
PriMera Scientific Engineering 
Volume 9 Issue 2 August 2026
ISSN: 2834-2550

 PriMera Scientific Engineering                                                                                                                                                                   https://primerascientific.com/psen

Improving Cooperation in Collaborative Embodied AI

Copyright:
© 2026 Hima Jacob Leven 
Suprabha., et al. This is an 
open-access article distributed 
under the Creative Commons 
Attribution License, which 
permits unrestricted use, distri-
bution, and reproduction in any 
medium, provided the original 
work is properly cited.

Citation:
Hima Jacob Leven Suprabha., 
et al. “Improving Cooperation 
in Collaborative Embodied AI". 
PriMera Scientific Engineering 
9.2 (2026): 25-34.

Type: Research Study
Received: February 02, 2026
Published: July 28, 2026

Hima Jacob Leven Suprabha*, Laxmi Nag Laxminarayan Nagesh, Ajith Nair, Alvin 

Reuben Amal Selvaster, Ayan Khan, Raghuram Damarla, Sanju Hannah Samuel, 

Sreenithi Saravana Perumal, Titouan Puech, Venkataramireddy Marella, Vishal  

Sonar, Alessandro Suglia, and Oliver Lemon 

School of Mathematical and Computer Sciences, Heriot-Watt University, Edinburgh, UK 

*Corresponding Author: Hima Jacob Leven Suprabha, School of Mathematical and Computer  

Sciences, Heriot-Watt University, Edinburgh, UK.

Abstract

     The integration of Large Language Models (LLMs) into multiagent systems has opened new 
possibilities for collaborative reasoning and cooperation with AI agents. This paper explores 
different prompting methods and evaluates their effectiveness in enhancing agent collaborative 
behaviour and decisionmaking. We enhance CoELA, a framework designed for building Collab-
orative Embodied Agents that leverage LLMs for multi-agent communication, reasoning, and 
task coordination in shared virtual spaces. Through systematic experimentation, we examine 
different LLMs and prompt engineering strategies to identify optimised combinations that max-
imise collaboration performance. Furthermore, we extend our research by integrating speech 
capabilities, enabling seamless collaborative voice-based interactions. Our findings highlight the 
effectiveness of prompt optimisation in enhancing collaborative agent performance; for exam-
ple, our best combination improved the efficiency of the system running with Gemma3 by 22% 
compared to the original CoELA system. In addition, the speech integration provides a more 
engaging user interface for iterative system development and demonstrations.

     Alice and Bob Voice Chat GUI Video demonstration. 

     Github link to codebase.
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Introduction

     As artificial intelligence continues to evolve, there is growing interest in enabling agents not just to 
act intelligently on their own but to work together - collaboratively solving problems, sharing tasks, 
and communicating effectively. This vision is central to Collaborative Embodied AI (CEAI), where vir-
tual or physical agents operate in shared environments, coordinating their actions in pursuit of com-
mon goals [3, 16, 21, 9, 17].

https://primerascientific.com/psen
https://primerascientific.com/psen
https://primerascientific.com/
https://www.youtube.com/watch?v=MtP8BH7kYsE&feature=youtu.be
https://github.com/Himajacob/Co-LLM-Agents
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     With the rise of Large Language Models (LLMs), a new set of possibilities has emerged. LLMs are capable of understanding nuanced 
instructions, engaging in conversation, and even generating plans - making them ideal candidates for powering collaborative agents. 
However, integrating LLMs into embodied agents presents unique challenges: how can these models reason about the environment? 
How should agents communicate effectively? And what types of prompts or memory structures are most useful in team-based scenar-
ios?

     This work builds on the CoELA [16, 21] framework - a modular system for creating multi-agent embodied AI - exploring how dif-
ferent prompting strategies and LLMs affect coordination, decision-making, and task performance. See figure 1 for examples of agents 
collaborating in CoELA.

Figure 1: Agents collaborating in a simulation environment (CoELA) [16].

     Building on CoELA, we develop new structured and communication-focused prompts and evaluate them with models such as Llama 
3.1 [4], DeepSeek r1 [2], Mistral [5], and Gemma3 [15]. By experimenting across multiple configurations, we aim to uncover the best 
combinations of LLMs and prompts for efficient teamwork. Ultimately, this work contributes to the broader goal of building embodied 
agents that interact not just intelligently, but collaboratively, much like humans do in real-world tasks.

