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Abstract 

The objective of this research project is to develop a controller for a low-cost robot arm using a 

multimodal Large Language Model (LLM) for educational purposes. Combining LLM visual 

object detection capabilities along with spatial understanding and code generation, a system was 

developed to control a low-cost robot arm using natural language commands (ex: “pick up the 

blue block”, “align the blocks in a horizontal line”). The goal is to establish an educational 

resource that can be used by educators to demonstrate the control of a robot arm with multimodal 

LLMs in the classroom. This will allow students to experiment with AI-centered engineering 

design.  

1.0 Introduction 

LLMs have had a profound impact in recent years in the areas of search, chatbots, document 

production and summarization, problem solving, art, multimedia generation, image analysis, 

coding support and beyond.  More recently, commercially available, multimodal LLMs 

(MLLMs) support enhanced image analysis, object identification, segmentation and spatial 

reasoning [1, 2]. Researchers are exploring the integration of hardware, such as robotics, into an 

LLM solution [3].  There are existing systems which integrate LLM and robotics such as SayCan 

[4], Palm-E [5], RT-2 [6], Code as Policies [7], and Vima[8].  SayCan, Palm-E, RT-2 and Vima 

models do not generate intermediate robot code as is done in the system described in this paper. 

Code as Policies does not use a commercially available MLLM as is utilized in our system. Our 

design choice to use a commercially available, pretrained MLLM and code generation, is to 

support transparency, inspection and low cost for educational applications. 

The benefit of integrating an MLLM into a robotics system is that the MLLM can handle the 

user interaction and language understanding and language ambiguity and multimodal input 

(voice, image, video) very effectively. The challenge then is to integrate the output of the 

commercially available MLLM into a robotics system, such as a robot arm. We have 

demonstrated a solution that includes natural language, image analysis and spatial reasoning and 

code generation to control a robot arm.  It is expected that LLMs and generative AI will have a 

major impact on the way students learn engineering as well as how students design engineering 

systems in the future. The goal is to develop an educational resource with a hands-on component 

that will guide undergraduate students into understanding the role of MLLMs and specifically, 

how to integrate a multimodal LLM into a working system to control a robot arm.  This 

experience will provide students with valuable knowledge in preparation for the workforce and 

research activities in a rapidly developing field.  The technology described has been developed 



with undergraduate student participation and will undergo testing with students in a robotics 

course. 

The paper is divided into two main sections.  In the first section, activities will be described to 

interactively analyze images of objects and perform operations such as bounding box 

calculations using the Gemini interface in a manual mode.  The second section of the paper will 

describe a working system to autonomously analyze an image of objects and program a robot 

arm to execute a user command such as “move the blue block to the right of the yellow block.” 

2.0 Gemini Visual Language Model (VLM) 

Google’s Gemini 1.5 LLM was released in February of 2024, and Gemini 2.5 was released in 

March of 2025 with enhanced performance. (NOTE: Gemini 3.0 was released in November of 

2025).  Gemini is a multimodal LLM and is considered a VLM (vision language model) given its 

performance with images [9,10,11]. These Gemini models represent a milestone in LLM 

performance and especially in image and spatial understanding.  Due to the high performance, 

utility, low-cost and well-documented API, we have adopted this LLM tool into our project.  

(Other frontier VLMs can also be used to achieve similar educational outcomes.) Using the 

freely available, web-based AI Google Start App called Spatial Understanding [12], it is possible 

to upload an image and have the system draw bounding boxes around pertinent objects and 

return labels and bounding box information for those objects.  Here is a sample image of red and 

blue squares that was uploaded to the starter app and the result is shown below with bounding 

boxes and labels (see Figure 1).  Gemini can answer basic questions about size, color, shape, 

location and spatial relationships.  There are cases when errors occur, and it is important to 

provide carefully constructed prompts. (It should be noted that we used Gemini 1.5 and 2.5 API 

in our initial software system described in this paper.) 

 

Figure 1: Colored squares with bounding boxes and labels 

Here is a partial listing of the bounding box information (2 objects) generated by Gemini as a 

result of analyzing the above image of red and square blocks. There is bounding box data 

generated for each of the 10 objects and the information is stored in a data structure that will be 



used as input data to future steps. The bounding box information will be critical when we 

integrate the Gemini LLM into the physical robot. 

{"box_2d": [80, 162, 341, 240], "label": "red block"}, 

{"box_2d": [80, 302, 341, 382], "label": "blue block"}, 

 

Using the Starter app using the Google AI studio for Gemini, questions about the spatial 

relationships of the blocks in a sample image can be asked interactively in natural English and 

answered by Gemini.  Here are some sample questions that can be answered successfully by the 

Gemini system in the Google AI studio using the image of colored blocks above.  The 

significance of this exercise is to demonstrate to the students the spatial understanding 

capabilities of Gemini with respect to the objects in the image. 

