; — oObject’s center of mass
o X-axis: X5, — grasp alignment direction
* Y-axis: Y5, — orthogonal axis
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The resulting 3D homogeneous transformation matrix used for motion planning is:

X, Yo 0
. % b U
EIPPELH0 0 1 A

0 0 0 1

Here, 4 is the fixed height of the gripper above the surface during planar grasping. This transformation
defines both the target position and orientation of the robot’s end-effector for stable and geometry-aware
manipulation. In the current 2D experiment, the orientation angle of the principal component is utilized for
adjusting the gripper alignment.

4 Results
4.1 2D Hand-Eye Calibration: Visual Validation

To enable image-to-robot coordinate mapping, we implemented a 2D hand-eye calibration using OpenCV
[30]. Three calibration points were manually labeled in a test image captured from the Adafruit Ultra Tiny
Camera and matched with the robot-frame coordinates collected. An affine transformation matrix was com-
puted using cv2.getAffineTransform():

M = cv2.getAffineTransform(pts_image, pts_robot)

We validated the mapping by clicking on random image points and commanding the robot to move to the
predicted locations. The end-effector consistently landed within 0—0.3 cm of the target, with smaller errors
near the image center. Compared to an earlier linear interpolation approach (1-3 cm error), the affine method
provided reliable positioning for downstream manipulation tasks and was integrated into the final ROS 2
system.

4.2 Repeatability of Robot Arm Positioning

Our repeatability test revealed that the robot arm consistently returned to the same pose with minimal varia-
tion. Across 10 trials, the Harris Corner Detector extracted 12 consistent feature points per image as shown in
Figure 7. As shown in Table 1, the majority of keypoints showed less than 5-pixel standard deviation, with all
variations falling below 14 pixels. For the experiment setup, 1 pixel ~ 0.0189 cm. The variation corresponds
to a spatial error of approximately 1-2 mm in the workspace, confirming reliable mechanical precision.

Combined with affine-based hand-eye calibration, this result provided a stable foundation for the sys-
tem’s grasp planning and visual alignment tasks.

4.3 Prototype 0: Node Communication and Functionality

To validate the baseline system integration, four ROS 2 nodes were developed and launched in sequence.
Each node was tested for correct communication, service behavior, and functional responsibilities within the
pick-and-place pipeline.

1. camera_node

This node captures real-time images using the Adafruit Ultra Tiny Camera and publishes them to the
/camera/image topic at a 2-second interval as shown in Figure 8. Upon startup, the terminal confirms
successful initialization and camera access:

[INFO] [camera_node]: Camera node started. Streaming images
[INFO] [camera_node]: Image published.
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Index MeanX MeanY StdX StdY MinX MinY MaxX MaxY RangeX RangeX (cm) RangeY RangeY (cm)

0 461.5 478.0 2.9 0.0 4560 478.0 4650 478.0 9.0 0.17 0.0 0.00
1 457.7 1.0 4.6 0.0 449.0 1.0 463.0 1.0 14.0 0.26 0.0 0.00
2 462.9 3254 39 22 4570 3220 467.0 329.0 10.0 0.19 7.0 0.13
3 199.8 1.0 4.1 0.0 192.0 1.0 204.0 1.0 12.0 0.23 0.0 0.00
4 462.1 69.0 4.3 29 4540 65.0 467.0 74.0 13.0 0.25 9.0 0.17
5 198.1 478.0 2.8 0.0 193.0 478.0 201.0 478.0 8.0 0.15 0.0 0.00
6 638.0 325.0 0.0 27 638.0 322.0 638.0 330.0 0.0 0.00 8.0 0.15
7 199.2 327.1 33 29 1940 3220 203.0 331.0 9.0 0.17 9.0 0.17
8 198.4 67.0 3.9 33  193.0 63.0 204.0 73.0 11.0 0.21 10.0 0.19
9 638.0 68.1 0.0 29 638.0 65.0 638.0 73.0 0.0 0.00 8.0 0.15
10 1.0 68.9 0.0 3.5 1.0 63.0 1.0 75.0 0.0 0.00 12.0 0.23
11 1.0 328.0 0.0 33 1.0 323.0 1.0 334.0 0.0 0.00 11.0 0.21

Table 1: Statistics for each point captured by Harris Corner Detector: mean, standard deviation,
min, max, and range for X and Y camera coordinates. There are 12 feature points detected indexed
from O to 11. The Adafruit Ultra Tiny Camera has a resolution of 640x480 pixels.
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Figure 7: The captured key points of the checkerboard from the Harris Corner Detector. Ten trials
are recorded and utilized for evaluating the repeatability of robot arm positioning. There are 12 key
points detected from the checkerboard in the field of view of the Adafruit Ultra Tiny Camera.
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Figure 8: Left: The terminal running camera_node keeps publishing image. Right: The video stream
shows the view of the Adafruit Ultra Tiny Camera in real time.
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2. main_node
The main_node listens to user input and sends prompt strings to the vim_detection_node using a ROS
2 service call as shown in Figure 9. It waits for service availability and logs each prompt request:

[INFO] [main_node]: Waiting for detection service
[INFO] [main_node]: Sending detection request: "Put the red block on the dog."

INFO] [1

[
[
[
[
[
[
[

INFO] [1

Figure 9: Right: User types commands in main_node. Left: vim_detection_node is listening for
images continuously. It is requested for object detection by main_node to move ear plug” to ’dog”.

3. vim_detection_node

This node subscribes to /camera/image, extracts pixel coordinates using the VLM API, and publishes
detected bounding boxes as a ObjectDetection message. It also listens for robot execution completion to
verify task success and trigger retry logic:

[INFO] [vlim_detection_node]: Object Detection Node started and subscribed to /camera/image
[INFO] [vlm_detection_node]: Received image: 640x480, Channels: 3

[INFO] [vlm_detection_node]: Placement unsuccessful, retrying

[INFO] [vlm_detection_node]: Placement successful!

An example of receiving the request for “put the ear plug on the dog” is shown in Figure 10. The vlm_detection_node
prints the detection results in the terminal, and the bounding boxes are visualized in an image.

4. execution_node
After receiving a detection message, the execution_node performs the grasp-and-place motion using
inverse kinematics and sends a confirmation upon task completion:

[INFO] [execution_node]: Execution node initialized and listening for detected objects.
[INFO] [execution_node]: From red block -> dog

[INFO] [execution_node]: Pick-and-place operation complete.