Background and Related Work

     The field of Collaborative Embodied AI (CEAI) focuses on building agents that not only perceive and act within their environments 
but also cooperate and communicate with other agents - be they human or artificial. The convergence of Embodied AI and LLMs has 
opened a promising path for designing such agents [3].

Foundations of Collaborative Embodied AI

    Collaborative Embodied AI (CEAI) functions as an interdisciplinary research area combining elements of robotics with embodied 
reasoning and multi-agent collaboration techniques. CEAI agents differ from conventional AI systems because they are built to dynam-
ically interact and collaborate with humans and artificial agents while performing perception and action tasks.

     The system CoELA (“Collaborative Embodied Language Agents”) [16, 21] represents a primary framework in the field by providing 
a modular cognitive architecture that enables decentralised agent cooperation within three-dimensional spaces. The decisionmaking 
capabilities of the system emerge from structured interactions among five essential components: Perception, Memory, Planning, Com-

https://primerascientific.com/psen
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munication, and Execution. CoELA maintains a balance between high-level task planning and low-level action execution, which aims to 
support operational efficiency despite facing costly communication constraints.

Language as a Tool for Reasoning and Coordination

     CEAI has experienced substantial advances through the use of Large Language Models (LLMs), which function as cognitive engines 
to augment agents’ capabilities in planning, acting, and communicating. LLM-driven agents merge reasoning with action, which sur-
passes traditional rule-based control systems by enabling intelligent and adaptable decision-making. Techniques like ReAct [20] show 
how agents can think out loud and decide actions in a dynamic way, rather than relying on static plans, while Reflexion [14] adds 
self-feedback loops, where an agent can reflect on its past performance and adjust future behaviour.

    Chain-of-thought prompting and self-consistency strategies have improved clarity and robustness in multi-step reasoning. The 
CAMEL framework [8] introduced roleplaying dialogues for coordination, and the Voyager system [17] enabled agents to learn contin-
uously in open-world settings by refining code and tasks dynamically. For planning tasks, structured approaches such as DESP [18] and 
Tree of Thoughts [6] treat planing as a multistage or branching process which improves the efficiency of the decision-making process.

    Recent frameworks such as Agent-S [1] have further demonstrated how multimodal LLM agents can autonomously acquire task 
knowledge and refine their strategies via direct interaction with GUI environments, without relying on human supervision or explicit 
feedback.

Memory, Simulation, and Human-AI Interaction

A key obstacle in CEAI involves maintaining context throughout extended multi-turn interactions. LLM-powered agents approach 
this issue by using sophisticated memory structures. According to [21], CoELA operates with a memory system organised into three 
distinct levels:

–	 Semantic memory (storing factual world knowledge).
–	 Episodic memory (allows tracking of previous interactions and actions).
–	 Procedural memory (functions as the repository of learnt behaviours together with execution strategies).

     The model draws upon cognitive models such as Soar and ACT-R to enhance the longterm adaptive capabilities of LLM-powered 
agents. The LLM-Agent-UMF framework developed in [6] combines both active and passive memory models within modular memory 
systems to improve decision-making processes.

     LLM-powered dialogue systems enable clearer and faster interactions between multiple agents in human-agent collaboration 
settings. The systems AutoGen [10] and ROSA [13] concentrate on dialogue-based natural interactions which improve both communi-
cation clarity and adaptability. Research on CoELA demonstrates that using natural language communication boosts human trust and 
task efficiency which leads to a preference for LLM agents over conventional symbolic or template-based systems. The enhancements 
show significant benefits in complex simulated settings like VirtualHome [11] and Habitat 3.0 [12], which contain multi-room task-ori-
entated scenarios that serve as realistic research platforms for CEAI studies.

Comparison with Prior Work

     The embodied AI systems Voyager [17] and Reflexion [14] demonstrate their capabilities using single agents within open-ended 
settings, whereas our research highlights multi-agent teamwork with role-specific negotiation.