• How many red blocks are in the image? Answer: There are 4 red blocks. 

 

• How many blue blocks are in the image?  Answer: There are 6 blue blocks. 

 

• How many horizontal rows are in the image?  Answer: There are 3 horizontal rows. 

 

• How many vertical columns are in the image? Answer: There are 5 vertical columns. 

 

• If each block is 1 inch square and there is a 0.5-inch gap between the blocks, then what is 

the length of row 1?   Answer: The length of row 1 is 4 inches.  

 

• If rows 1 and 3 were combined into one row, how many blocks would be in row 1? 

Answer: If rows 1 and 3 were combined into one row, there would be 5 blocks in the new 

row 1. 

 

In the next example Gemini was asked to provide steps to achieve the reassembly of the blocks 

based on the image provided. 

 

• What are the steps to combine rows 1 and 3 into one row at location row 1 

 

The full response from Gemini is provided in the figure below.  Again, the significance here is to 

have students observe and verify the task planning performed autonomously by the MLLM. This 

information is valuable when designing prompts for future actions. 

 



Figure 2: Steps to rearrange blocks 

The step-by-step solutions (subtasks) from the Gemini LLM combined with the availability of 

bounding boxes for each object, enables Gemini processing to construct Python code that can 

direct a robot arm to achieve the sequence of steps to achieve the goal.  All of this functionality is 

accessible with the Gemini API. The Spatial Reasoning App, on the other hand, is a useful, 

interactive, web-based tool to gain insight into the capabilities and experiment with prompt 

creation.  

 

3.0 VLM Agentic Interface to Dobot Robot Arm 

A software system interfacing the Gemini MLLM, a webcam (Logitech C922), and a low-cost, 4 

DOF robot (Dobot Magician) was designed and tested.  An image of the experimental setup is 

depicted below in Figure 3.  The camera is positioned 12 to 14 inches above the surface. The 

software was running in Python on a standard Windows PC.  The workspace for the robot was 

established at 5 inches by 8 inches, as indicated by the white rectangle.  Although Gemini reports 

some spatial interpretation capabilities in 3D, all operations were limited to the 2D plane for our 

development and testing. The robot arm has a suction cup end-effector and a vacuum pump (not 

shown in image). 

 

Okay, let's describe the steps to combine rows 1 and 3 into a single row at the location of the original row 1. 

Initial State: Blocks are in their original positions. 

Goal: Move all the blocks from row 3 into row 1, forming a single row in the space currently occupied by 

row 1. 

Steps: 

1. Block 1: The first block in row 1 is already in place. No move needed. 

2. Block 2: The second block in row 1 is already in place. No move needed. 

3. Block 3: The third block in row 1 is already in place. No move needed. 

4. Block 4: Select the first block from row 3. Move it horizontally to the right of the last block in the 

current row 1, leaving a gap that matches the original gap between the blocks. 

5. Block 5: Select the second block from row 3. Move it horizontally to the right of the last block in the 

current row 1, leaving a gap that matches the original gap between the blocks. 

Final Result: All the blocks from row 3 are now moved into row 1, forming a single row of 5 blocks in the 

space previously occupied by row 1. 

Note: 

• The gaps are approximate, matching the existing spacing of blocks in the original image. 

• The blocks maintain their original colors. 



 

Figure 3: Experimental Setup 

 

Below is a high-level description of the 4 major agents (modules) which operate on the images 

captured by the webcam.  For each agent there is an LLM prompt or set of prompts to retrieve 

information from the LLM based on the image.  The text prompts, which are embedded in the 

Python script and can be modified, are sent to Gemini using the API. The Python code then 

processes the result of the prompt and moves on to the next agent.  

 

Bounding Box Agent: 

o Extracts workspace and block positions in a specific format. 

o Parses the bounding box results into a structured format. 

o Key LLM prompts: 



▪ “Return bounding boxes for just the flat, white, rectangular paper in picture 
in the following format as: [ymin, xmin, ymax, xmax]” 

▪ “Return bounding boxes for all the blocks in the following format as a list  
[ymin, xmin, ymax, xmax] (block_color)” 

 

• Spatial Analysis Agent: 

o Analyzes spatial relationships between blocks based on the scene and user 

command. 

o Extracts details like object size, orientation, and spatial relationships. 

o Key LLM prompt: 

▪ “Given the user's command for a robot arm: {user_command}  Describe the 
spatial relationship between the all the relevant objects in the scene 
captured in the image.  I do not need the location/bounding boxes.   I need 
just the approximate size (mm), shape(mm), orientation and spatial 
relationship of each of the relevant objects.  Include anything else that 
would be useful to know if I will be coming up with a plan to perform the 
user's command.” 