[INFO] [execution_node]: Robot execution complete message published.

This modular test confirms that all four ROS 2 nodes can communicate reliably across topics and services, and
that visual perception and physical manipulation are correctly connected. Each module behaves predictably,
laying a robust foundation for expanded logic in subsequent objectives.
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9751] [vlm_detection_node]: Received image:
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Figure 10: Right: vim_detection_node receives a request to detect objects and returns the outputs in
JSON format as shown in the terminal. Left: an image with the detected bounding box shown on
the desktop. It helps the user to check whether the object detection is accurate.

4.4 Evaluation of Pick-and-Place Accuracy

To assess the precision of our vision-based control system, we conducted 16 trials in which the robot was
instructed to place a small object (ear plug) on various target landmarks (e.g., dog, green cross, moon). For
each trial, the robot arm executed the task based on bounding box detections from a vision-language model
and refined placement through a feedback loop if necessary.

The primary metric for evaluating success was the Euclidean distance between the detected center of the
placed object and the center of the target bounding box. Each detection was reported in pixel coordinates and
converted to centimeters using a calibrated linear mapping:

1 pixel ~ 0.0189 cm

The robot performs placement up to three times if the initial placement was inaccurate. The system
reported a placement as successful when the object’s center fell within the target bounding box, with re-
tries improving precision as needed. While the pick-and-place typically succeeds qualitatively, users can
customize their success criteria in the framework.

Table 2 summarizes the outcome of each trial. The feedback mechanism was especially beneficial,
reducing placement errors to as low as 0 pixels (= 0 cm) in some trials. First attempts generally resulted
in distances ranging from 36.59 to 60.42 pixels (= 0.69 cm to 1.14 cm), demonstrating the potential and
limitations of VLM-based detection under real-time robotic control.

Importantly, most failed trials stemmed not from mechanical inaccuracies but from perception errors
during the feedback loop. After the object had been correctly placed, subsequent image frames occasionally
failed to identify the target object. This was often due to overlapping—for instance, the ear plug (being
larger) would block the moon, making it no longer visible. In these cases, the VLM sometimes hallucinated
a similar object—Ilike a yellow smiley face—as the moon, likely due to similarities in color and shape.

These failure cases highlight the limitations of semantic-only perception in robotic systems. They under-
score the need for additional sensing or better temporal integration of object context over time. More broadly,
this emphasizes the importance of building robust, multimodal systems when deploying vision-based control
in real-world environments.
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Trial Start Object Start Coords (px) End Object End Coords (px) Pixel Distance Error (cm) # of Tries

1 ear plug (164, 242) dog 461, 111) 47.13 0.89 2
2 ear plug (261, 129) dog (453, 124) 58.54 1.11 2
3 ear plug (127, 142) dog (439, 114) Fail Fail 3
4 ear plug (268, 347) dog (440, 103) 37.73 0.71 3
5 ear plug (438, 332) dog (428, 138) 57.24 1.08 2
6 ear plug (362, 152) dog (526, 154) 4.74 0.09 2
7 ear plug (479, 224) green Cross (297, 297) 0 0.00 2
8 ear plug (568, 322) green cross (302, 298) Fail Fail 3
9 ear plug (362, 153) green cross (317, 290) 32.75 0.62 1
10 ear plug (372, 224) green Cross (245, 216) 0 0.00 2
11 ear plug (263, 101) green cross (225, 233) 0 0.00 2
12 ear plug (181, 257) moon (443, 245) Success Success 1
13 ear plug (240, 273) moon (479, 275) 38.20 0.72 3
14 ear plug (207, 229) moon (446, 241) Success Success 1
15 ear plug (369, 136) moon (426, 269) Success Success 1
16 ear plug (207, 318) moon (319, 257) Success Success 1

Table 2: Summary of pick-and-place trials showing the detected start and end positions (in pixel
coordinates), the pixel distance moved by the object, and the estimated error in centimeters after
vision-guided correction. Trials marked as ”Success” indicate correct placement in a single trial but
fail when checking their distances (i.e when the ear plug hides the moon from the camera view.)

4.5 Objective 1: Natural Conversation and Robotic Planning via Sys-
tem Prompts

As introduced in Section 3.6, the behavior of the conversational robot is shaped by a carefully crafted system
prompt. This prompt establishes the tone, enforces structured output, and enables dynamic function planning
by the Vision-Language Model (VLM). The model returns a JSON object containing:

» function — a list of robot functions to execute (e.g., vim_move (), vlm_vga()).
* response — a short, friendly message for user interaction.

The Table 3 below showcases how the prompt allows the robot to alternate between casual conversation
and multimodal task execution. Each output reflects both natural response generation and function-level
reasoning.

These examples confirm that the VLM can fluently respond to diverse instructions while invoking appro-
priate robotic actions. This conversational interface enhances usability and highlights the role of structured
prompts in enabling multimodal reasoning within our ROS 2 pipeline.

Crucially, the generated functions are dispatched and executed in sequence within our ROS 2-
based architecture, enabling modular and asynchronous integration of perception, planning, and con-
trol—described in the next subsection.

4.6 VLM-Powered Interaction via conversation node in ROS 2

The conversation_node serves as the central interface for natural interaction in our ROS 2 framework
(Figure 5). Replacing the original main node, it handles text or voice inputs, queries the Vision-Language
Model (Qwen2.5-VL-32B-Instruct), and dispatches function calls and spoken responses accordingly.

The node subscribes to images from camera_node and receives user prompts via keyboard or voice API
on the laptop. It then sends the prompt and image to the VLM, which returns a structured JSON response. If
the response includes vlm_move, the node calls a ROS 2 service in vlm_detection node for object detection
and motion planning. If vlm_vqa is present, it queries a FastAPI endpoint to analyze the image and returns
an answer, which is spoken aloud via a remote Text-to-Speech (TTS) server.
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Interaction Type User Input VLM Output

Friendly Greeting "How are you today?" {"function": [], "respomse": "I’m
just a robot, but I’m here and
ready to help!"}

General Knowledge | "What is Linear {"function": [], "response":
Query Algebra?" "Linear algebra is like the math
of organizing things in rows and
columns, like a spreadsheet."}

Multi-step Robotic | "Put the pen on the {"function": [
Plan orange and the orange "vlm move (’Put the pen on the
on the pen." orange’)",
"vlm_move (’Put the orange on the
pen’)"],
"response": "Sure thing! Pen

meets orange, then orange meets
penllike a fruit-and-stationery

dance!"}
Visual Q&A with | "Can you tell me what | {"function": [
Action drink is in the cup "vlm vqa(’What drink is in the
and put a sugar cube cup?’)",
in it?" "vlm_move (’Put a sugar cube into
the cup’)"],
"response": "Sure thing! Let me

check what’s in that cozy mug and
sweeten it up for you!"}

Table 3: Representative VLM outputs demonstrating natural dialogue and structured planning via
vlm move () and vlm vqa() function calls.