     CAMEL [8] uses role-playing techniques to simulate how large language models interact socially, but does not address execution 
problems in physical environments.

https://pubmed.ncbi.nlm.nih.gov/27812521/
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     The “Tree of Thoughts” model [19] introduces a formal reasoning framework yet does not to connect this with practical application 
by physical agents in tangible tasks. The RoCo system [9] uses LLM-guided dialogue to facilitate multi-robot collaboration but does not 
incorporate integrated memory and semantic perception which results in agents that do not adequately manage temporal constraints.

     AutoGen from Microsoft [10], alongside ROSA [13], investigates interpretability and human-AI communication alignment in multi-
agent systems, which parallels our structured prompting research for reliable collaboration. While frameworks such as AutoGen and 
ROSA rely on structured prompting to enable agentic collaboration in text-based or symbolic domains, they lack embodiment and do 
not operate in physically grounded environments. The effectiveness of our method benefits from realistic simulation platforms such as 
Habitat 3.0 [12] and VirtualHome [11], which serve as high-fidelity testbeds for embodied AI performance assessment.

   Our system is distinguished from previous research by developing and evaluating structured prompting techniques combined with 
LLM configurations. We demonstrate that this improves agent cooperation in collaborative planning and communication within 
shared environments.

System Architecture

    We build upon CoELA, which has a modular architecture (see [16] for details), where each agent operates independently and is 
composed of five interconnected modules: Perception, Memory, Planning, Communication, and Execution.

We focused on the Planning and Communication modules, which use LLMs. In the following sections, we explore different prompting 
strategies to enhance task coordination and inter-agent dialogue.

–	 Communication Module - The Communication Module facilitates information exchange between agents, enabling collaborative 
behaviour in a decentralised setting. It manages the generation of messages related to task status, environment updates, and 
coordination needs. This module allows agents to share knowledge, request assistance, negotiate roles, and synchronise actions, 
making it essential for coherent multi-agent interaction and teamwork.

–	 Planning Module - The Planning Module is responsible for generating action plans that enable agents to achieve specific goals 
within the environment. It interprets the current world state, objectives, and agent capabilities to produce a structured sequence 
of high-level decisions. These plans guide the agents behaviour over time and provide a foundation for task execution. The mod-
ule ensures logical consistency, goal alignment, and adaptability to dynamic environmental changes.

Ollama Integration

     To support flexible experimentation with different Large Language Models, we integrated Ollama into our system. Ollama [7] pro-
vides a lightweight, local runtime environment for deploying a wide range of LLMs, including both open-source and quantised models. 
This integration simplifies the process of switching between models like LLaMA, Mistral, or DeepSeek, allowing us to test various 
architectures without modifying the core agent pipeline. Additionally, Ollamas support for quantised models significantly reduces 
memory overhead and computational cost, enabling efficient execution on resource-constrained systems.

Prompt Testing and Optimisation

     The main goal of our project was to develop and test different prompting methods and their combinations to find out which method 
works best for most of the LLMs and optimises agent collaboration. There are 3 modules in the CoELA setup where we can change 
prompts: Planning, Communication, and Action.

     In order to conduct prompt testing, we utilised four large language models: Llama 3.1 (8B), DeepSeek-v1 (8B), Mistral (7B), and 
Gemma 3 (4B). These models were selected to balance performance and hardware efficiency. Model sizes were intentionally capped 
below 8B parameters to ensure that the entire system could run efficiently on a single GPU setup. Llama 3.1 and DeepSeek are among 
the most powerful opensource releases, offering state-of-the-art capabilities in reasoning, which makes them particularly well suited 

https://pubmed.ncbi.nlm.nih.gov/27812521/
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for dynamic multi-agent environments. At the same time, using lightweight yet modern models like Gemma 3 allows us to explore 
whether the number of parameters directly correlates with performance in tasks like planning and coordination. This provides valu-
able insight into how smaller, more efficient models can contribute meaningfully within collaborative agent setups. All prompts, eval-
uation metrics, and implementation details discussed below are available on GitHub.