 

• Action Plan Agent:  

o Performs coordinate system transformation between image coordinates and robot 

system coordinates. 

o Generates a step-by-step plan for the Dobot Magician robot arm to execute the 

user's command. 

o Key LLM prompts 

▪ “Based on the scene provided below, generate a list of detailed and specific 
steps to perform this action using a Dobot Magician robot arm: {user 
command included here}. Here are the location/bounding boxes of the 
objects (use these actual values to determine locations, etc.; don't use 
example locations. {bounding box data from step 4 supplied here}. Here is 
the spatial analysis of the objects: {data from spatial analysis agent included 
here}” 

• Code Generation Agent: 

o Produces executable Python code tailored for the Dobot Magician. 



o Sample Dobot code is provided to the LLM such as: move arm from position A to 

B, turn on/off vacuum pump, etc. 

o Saves and runs the script using a subprocess 

o Key LLM Prompts: 

▪ “Here is a list of steps I want to perform on a Dobot Magician robot arm: 
(output of action plan agent included here).  Now write a Python program to 
execute these steps. Only return Python code, and no other text (use 
comments for other info). I've also attached some example code.''', {example 
robot code included here}” 

 

It was determined empirically that sequencing the steps in this manner yielded better results than 

an approach which would use a single, larger prompt.  We also noticed improvements overall in 

performance moving from Gemini 1.5 to 2.5 and we expect more performance gains with 

Gemini 3.0. 

Interested readers may request sample code and instructions on integration into a classroom 

activity from the authors. 

4.0 Results 

Listed below are the intermediate results of the software interface responding to the command 

“pick up the blue object”. The processed image with bounding boxes displayed is shown in Figure 

4. The output of the action plan agent is shown below. Notice this action plan agent output, 

generated by the Gemini LLM, includes robot arm motion and operation of the vacuum gripper. 

 



Figure 4: Input Image for Demonstration 

 

 

The coding agent was then able to automatically generate code for the Dobot based on the action 

steps and then execute the code to successfully pick up the blue block.  All agent output for this 

demo is available from the authors.  In the event a user needed to adapt this LLM system 

architecture to another robot arm platform, it would only be necessary to provide sample code of 

basic operations from the robot documentation.  No application-specific or custom robot arm 

code development is required. 

5.0 Conclusion and Future Directions 

It is hoped that this LLM controlled robot arm prototype can be used as an educational resource 

to introduce engineering and computer science students to “LLM-centric” or “AI-centric” design 

strategies. The Gemini multimodal LLM provided: 1) a natural language interface, 2) object 

detection and spatial reasoning, 3) step-by-step planning (action plan), and 4) automated code 

generation for the robot arm. This allowed a system to be able to control a low-cost robot arm 



(Dobot Magician) to perform specific tasks. We have limited our scope currently to manipulating 

blocks in a 2D environment for simplicity.  

One of the limitations of our project is the relatively small robot workspace which limits the 

sizes of objects to be manipulated and the distances for objects to be moved. Also, there were 

occasions when the calibration step of the robot arm failed and the calibration step had to be 

repeated.  The system worked successfully in a wide range of conventional indoor lighting and 

no special lighting was required. 

The learning outcomes of this technology include: 1) LLM and VLM interfacing. Students may 

use alternate MLLMs and compare performance; 2) prompt engineering. Students will be 

encouraged to analyze and modify prompts to improve capabilities; 3) code generation. The code 

generation is trained via in-context learning from the robot sample code which can be modified 

as needed; 4) robot arm technology. Students learn to set up, operate and integrate a robot arm 

with a vision system, and 5) API programming.  

Our innovation is that we have developed a working prototype and developed educational 

resources to implement a commercially available MLLM control of a robot arm with vision 

using low-cost equipment that is suitable for use in an undergraduate engineering program.   All 

resources (including materials, code, setup, demos and instructor guide) will be available to 

readers upon request.  Utilizing the power of a pre-trained, multimodal LLM with vision 

capabilities will potentially allow students and researchers to design and implement advanced 

robotics applications that would otherwise be out of reach or require advanced coursework. This 

technology can impact areas such as intelligent manufacturing, 3D construction, 

assembly/disassembly, art, circuit fabrication, home robotics, healthcare, etc. 

This is a work-in-progress, and while we have successfully implemented a select number of test 

cases with our working prototype, we hope to expand the demonstrations and capabilities and 

share these results online. One near future effort is to integrate and evaluate Gemini 3.0. 

Preliminary results with Gemini 3.0 look promising. We also plan to interface other robot arm 

platforms in the future, incorporate voice input and experiment with 3D manipulation of blocks.  

This resource described in this paper is planned to be integrated into a robotics course at our 

institution in the spring and fall of 2026 for further evaluation and assessment. The laboratory is 

equipped with 7 stations, with each station comprising a robot arm, webcam, camera stand and 

workstation PC with internet access. At that time, we will collect additional data on performance, 

student feedback, usage and educational outcomes.  
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