This modular interaction allows the robot to dynamically alternate between conversation and execution,
coordinating high-level planning with low-level ROS 2 control.

Example ROS 2 logs during an interaction:

[INFO] [conversation_node]: Conversation node ready:

[INFO] [conversation_node]: Waiting for first image...

[INFO] [conversation_node]: First image received

[INFO] [conversation_node]: Requesting voice input from laptop...

[INFO] [conversation_node]: Voice input: "Put the red block on the green logo"
[INFO] [conversation_node]: vlm_move completed.

4.7 Grasp Frame Orientation Estimation via EfficientSAM and PCA

To enable orientation-aware manipulation of non-uniform objects, we evaluated the pipeline’s ability to ex-
tract local 2D frames from segmented masks. When a detected object’s bounding box exceeded 200 pixels
in width or height, the vlm_detection node triggered a remote API call to EfficientSAM for pixel-level
segmentation. The resulting mask was processed using PCA to extract the object’s principal axis and center
of mass.

Figure 12 shows an example: bounding boxes from the VLM were refined into binary masks, and PCA
produced two orthogonal axes visualized as red (X) and green (Y) lines over the object. The X-axis orientation
angle 6 was computed from the first principal component and published in the ObjectDetection message
as rotation_angle_start and rotation_angle_end.
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moon drawing. It a

ke, I can help

(a) Qwen2.5-VL-3B-Instruct: fast but concise. (b) Qwen2.5-VL-32B-Instruct: slower but more in-
formative.

Figure 11: Comparison of responses between 3B and 32B Qwen models.

The estimated orientation angle was used to align the robot’s gripper with the object’s principal axis,
improving grasp stability for non-uniform shapes. The full pipeline ran in real time, with segmentation and
PCA offloaded to a laptop server, while perception and actuation remained on the Raspberry Pi.

Additional qualitative results of 2D frame labeling tested on the Cornell Grasp Dataset [31] are presented
in Appendix 9.

EfficientSAM (VIT-tiny) Red=X, Green=Y, 0=59.42°

1200

Figure 12: Left: VLM-generated bounding box. Center: segmentation mask from EfficientSAM.
Right: 2D frame overlaid using PCA. Red = X-axis (first principal component), Green = Y-axis
(second component), 8 = 59.42°

4.8 External API Server Deployment for Perception and Voice Mod-
ules

To enable lightweight real-time execution on the Raspberry Pi without compromising performance, two ex-
ternal FastAPI servers were deployed on a local laptop: one for image segmentation (EfficientSAM) and one
for speech-based interaction. These servers allowed compute-intensive or I/O-heavy modules to run remotely
while maintaining modular ROS 2 integration.

EfficientSAM Server for Object Segmentation

The segmentation server hosted EfficientSAM and was launched using:

uvicorn fastapi_grasp_server:app -—-host 0.0.0.0 --port 8001

Once running, the server handled segmentation requests sent from the Raspberry Pi when large object
bounding boxes were detected. Each request triggered a ‘/process‘ endpoint, and successful segmentation
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results were confirmed with HTTP 200 responses. Figure 13 shows the running server with POST request
logs confirming real-time interaction.

(venv_cse559) (base) yuzihao®Zihaos—Air EfficientSAM % uvicorn fastapi_grasp_server:app
--host 0.0.8.0 ——port 8001
/Users/yuzihao/Desktop/ESE-498/EfficientSAM/efficient_sam/efficient_sam.py:383: FutureWa
rning: You are using ‘torch.load’ with “weights_only=False’ (the current default value), |
which uses the default pickle module implicitly. It is possible to construct malicious
pickle data which will execute arbitrary code during unpickling (See https://github.com/
pytorch/pytorch/blob/main/SECURITY.md#untrusted-models for more details). In a future re
lease, the default value for ‘weights_only® will be flipped to "True'. This limits the f
unctions that could be executed during unpickling. Arbitrary objects will no longer be a
llowed to be loaded via this mode unless they are explicitly allowlisted by the user via
“torch.serialization.add_safe_globals . We recommend you start setting ‘weights_only=Tr
ue’ for any use case where you don't have full control of the loaded file. Please open a
n issue on GitHub for any issues related to this experimental feature.
state_dict = torch.load(f, map_location="cpu")
H Started server process [ ]

Waiting for application startup.

Application startup complete.

Uvicorn running on http://©.0.0.0:8001 (Press CTRL+C to quit)

192.168.1.77:40040 — "POST /process/ HTTP/1.1"

192.168.1.77:34262 — "POST /process/ HTTP/1.1"

192.168.1.77:56454 — "POST /process/ HTTP/1.1"

192.168.1.77:51682 — "POST /process/ HTTP/1.1"

Figure 13: EfficientSAM server logs showing successful image segmentation requests from Rasp-
berry Pi over the local network.

Voice Interaction Server

To support speech input and output, a separate server was deployed on the same laptop using:

python voice_server.py

The server used the ‘speech_recognition® and ‘pyttsx3° packages to process user speech and synthesize
robot responses. It exposed two endpoints: ‘/listen* for capturing user commands and ‘/speak* for generating
spoken replies. The Raspberry Pi triggered these endpoints during dialogue-based interactions.

Figure 14 shows the server logs capturing voice input, generating a response, and issuing queued speech
output for a multi-turn interaction with the robot.

This architecture offloads demanding computations while maintaining low-latency communication be-
tween the Raspberry Pi and laptop. It also ensures that voice and vision pipelines are modular, easily replace-
able, and adaptable to new hardware or tasks.

4.9 Opverall Performance of the Framework

After testing each component individually and in integrated scenarios, the framework demonstrates robust
performance and high reliability. Users successfully interacted with the robotic platform using natural con-
versational commands, accurately interpreted by the Vision-Language Model (VLM). Real-time speech in-
teractions enabled intuitive control and immediate task execution.