Planning Prompt

The Planning prompt guides the LLM to select the best action for goal completion. CoELA includes a Baseline Planning Prompt that 
provides the goal, progress, dialogue history, action history, and available actions to the LLM. We tested two modifications:

–	 Explicit Instruction - Improved Baseline: Adds explicit instructions to encourage more goal-focused decisions. For example, 
instead of asking, “please help me choose the best available action” the prompt now says, “You should select the most efficient action 
based on the goal, progress, and available options. Ensure your choice contributes directly to goal completion”.

–	 Structured/Forced Reasoning: Extends the prompt with step-by-step questions1 to guide the LLM toward better decisions by 
explicitly prompting it to analyse the goal, current state, and available actions.

Communication Prompt

The Communication prompt in CoELA enables inter-agent collaboration by generating goal-orientated messages. The Baseline Com-
munication Prompt includes variables like goal, progress, dialogue history, and action history, and ends with a note requesting a brief, 
accurate message.

–	 CPrompt 1 -Instruction Removal: Removes verbose output by explicitly instructing the LLM to avoid explanations and format-
ting (e.g., “Respond as if speaking directly to $OPPO_NAME$”).

–	 CPrompt 2 - One-Shot: Adds a single example dialogue2 to set message tone and structure.
–	 CPrompt 3 - Multi-Shot: Extends CPrompt 2 with multiple dialogue turns for richer context.
–	 CPrompt 4 = CPrompt 1 + CPrompt 2: Merges the instruction-removal from CPrompt 1 with the one-shot example from CPrompt 

2 to generate concise, direct messages that follow a clear format without including unnecessary reasoning or explanations.

Action Prompt

The Action prompt is used to fine-tune how the LLM selects the next best action during execution. It ensures that the model’s output 
aligns with what the system expects, helping to avoid vague or incorrect responses.

–	 Baseline Prompt: Simply asks the LLM to generate the next action from the set of given actions.
–	 Action Prompt 1 One Shot: Improves reliability by adding explicit instructions and an example to help the LLM understand the 

desired output format. This helps to reduce fuzzy matches and improve efficiency.

TTS and Chat GUI Integration

     We developed an interface for the CoELA system which gives a synchronised visual and auditory interface for displaying real-time 
dialogue between agents. The purpose of this module is to present conversations between the agents (Alice and Bob) by reading out 
a live-updating or already existing conversation log using TTS, and presenting it in a Chat GUI. This aids understanding of system be-
haviour and supports development. The speech output is currently optimised for clarity and naturalness using the accent and speed 
features provided along with gTTS and pyttsx3, with future enhancements aimed at incorporating true emotional expressiveness to 
improve user interaction.

https://pubmed.ncbi.nlm.nih.gov/27812521/
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Figure 2: Chat visualisation TTS+ GUI- Alice and Bob Chat.

     The system reads structured dialogue logs, cleans special characters and displays the conversation in a chat-style GUI using tkinter. 
It uses pyttsx3 for text-to-speech and pygame for audio playback, saving each utterance as a temporary .wav file for non-blocking play-
back. Alice and Bob are assigned natural-sounding female and male voices to enhance clarity and aid understanding.

Evaluation and Results

    We evaluated the updated CoELA system quantitatively and qualitatively using metrics such as step count and turn count, and infor-
mation from the conversation logs. Every prompt combination runs in collaboration mode using 4 different LLMs (Llama3.1:8b, Deep-
Seek r1:8b, Mistral:7b, Gemma3:4b). The evaluations ran over 5 tasks with two variations per task, which together make 10 episodes. 
For example a task could be to clear up items and 2 variations could be a) 2 plates and 3 forks, and b) 1 plate and 4 forks.

     The first metric, step count, is the number of script executions for successfully completing a task. We ran the system for all the 10 
episodes and took the average step count for each LLM and prompt combination as shown in Table 1. Our goal is to reduce the step 
count so that tasks are done faster. Upon testing with different prompt combinations, we were able to find that step count reduction 
is better ensured by the Improved Base and Cprompt4 combination especially with Llama3.1 and Gemma3, as displayed in Figure 
3 (a) and Table 1. For Gemma 3, the step count decreased from 84.0 to 65.5, demonstrating a significant improvement in execution 
efficiency. Although Llama 3.1 already exhibited strong baseline performance with a step count of 79.0, the optimized prompt combi-
nation further reduced it to 64.6. These results suggest that prompt engineering plays a critical role in enhancing agent collaboration 
performance, even when using lightweight or already well-performing models.

     The second metric, turn count, is the number of dialogue turns between the agents Alice and Bob during the collaborative execution 
of the task. Collaboration is more successful when understanding is better:thus, if the agents are able to understand precisely what 
they have to do in fewer turns, that paves the way for efficient execution. With this idea, we developed the prompts and tested with 
different LLMs, and found that turn counts are also reduced significantly when using the Improved base and Cprompt4 combination, 
as shown in Figure 3 (b) and Table 2.

https://pubmed.ncbi.nlm.nih.gov/27812521/
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Figure 3: Consolidated Results from Test Runs (a) Step Count, (b) Turn Count, (c) Efficiency 
Improvement 1, (d) Efficiency Improvement 2.

Prompt Gemma 3 Mistral DeepSeek r1 Llama 3.1
Base 84.7 97.1 85.4 79.7
Base + Cprompt1 78.3 95.9 99 66.7
Base + Cprompt2 71.6 91.1 87.7 74.5
Base + Cprompt3 69.3 100.0 90.28 68.8
Base + Cprompt4 87.7 94.5 89.7 65.4
Improved Base 76.2 85.3 92.8 68.7
Improved Base + Cprompt1 74.5 98.1 89.0 69.7
Improved Base + Cprompt4 65.5 94.4 96.5 64.6
Base + Cprompt4 + action one shot 72.2 102.75 93.8 66.3

Table 1: Step Count Comparison (lower is better).

Prompt Gemma 3 Mistral DeepSeek r1 Llama 3.1
Base 9.6 15.6 3.1 6.8
Base + Cprompt1 8.1 13.7 4.5 6.1
Base + Cprompt2 7 12.5 2.8 7.3
Base + Cprompt3 6.4 12.8 3.2 5.6
Base + Cprompt4 8.4 14.5 3.5 6
Improved Base 8.5 14.7 2.6 6.8
Improved Base + Cprompt1 13 19.4 3.9 5
Improved Base + Cprompt4 4 16.4 4 5.7
Base + Cprompt4 + action one shot 7.8 14.5 2.7 5.4

Table 2: Turn Count Comparison (lower is better).

https://pubmed.ncbi.nlm.nih.gov/27812521/
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Prompt Gemma 3 Mistral DeepSeek r1 Llama 3.1
Base 0.23 0.32 0.35 0.16
Base + Cprompt1 0.28 0.33 0.25 0.32
Base + Cprompt2 0.34 0.36 0.33 0.22
Base + Cprompt3 0.37 0.30 0.31 0.28
Base + Cprompt4 0.20 0.33 0.32 0.31
Improved Base 0.39 0.39 0.22 0.29
Improved Base + Cprompt1 0.40 0.30 0.32 0.27
Improved Base + Cprompt4 0.47 0.32 0.19 0.32
Base + Cprompt4 + action one shot 0.34 0.28 0.28 0.30

Table 3: Efficiency Improvement due to collaboration.

     One key observation was that the base prompt often led to verbose outputs, with LLMs including internal “thinking” alongside actual 
messages, which reduced clarity. In contrast, the revised prompts encouraged more concise, action-focused communication. However, 
some models like DeepSeek r1 continued to generate reasoning even with restricted prompts, suggesting that it is difficult to fully by-
pass an LLM’s inherent behaviour through prompting alone. Overall, prompt refinement significantly improved both communication 
clarity and task execution efficiency.

Prompt Gemma 3 Mistral DeepSeek r1 Llama 3.1
Base + Cprompt1 0.07 0.01 0.13 0.16
Base + Cprompt2 0.15 0.06 0.02 0.06
Base + Cprompt3 0.18 0.02 0.05 0.13
Base + Cprompt4 0.03 0.02 0.04 0.17
Improved Base 0.10 0.12 0.08 0.13
Improved Base + Cprompt1 0.12 0.01 0.04 0.12
Improved Base + Cprompt4 0.22 0.02 0.11 0.18
Base + Cprompt4 + action one shot 0.14 0.05 0.08 0.16

Table 4: Efficiency Improvement due to new prompts.