Each module was evaluated over five trials, noting that timing varied depending on server load, network
latency, and prompt complexity. Specifically, the 32B VLM took longer for vlm_vqa due to generating more
extensive autoregressive responses, whereas the 3B VLM required additional time for object detection due to
lengthier prompts and outputs. Detailed timing results are summarized in Table 4.
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(base) yuzihao@®Zihaos—Air ~ % source venv_cse559/bin/activate
(venv_cse559) (base) yuzihao@Zihaos-Air ~ % cd Desktop/ESE-498/EfficientSAM
(venv_cse559) (base) yuzihao@Zihaos-Air EfficientSAM % python voice_server.py
INFO: Started server process [ ]

: Waiting for application startup.

H Application startup complete.

NFO: Uvicorn running on http://0.0.0.0:8000 (Press CTRL+C to quit)

# Listening...

& Transcript: what can you see

INFO: 192.168.1.77:54848 — "GET /listen HTTP/1.1" 200 OK

&) Queued speech: Let me take a look and tell you what I see!

& Speaking via macOS say: Let me take a look and tell you what I see!

INFO: 192.168.1.77:45592 — "POST /speak HTTP/1.1" 200 0K

k&) Queued speech: Ah, I see a cheerful scene in front of me! Here's what I can observe:

1. **A smiling dog**: A golden retriever is sitting calmly on the right side of the image. It looks happy and r
elaxed.

2. %A yellow smiley facex*: To the left of the dog, there's a simple yellow circle with two dots for eyes and
a curved line for a mouth, giving it a friendly expression.

3. **A green "X" shapexx: Below the smiley face, there's a green cross or "X" shape.

4. xkA crescent moonkx: On the far right, there's a black crescent moon drawing.

The background is plain white, which makes these elements stand out nicely. It feels like a playful and positiv
e environment! @

What would you like me to do next? Should I move any of these objects around?
& Speaking via macOS say: Ah, I see a cheerful scene in front of me! Here's what I can observe:

1. **%A smiling dog**: A golden retriever is sitting calmly on the right side of the image. It looks happy and r
elaxed.

2. **%A yellow smiley facex*: To the left of the dog, there's a simple yellow circle with two dots for eyes and
a curved line for a mouth, giving it a friendly expression.

3. *%A green "X" shapex*: Below the smiley face, there's a green cross or "X" shape.

4. *x*A crescent moonxk: On the far right, there's a black crescent moon drawing.

The background is plain white, which makes these elements stand out nicely. It feels like a playful and positiv
e environment! @

What would you like me to do next? Should I move any of these objects around?

Figure 14: Voice server log showing received user speech, queued spoken response, and robot reply.

Component Time Range (s)

32B VLM (Conversational Interface) 6.09 -6.70

3B VLM (Object Detection) 4.31 -4.66

Single Pick-and-Place Operation 15.02 - 15.08

3B VLM (VQA Short Response) 3.56 -4.06

32B VLM (VQA Informative Response) 8.97 -10.22
Composite Instructions Total Time (Fastest)
Single Movement (Conversational + Detection + Pick-and-Place) | 6.0944.31+15.02 =25.42
Conversational + Short VQA Response 6.09+43.56 = 9.65
Conversational + Informative VQA Response 6.09+48.97 = 15.06

Table 4: Execution time for individual components and composite tasks.

On a MacBook Air equipped with an Apple M3 chip, the average inference time for EfficientSAM
ranged from 1.62 to 1.82 seconds, depending on system load and concurrent processes. The subsequent
PCA-based frame estimation was highly efficient, completing in approximately 0.001 seconds. These timings
demonstrate that the full 2D grasp frame prediction pipeline is lightweight enough for real-time or near real-
time use in typical prototyping setups.

Additionally, the geometry-aware grasping pipeline consistently achieved precise alignment and stable
manipulation of non-uniform objects. Representative interactions and detailed performance results are pre-
sented in Table 5, highlighting the system’s practical effectiveness and potential for real-world deployment.
Future enhancements will further optimize usability and accessibility, aiming to support a broader range of
users, including elderly and mobility-limited individuals.
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tor? 2. What can you
see from the environ-
ment? 3. Can you help
me put the red block
on the sun?

["vim_vga(’What objects
are visible in the
environment?’)",

"vlm move(’Put the red
block on the sun’)"],
"response": "1. A
transistor is like a tiny
switch for electricity!
2. I see a red block, a
green plus sign, a happy
dog, and a sun. 3. Let’s
aim highl|red block to the
sun!"

User Prompt API Response Start Coordi- | End Coordi- | PCA Angle | VQA Response
nates nates (rad)

Can you put the teddy | {"function": [245, 276] [259, 119] | 0.8525 None
bear on the dog ["vim move(’Put the teddy

bear on the dog’)"],

"response": "Sure thing!

Teddy bear’s going for a

ride on the dog!"}
Can you tell me what | {"function": [278, 237] [518, 117] 1.034 Ah, I see a fun and
can you see and then | ["vlm_vqa(’What objects whimsical ~ scene!
put the teddy bear on | are visible in the Here’s what I no-
the dog image?’)", "vlmmove(’Put tice...

the teddy bear on the

dog’)"], "response":

"Sure thing! Let me take

a look and then place that

teddy bear on the dog.

Stay tuned!"}
Can you explain to me | {"function": [316, 256] [656, 274] 2.29 None
what is signals and | ["vlmmove(’Put the teddy
system and then put | bear on the moon’)"],
the teddy bear on the | "response": "Signals
moon and systems? It’s like

understanding how Peppa

Pig’s voice gets to your

ears! Now, let’s send

that teddy bear to the

moon!"}
What can you see from | "function": [269, 310] [637, 128] 0.9057 Ah, I see a fun lit-
the environment? Af- | ["vlm_vqa(’What objects tle scene in front of
ter response, please | are visible in the me! Here’s what I
put the red block on | environment?’)", can observe...
the dog "vimmove(’Put the red

block on the dog’)"],

"response": "I see

a happy dog, a green

plus sign, a red block,

a smiley face, and a

crescent moon. Red block

is heading to the dog!"
1. What is a transis- | "function": [252, 300] [625, 101] 0.9876 Ah, T see a fun lit-

tle scene here! Let
me break it down for
you...

Table 5: Representative interactions showing VLM planning, 2D grasp frames, and semantic scene
understanding. All pick-and-place manipulation success. Detail VQA responses at 9.

5 Discussion

Our capstone project achieved three progressively advancing milestones: Prototype-0 established a founda-
tional ROS 2 framework for fixed-prompt pick-and-place; Objective 1 advanced Vision-Language Models
(VLMs) integration for natural, voice-based task planning; and Objective 2 addressed manipulation of non-
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uniform objects using bounding boxes, EfficientSAM segmentation, and PCA-based 2D frame estimation.
Together, these advances yielded a modular, intelligent robotic system capable of executing open-vocabulary
tasks with semantic understanding and geometric precision. Real-world testing showed grasp-and-place ac-
curacy with errors as low as 0—1.11 cm, achieved using only RGB input. Beyond performance, the system’s
voice interface and visual feedback make it an accessible educational tool—suitable as a live demo for courses
like ESE-3050, ESE-205, and ESE-446 to inspire student interest in Al-driven robotics.

Technically, our ROS 2 framework modularizes perception, reasoning, and control into independent
nodes. The conversation_node processes user input via Qwen2.5-VL-32B-Instruct to produce structured
plans, while vlm detection _node handles open-vocabulary detection and 2D frame extraction using Ef-
ficientSAM and PCA. These components communicate via ROS 2 services and topics, enabling real-time
control and extensibility across diverse hardware.

On hardware, the system executed multi-step pick-and-place tasks in response to user commands like
“Put the red block on the green logo.” When the object size exceeded 200 pixels, the Raspberry Pi invoked
a laptop-based EfficientSAM API for segmentation. PCA then estimated object orientation, embedded in
the ObjectDetection message, enabling frame-aware alignment. The framework abstracts away low-level
commands, allowing flexible instructions like “the ear plug next to the logo,” lowering the barrier for non-
expert users.

The system’s implementation journey surfaced key challenges. Learning ROS 2’s publisher-subscriber
model, message types, and timing logic demanded significant ramp-up time. Hand-eye calibration was also a
limiting factor—small shifts in the taped-on camera impacted accuracy. Although affine calibration improved
results, precision remained sensitive to pixel-level error. Most failures stemmed from such calibration drift.

Integrating VLMs also required model testing and API customization. Several candidates failed to re-
turn usable outputs. Through experimentation, we selected Qwen2.5-VL-32B-Instruct for conversation and
Qwen2.5-VL-3B-Instruct for object localization. Using them required reverse-engineering I/O formats and
carefully designing system prompts for JSON-based responses.

The development of Objective 2 involved several exploratory paths. Initial efforts to train a custom vision
model on the Grasp Anything dataset—including a lightweight CNN and a fine-tuned ResNet-18—yielded
weak geometric predictions. We then modified SAM to output confidence maps for frame axes, but training
proved unstable and slow under limited resources. These challenges ultimately led to a more reliable and
interpretable solution: prompting EfficientSAM for segmentation and applying PCA to extract object-centric
frames. This shift demonstrated the practical benefits of combining classical geometric methods with pre-
trained vision models for robotic perception.

Despite its capabilities, the system has limitations. The RGB-only camera limits depth perception and
field of view, restricting task complexity and object variety. With no 3D data, all manipulation remains planar.
Literature suggests eye-in-hand setups benefit from RGB-D cameras; thus, future versions could integrate
depth sensors for 6D grasping and more robust calibration. Additionally, the system currently focuses on
high-level planning. Further improvements could explore servo-level control, advanced robotics kinematics,
or motion planning strategies like RRT.

Looking ahead, the system’s core intelligence can scale to larger robot arms and more complex scenes.
The voice-based interface makes it usable by anyone, regardless of technical background. While current
tasks include object placement and pose estimation, more abstract commands—e.g., “clean the table” or
“wash the dish”—require higher-level planning and symbolic reasoning, a natural next step for extending the
framework’s capabilities.

Critically, the project’s feasibility is a reflection of recent Al advancements. Two years ago, building
a voice-controlled robot assistant grounded in real-time image understanding would have been infeasible in
a university setting. Today, public VLMs and open-source segmentation models make this vision practical.
This capstone captures that shift, offering not just a working prototype, but a glimpse into the future of
human-centered robotics.

In summary, this project offers a robust implementation and a compelling educational platform. It demon-
strates how VLMs, combined with modular robotic frameworks, can transform how humans interact with
machines—bringing intuitive, language-driven collaboration into real-world robotics.
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6 Conclusion

This capstone project demonstrates a successful application of Electrical and Systems Engineering principles
to the design and deployment of an intelligent, extensible robot assistant. By leveraging modular design in
ROS 2, we developed a scalable framework that clearly separates perception, planning, and control—enabling
seamless integration of vision, language, and actuation. Through practical application of kinematics, calibra-
tion, and control logic, we constructed a full pipeline capable of interpreting natural language commands and
executing precise object manipulation tasks.

From foundational components like pick-and-place execution and affine hand-eye calibration to real-time
visual feedback via onboard sensing, our system brings together multiple ESE domains into a unified and op-
erational whole. The natural-language interface makes interaction intuitive for users of all backgrounds, while
the system’s modular architecture supports future extensions across hardware platforms and task domains.

Rather than emphasizing the complexity of modern Al models, this work highlights how thoughtful en-
gineering design can incorporate advanced tools into robust, human-centered robotics. The resulting platform
is more than a technical prototype—it reflects core values of electrical and systems engineering: modularity,
adaptability, and real-world usability. We hope this project serves not only as a functional system but also as
a student-led demonstration of how ESE knowledge can enable the next generation of intelligent machines.
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7 Deliverables

The deliverables for this capstone project include an open-source robotics software framework, reproducible
demonstrations, and supporting documentation to aid future learning and development. While some deliv-
erables evolved during the semester based on project requirements and opportunities, all intended outcomes
were successfully met or enhanced in final form.

Python and ROS 2-Based Framework

* A fully open-source ROS 2-based software framework implementing Prototype 0, Objective 1 (voice-
integrated vision-language reasoning), and Objective 2 (2D frame prediction using EfficientSAM and
PCA).

* A modular FastAPI server for EfficientSAM segmentation and voice interaction, supporting remote
execution and integration with the main ROS 2 system.

» Python scripts for evaluating the 2D grasp frame pipeline, tested on the Cornell Grasp Dataset, with
example outputs, qualitative results, and visualization.