The efficiency improvement of the system is measured based on the step count data gathered from the experiments. It is measured in 
two ways, where:

–	 Efficiency Improvement 1 - The step count values collected from collaboration runs are compared to those of individual agent 
runs. This indicates how collaboration impacts the execution of a task. From the data shared in table 3 and the graph in Figure 
3(c), we can see that collaboration always positively affects the system and improves efficiency. Here, the best improvement is 
shown by the Improved base and Cprompt4 combination. In particular, Gemma 3 demonstrated a substantial improvement - a 
47% reduction in step count when shifting from single-agent to collaborative execution under the optimised prompting strat-
egy. This clearly reinforces the value of effective inter-agent communication and prompt engineering in boosting collaborative 
performance.

–	 Efficiency Improvement 2 - compares step counts from new prompting strategies against the base prompt. While the Improved 
Base + Cprompt4 combination showed notable gains for Gemma 3 (22%) and Llama 3.1 (18%), the same improvement was not 
consistent across all models.

https://pubmed.ncbi.nlm.nih.gov/27812521/
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Discussion

     The best performing configuration in our experiments was the combination of the Improved Baseline prompt with Cprompt4, which 
consistently reduced the step count for both Llama 3.1 and Gemma 3. See figure 4 for an illustration of the differences in collaborative 
behaviour. While this combination proved effective across models, one key insight from our testing was that prompting efficiency is 
highly model dependent. For instance, DeepSeek, even when provided with few-shot examples in the communication prompt, tended 
to include its internal reasoning or “thinking process” in its responses. This behaviour persisted despite modifications in the prompt 
structure, indicating that DeepSeek’s response style is less sensitive to prompt engineering than other models.

     Another interesting observation was that Gemma 3, despite being a smaller model (4B parameters), delivered performance compa-
rable to Llama 3.1 (8B parameters). This suggests that newer models like Gemma may incorporate architectural or training improve-
ments that allow them to match or even outperform larger predecessors in certain collaborative scenarios. To statistically validate 
the observed performance improvements, we conducted a t-test comparing the Base prompt against the Improved Base + Cprompt4 
configuration. The results showed a t-score of 1.70 (p = 0.62) for Gemma 3, and a t-score of 2.47 (p = 0.018) for Llama 3.1. While Gem-
ma’s result suggests only a moderate and not statistically significant improvement, Llamas higher t-score and low p-value indicate a 
statistically significant effect from the prompt refinement. These findings reinforce the earlier observation that Llama 3.1 benefits 
more consistently from prompt optimization, whereas Gemma 3, despite its smaller size, still shows substantial practical gains due to 
its more recent architectural improvements.

Figure 4: Conversation Comparison (left: baseline, right: improved).

Conclusion and Future Work

     In this work, we enhanced the CoELA collaborative embodied AI system by developing improved prompting strategies alongside a 
real-time dialogue interface. The combination of Explicit Instruction (Improved Base) and CPrompt 4 significantly reduced verbosity, 
redundant actions, and fuzzy (i.e., ambiguous or improperly formatted) LLM outputs, leading to more efficient inter-agent communi-
cation and task execution. Along with these improvements, to aid development, we implemented a TTS-ChatGUI module that shows 
and audibly pronounces the conversation in real time. This interface makes differences in clarity, turn-taking, and task alignment visi-
bly and audibly apparent, and so aids system development. Together, our results highlight the value of integrating prompt engineering 
with interactive, multimodal agent interfaces.

https://pubmed.ncbi.nlm.nih.gov/27812521/
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     In future developments we plan to extend our evaluation beyond agent-agent collaboration to include human-agent interaction 
using similar prompting strategies, as well as to ad-hoc team formations of n ≥ 3 agents (e.g. 2 robots assisting 1 human). We are par-
ticularly interested in examining how well agents respond to natural human communication and to dynamic team formation. Under-
standing these phenomena will help us improve collaborative agent behaviour in real-world, mixed-team settings.

    A demonstration video is available at [https://youtu.be/MtP8BH7kYsE] and the code is available at [https://github.com/Himaja-
cob/Co-LLM-Agents].
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