* All code and documentation are publicly available on GitHub, including a clear README with setup
instructions and usage guidelines for future students and instructors.

Documentation and Project Website

* Initially, a standalone progress document was planned to capture insights and guide future students.
In practice, the weekly progress reports fulfilled this role.

* In addition, the open-source repository (with detailed README) and the project website now collec-
tively provide comprehensive documentation, implementation details, and reflections on the develop-
ment process.

* These resources are designed to support reproducibility and make the system accessible to new stu-
dents, faculty, or future capstone teams.

Poster and Demonstration Materials

* Originally, demonstration videos were planned as the primary presentation medium. As the project
progressed, I developed a formal poster and was happy to have the opportunity to present it at the ESE
Day event.

* The final project website features this poster, along with embedded demonstration videos and an
interactive explanation of the system pipeline.

» Compared to a standalone video, the website offers a more effective and engaging platform for com-
municating technical workflows and results to both academic and general audiences.

All project materials are publicly available:

* Project Website: https://sites.wustl.edu/fromlanguagetoaction/

* GitHub Repository: https://github.com/yuzihaowashu/ESE-498_From_Language _To_Action
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8 Schedule & Timeline

Week 1 Week 6 Week 8 Week 10 Week 12 Week 14

Prototype 0

Objective 1
(2 Weeks)

Objective 2
(2.5 Weeks)

Objective 3

Reflection & Deliverables

Figure 15: Initial Project Schedule.

w1 w2 w3 w4 W5 We W7 w8 w9 W10 W11 W12 W13 W14 W15

Proposal Poster | Final Report
Device & Materials P30
Test VLM Test VLM
Locally API
ROS2 Implementation ROS2 Refinement ROS2 + FastAPI

e  Success Criterion

0 Feedback Loop . Grasp

. New Hand-eye Anything
Calibration e  EfficientSAM

e  Accuracy & Harris +PCA

Corner Detector

Figure 16: Actual Project Timeline.

The original timeline (Figure 15) presented an overview of the expected progression for key phases of the
project, including proposal preparation, prototype development, and completion of major objectives. At the
time of planning, some methodologies—particularly those for perception and interaction—were not fully
established, which led to an optimistic projection.
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As shown in Figure 16, the actual timeline shifted significantly. A substantial amount of time was
invested in building and refining Prototype 0, which served as the core system integrating ROS 2 control,
natural language understanding, and perception. Although initially positioned as an early-stage milestone,
Prototype 0 ultimately represented the bulk of the project’s complexity. Objectives 1 and 2 were layered
extensions built upon this foundation. Accuracy issues, calibration challenges, and architectural rework led
to necessary refinements that extended beyond the initial plan. Overall, while the project met its major
deliverables, the development cycle was more iterative and nonlinear than expected.

While the original timeline also included Objective 3—focused on extending the system to support 3D
manipulation—this goal was ultimately reframed as future work. The motivation behind Objective 3 was
strong; however, as development progressed, it became clear that the current hardware setup, particularly the
use of a monocular RGB camera in an eye-in-hand configuration, could not reliably provide depth informa-
tion. Without accurate spatial perception, true 3D manipulation was infeasible within the constraints of the
current system.

Instead of pursuing an underdefined method, the project refocused on building a robust and accurate 2D
robot assistant using the available hardware. This shift allowed for more meaningful progress and refinement
in visual grounding, calibration, and voice-driven interaction. Moving forward, future iterations of the system
will explore 3D manipulation using more suitable sensors, such as an RGB-D camera, integrated into the
compact framework developed in this capstone.
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9 Appendix
Appendix A: Robotics Kinematics & Materials and Tools

Forward Kinematics
Each joint in the robot is described using the Denavit-Hartenberg (DH) convention with four parameters:
* g;: Link length (distance along x;-axis).
e @;: Link twist (rotation around x;-axis).
* d;: Link offset (distance along z;-axis).
* 0;: Joint angle (rotation about z;-axis, variable for revolute joints).

The transformation matrix from frame i — 1 to i is given by:

cosO; —sinB;cosqo; sinf;sino;  a;cos6;

il _ sin@; cos@;cosq; —cos6;sinq; a;sinb;
t 0 sin o CoS o d;
0 0 0 1

The total transformation from the base to the end-effector is:

10=10. 1) T2 13 - T4 T}
where T60 contains:
* The position (x,y,z) in the first three elements of the last column.
* The orientation as a 3 x 3 rotation matrix.

Thus, forward kinematics is represented as:

x=f(q)
where x = (x,y,z,R, P,Y) (end-effector pose) and q = (0, 65, ..., 66) (joint variables).

Appendix B: Object Recognition and Semantic Understand-
ing with Vision Language Models

Model Selection and Motivation

To enable both robust object detection and rich conversational interaction, this project leverages two variants
of the Qwen2.5-VL family of Vision-Language Models (VLMs), developed by Alibaba Group. The Qwen2.5-
VL series has achieved state-of-the-art performance on numerous vision-language benchmarks, including
SEED-Bench, MMBench, and MME, indicating strong capabilities in perception, grounding, and reasoning.
We use Qwen2.5-VL-32B-Instruct for high-level dialogue and semantic understanding in the conversation_node,
where it interprets nuanced commands, tracks context across user inputs, and generates humorous or help-
ful replies. For image-grounded object recognition, we use the lighter-weight yet still powerful Qwen2.5-
VL-3B-Instruct in the vlm_detection node, which is sufficient for accurate bounding box extraction in
real-world tabletop scenes.
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Qualitative Comparison: 32B vs 3B Output on Same Prompt

To illustrate the difference in expressive capability and environmental perception, we compare the outputs of
the 32B and 3B models (i.e., models with 32 billion and 3 billion parameters) on the same image and user
prompt. In this case, no system prompt was provided—only a user-level instruction ("What are there in
the environment?"). The image depicts the entrance to Washington University in St. Louis, with autumn
foliage, campus buildings, and signage.

The Qwen2.5-VL-3B-Instruct model returns a concise list of major scene components, such as the uni-
versity sign, buildings, trees, and a pathway, providing a valid but minimal interpretation of the image. In
contrast, the Qwen2.5-VL-32B-Instruct model offers a significantly more structured and informative descrip-
tion. It not only captures the same high-level components but also organizes them into labeled categories
with detailed natural language descriptions. The larger model infers additional scene-level context, such
as the presence of a flagpole, weather conditions (clear sky), and seasonal cues (autumn foliage), and even
speculates on the functional role of certain elements (e.g., pathways used by students and visitors).

User: What are there in the environment?

Qwen2.5-VL-32B-Instruct Output:

The image shows the campus of Washington University in St.
Louis. Here are the key elements visible in the environment:
1. Signage: A prominent sign that reads “WASHINGTON
UNIVERSITY IN ST. LOUIS” is displayed prominently in the
foreground, indicating the institution.

2. Buildings: In the background, there are several buildings
with a classic architectural style, typical of university

campuses. These structures appear to be part of the main
Qwen2.5-VL-3B-Instruct Output: campus.

The environment in the image includes several elements: 3. Trees and Landscaping: The area is surrounded by trees

% Sigierges (AT g i et “TYSNEeI with autumn foliage, suggesting the photo was taken during
UNIVERSITY IN ST. LOUIS.”

2. Buildings: The background features a few buildings, likely
part of the university campus.

3. Trees and Vegetation: There are trees with autumn
foliage, indicating it might be fall.

fall. There are also shrubs and greenery in the foreground,
adding to the landscaping.

4. Pavement/Walkway: A paved walkway or road runs
through the scene, likely serving as a pathway for students

4. Land : The area is landscaped with grass and possibly and visitors.

some bushes or shrubs. 5. Sky: The sky is clear and blue, indicating good weather
5. Street: There is a paved road or pathway in front of the conditions.

signage. 6. Flagpole: A flagpole can be seen near the buildings,
These elements suggest that the location is a university \w] the flag itself is not clearly visible.

campus, specifically Washington University in St. Louis. /

Figure 18: Input image used for the qualitative comparison between Qwen2.5-VL-32B-Instruct
and Qwen2.5-VL-3B-Instruct models on the prompt: “What are there in the environment?” The
models were evaluated based on their descriptive output without any system prompt. The responses
encourages us to integrate Qwen2.5-VL-32B-Instruct as the conversation interface and Qwen2.5-
VL-3B-Instruct as the object detection module.

This qualitative difference reveals how larger multimodal models like the 32B variant exhibit stronger
spatial reasoning, scene understanding, and natural language fluency. The enhanced description from the 32B
model better supports downstream robotic decision-making, reinforcing its suitability as the core module for
the dialogue-based controller in our robotic system. Meanwhile, the 3B model remains sufficient for object
recognition tasks that require less contextual reasoning but still benefit from flexible and open-vocabulary
grounding. These complementary strengths motivated our architectural decision to deploy the 32B model in
the conversation node and the 3B model in the vim_detection_node.

Generalization and Semantics Beyond Traditional Object Detectors

Unlike traditional object detection models such as YOLO, which are trained with fixed object categories
(e.g., car, person, bicycle), Vision-Language Models generalize to open-vocabulary object detection. In
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our experiments, Qwen2.5-VL-3B-Instruct was able to correctly localize and extract bounding boxes for
objects like “ear plug”, "orange”, "pen”, or “plastic block”, which are not typically covered in YOLO’s
label space.

Moreover, the VLM supports semantic variation through natural language: the same object could be
queried as “red block”, “plastic block”, or “red plastic block”, and the VLM consistently returns accurate
results. This flexibility arises from the VLM’s grounding of vision and text through multimodal attention
rather than relying on fixed object detection heads. In contrast, YOLO’s object classes are encoded in the
final output layer and lack adaptability to unseen or compositional language inputs.

Appendix C: Detailed VQA and Planning Examples

Listing 3: Example 1: User query and system response with vim_move()

User: Can you put the teddy bear on the dog?

API Response:

{
"function": ["vlim_move(’Put the teddy bear on the dog?’)"],
"response": "Sure thing! Teddy bear’s going for a ride on the dog!"

}

Start Coords: [245, 276]
End Coords: [259, 119]

PCA Angle (radians): 0.8525
VQA Response: None

Listing 4: Example 2: User query and system response with VQA

User: Can you tell me what can you see and then put the teddy bear on the dog?

API Response:

{
"function": ["vlm_vqa(’What objects are visible in the image?’)", "vlm_move (’Put
the teddy bear on the dog’)"],
"response": "Sure thing! Let me take a look and then place that teddy bear on the
dog. Stay tuned!"

¥

Start Coords: [278, 237]

End Coords: [518, 117]

PCA Angle (radiams): 1.034

VQA Response: Ah, I see a fun and whimsical scene! Here’s what I notice in the
environment:

1. *xA smiling face**: There’s a simple yellow smiley face with two dots for eyes
and a curved line for a mouth. It looks cheerful!

2. x*%A lemon-shaped object**: Next to the smiley face is an object that resembles a
lemon. It has a textured surface with holes, like a mesh or net, and a small green

leaf on top, giving it a playful, cartoonish look.

3. *x%xA dog**: To the right of the lemon, there’s a cute golden retriever sitting
calmly. The dog looks happy and relaxed.

4. *xA crescent moon**: In the bottom-right corner, there’s a simple black crescent
moon drawing, adding to the whimsical feel of the image.

The background is plain white, which makes all the elements stand out clearly. This
setup feels lighthearted and creativeperfect for a fun chat or playful task!

What would you like me to do next?

Listing 5: Example 3: User query and system response of vim_move()
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User: Can you explain to me what is signals and system and then put the teddy bear
on the moon?

API Response:

{
"function": ["vlim_move(’Put the teddy bear on the moon’)"],
"response": "Signals and systems? It’s like understanding how Peppa P igs voice
gets to your ears! Now, lets send that teddy bear to the moon!"

}

Start Coords: [316, 256]
End Coords: [556, 274]
PCA Angle (radiamns): 2.29
VQA Response: None

Listing 6: Example 4: User query and system response with VQA

User: What can you see from the environment? After response, please put the red
block on the dog

API Response:

{
"function": ["vlm_vqa(’What objects are visible in the environment?’)", "vlm_move
(’Put the red block on the dog’)"],
"response": "I see a happy dog, a green plus sign, a red block, a smiley face, and
a crescent moon. Red block is heading to the dog!"
}

Start Coords: [269, 310]

End Coords: [537, 128]

PCA Angle (radians): 0.9057

VQA Response: Ah, I see a fun little scene in front of me! Here’s what I can observe

1. *xA smiling face**: There’s a cheerful yellow smiley face with simple
featurestwo dots for eyes and a curved line for a mouth.

2. x*%A dog**: A cute golden retriever or similar breed is sitting calmly on the
right side. It looks friendly and relaxed!

3. **xA green plus sign**: A bright green ""+"" symbol is positioned near the center.
4. x*xA red objectx*: On the left, theres a red item that looks like part of a
tool or t oy it could be a handle or grip.

5. **A crescent moonx**: A black crescent moon shape is on the far right, adding a
whimsical touch.

This setup feels playful and creative, almost like a child’s drawing or an
educational activity. What would you like me to do with these objects?

Listing 7: Example 5: User query and system response with VQA

User: 1. What is a tramnsistor? 2. What can you see from the environment? 3. Can you
help me put the red block on the sun?

API Response:

{
"function": ["vlm_vqa(’What objects are visible in the environment?’)", "vlm_move
(’Put the red block on the sun’)"],
"response": "1. A transistor is like a tiny switch for electricity! 2. I see a red
block, a green plus sign, a happy dog, and a sun. 3. Lets aim high-red block
to the sun!"
}

Start Coords: [252, 300]

End Coords: [525, 101]

PCA Angle (radians): 0.9876

VQA Response: API reponse: Ah, I see a fun little scene here! Let me break it down
for you:

1. *xRed Object**: There’s a red object on the left side of the image. It looks 1like
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a tool or part of a device, possibly related to my robotic arm.
2. **Green Plus Signx*: Above and to the left, there’s a green plus sign (+).

3. **Sun Symbolx**: On the right side, there’s an orange sun symbol with rays
extending outward.

4. x*xDog Image**: Below the sun, there’s a cute cartoon-style dog sitting and
looking happy.

5. *xEqual Sign#**: In the middle, there’s a white equal sign (=), suggesting some
kind of equation or relationship between the elements.

It seems like this setup might be part of a playful math problem or a creative
puzzle! What do you want me to do with these objects?

Appendix D: Infeasibility of Training Vision-Language Mod-
els and Appreciation for Open Access APIs

While this project integrates a Vision-Language Model (VLM) for robotic perception and instruction follow-
ing, it is important to clarify that training such a model from scratch was beyond the scope of our work.
Modern VLMs, such as Qwen2.5-VL, are trained on massive multimodal datasets and require thou-
sands of GPUs and millions of dollars in resources, making them impractical for academic projects.
Even relatively lightweight VLMs contain billions of parameters, each stored as 16-bit or 32-bit floating-point
numbers, resulting in models that consume tens or hundreds of gigabytes of memory [14]. State-of-the-art
commercial VLMs, such as the one powering ChatGPT, are estimated to exceed trillions of parameters, plac-
ing them firmly in the domain of industrial-scale computing.

VLMs go far beyond traditional small-scale machine learning models such as logistic regression or ran-
dom forests. They must learn and reason over complex linguistic structures, semantics, visual spatial ground-
ing, and multi-turn dialogue. In essence, VLMs must understand language—arguably the most information-
dense modality humans use—which demands capabilities like semantic parsing, coreference resolution, and
instruction disambiguation. These are not tasks that can be solved with classical ML methods or even standard
neural networks without significant architectural innovation and training scale.

Instead of building such models from scratch, we build upon open-source pretrained VLMs, focusing
our contributions on how these powerful tools can be effectively integrated into real-world robotic systems.
Open access APIs provided by research organizations and companies allow projects like ours to benefit from
cutting-edge Al without the prohibitive costs of model development or infrastructure management.

Unlike traditional fixed-purpose computer vision models, VLMs are highly dynamic: their behavior
adapts to user instructions through prompt design, without requiring any changes to model weights. In
our system, we applied strategic prompt design and few-shot in-context learning, carefully structuring input
examples to guide the VLM’s behavior during inference. One reason this approach is effective is that the
underlying VLM (Qwen2.5-VL) is instruction-tuned after pretraining, making it naturally aligned with user-
guided, task-specific workflows.

Other adaptation methods, such as Retrieval-Augmented Generation (RAG) [17] and fine-tuning [32]
for custom tasks, were considered but determined to be neither feasible nor necessary for this project. RAG
requires maintaining a large knowledge base and retrieval mechanism at runtime, adding infrastructure com-
plexity unsuited to lightweight, real-time robotic systems. Fine-tuning, while powerful, requires GPU clus-
ters, careful gradient tuning, and significant domain-specific data. Moreover, because our robotic task was
carefully framed through prompt design to focus on instruction parsing and spatial grounding, direct prompt-
ing of the instruction-tuned VLM was both sufficient and effective.

Our goal was not to reinvent deep learning models, but to demonstrate how emerging Al technolo-
gies can be thoughtfully applied to make robotic manipulation more intuitive, accessible, and educa-
tional.
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Appendix E: Additional 2D Frame Labeling Results

The following figures show qualitative results of 2D object-centric frame prediction tested on the Cornell
Grasp Dataset [31]. Although the Cornell dataset is originally designed for 3D grasp detection, our 2D
frame labeling approach demonstrates qualitatively successful results for top-down pick-and-place tasks. The
proposed pipeline integrates object segmentation using EfficientSAM with PCA-based axis estimation to
produce object-aligned 2D grasp frames. In most cases, the predicted frames align well with the geometry of
non-uniform objects.

Failures, where grasp axes appear unreasonable, are primarily attributed to inaccurate bounding boxes
produced by the Vision-Language Model (VLM). When the target object is visually similar to its background
or partially occluded, the VLM often fails to isolate the correct region, which leads to incorrect segmentation
and, subsequently, flawed frame estimation. Despite this limitation, the overall approach remains robust and
interpretable for the majority of samples evaluated.
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Figure 19: 2D frame predictions on samples pcd0201r, pcd0202r, pcd0300r, and pcd0302r from
the Cornell Grasp Dataset [31].
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Figure 20: 2D frame predictions on samples pcd0303r, pcd0304r, pcd0320r, and pcd0321r.
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Figure 21: 2D frame predictions on samples pcd0322r, pcd0518r, pcd0530r, and pcd0544r.
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Figure 22: 2D frame predictions on samples pcd0900r, pcd0901r, pcd1001r, and pcd1003r.
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Figure 17: The schematic of myCobot 280 used in this capstone.
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