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Abstract — Artificial intelligence tools for conversation, programming and speech are usually built and used in isolation, which
forces users to carry context manually from one tool to another. This paper presents the COLLABRO AI Ecosystem, a multi-
agent platform that unifies conversational assistance, autonomous software engineering and audio intelligence within a single
coordinated architecture. Natural Language Processing (NLP), Machine Learning (ML) and Deep Learning (DL) techniques are
used to interpret user input, infer intent and decompose goals into tasks. An orchestrator agent routes these tasks to specialised
agents for dialogue, code understanding, generation and debugging, and speech and audio analysis. A shared context store lets
the agents maintain a unified understanding of the user’s goal, exchange intermediate artefacts and improve through feedback.
A governance layer embeds data privacy, transparency and responsible automation into every agent interaction. We describe the
architecture, the coordination and routing workflow, candidate implementation techniques and the ethical safeguards, and we
propose an evaluation protocol with per-agent and cross-agent metrics. The modular design supports software development,
enterprise automation, content creation and accessibility applications. This paper reports design and methodology; no
quantitative performance results are claimed, and measured evaluation is identified as future work.
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I. INTRODUCTION

Advances in Natural Language Processing (NLP), Machine
Learning (ML) and Deep Learning (DL) have produced
capable Al tools for conversation, programming and speech
processing [1], [2]. In practice, however, these capabilities are
delivered as separate products. A developer may discuss a
requirement with a chat assistant, use a different tool to write
and debug the program, and use a third service to transcribe the
meeting in which the requirement was stated. The user becomes
the integrator, copying context from one tool to the next, and
each tool starts afresh with no knowledge of the user’s wider
goal.

Multi-agent systems offer a natural remedy: a set of specialised,
autonomous components that communicate and coordinate to
solve problems that no single component handles well [3].
Recent work shows that agents built on large language models
(LLMs) can plan, use tools and collaborate [2], [4], and that
role-specialised agents can jointly complete software tasks [5],

[6].

This paper presents the COLLABRO Al Ecosystem, a multi-
agent platform that brings three capabilities under one
coordinated architecture: (a) conversational assistance, (b)
autonomous  software engineering, comprising code
understanding, generation and debugging, and (c¢) audio
intelligence, comprising speech and audio processing and
analysis. An orchestrating layer interprets intent, plans tasks
and routes them to the agents; a shared context keeps a common
understanding of the user’s goals; and a governance layer
enforces privacy, transparency and responsible automation.
The objectives of the project are to (i) provide a single entry
point to conversational, coding and audio capabilities, (ii)
enable cross-domain tasks, for example turning a spoken
requirement into tested code, through agent coordination, (iii)
maintain a unified understanding of user goals that improves
with feedback, (iv) build ethical safeguards into the design, and
(v) provide a modular and scalable base for new agents. The
contributions of this paper are:
e alayered multi-agent architecture that integrates dialogue,
software-engineering and audio agents under an
orchestrator;
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e ashared-context and coordination mechanism with explicit
agent-routing, context-update and autonomy-gating rules
(Egs. (1)~(3));

e an ethics-by-design governance layer that defines privacy,
transparency and human-oversight controls for every
agent;

e an cvaluation protocol with per-agent and cross-agent
metrics, together with a clear statement of what has and has
not yet been measured.

The remainder of the paper is organised as follows. Section II
reviews related work, Section III analyses existing practice and
the research gap, Sections IV—VII present the proposed system,
its architecture, workflow and implementation, Section VIII
addresses ethical and responsible-Al considerations, Section IX
gives the evaluation plan and discussion, Sections X—XI cover
advantages, limitations and future work, and Section XII
concludes.

II. RELATED WORK

1. Agents and LLM-Based Multi-Agent Systems

Classical agent theory defines an agent as an autonomous entity
that perceives its environment and acts to meet its objectives,
and a multi-agent system as a society of such agents that
cooperate through communication [3].

Transformer-based LLMs [1] have renewed interest in this
view, and surveys describe how LLM agents combine planning,
memory and tool use [2], and how multiple LLM agents can be
organised for collaborative problem solving [4].

Several frameworks make this concrete. AutoGen supports
applications built from conversing agents [6]; MetaGPT
encodes standard operating procedures into role-based agent
workflows for software development [5]; and CAMEL studies
role-playing communicative agents [7]. At the single-agent
level, ReAct interleaves reasoning with actions [8], Toolformer
shows that models can learn to call external tools [9], and
HuggingGPT uses an LLM as a controller that selects
specialised models, including speech models, to solve multi-
step tasks [10]. Generative agents add a memory stream with
reflection and planning [11], which motivates our shared-
context design.

2. Code and Audio Intelligence

LLMs trained on code can synthesise programs from natural-
language descriptions [12], yet resolving real repository issues
remains difficult, as the SWE-bench benchmark shows [13].
This supports the use of execution feedback and iterative

debugging in an autonomous software-engineering agent. In
speech processing, self-supervised representation learning [14]
and large-scale weakly supervised training [15] have made
robust automatic speech recognition (ASR) widely available,
providing the basis for an audio-intelligence agent.

3. Grounding, Reliability and Ethics

Retrieval-augmented generation (RAG) grounds model output
in an external document store [16], whereas ungrounded
generation can produce fluent but unsupported content,
commonly called hallucination [17]. Reviews of Al ethics
guidelines report convergence on principles such as
transparency, responsibility and privacy [18], and data-
protection law imposes concrete obligations [19], [20].
COLLABRO differs from the above in combining a
conversational front end, a software-engineering agent and an
audio agent in one ecosystem, and in treating governance as a
first-class architectural layer rather than an add-on.

ITI. EXISTING SYSTEMS AND RESEARCH
GAP

Current practice in Al-assisted work can be characterised as

follows.

e Isolated tools. Conversational assistants, coding assistants
and speech services are separate products with separate
interfaces and accounts.

e No shared context. Each tool sees only its own inputs, so a
requirement spoken in a meeting is unknown to the coding
tool unless the user re-enters it.

e Manual hand-off. Users copy transcripts, prompts and code
between tools, which is slow and error-prone.

e Limited autonomy. Many assistants answer single prompts
but do not plan multi-step tasks, run tests on the code they
generate or recover from failures.

e  Ethics as an afterthought. Privacy, transparency and human
oversight are typically configured per product rather than
enforced consistently across a workflow.

The gap addressed by COLLABRO is the lack of a single
architecture in which specialised agents for dialogue, software
engineering and audio cooperate on cross-domain goals, share
a persistent understanding of those goals, and operate under
uniform governance.

We do not claim that the architecture closes this gap
empirically; Section IX defines how this would be tested.
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IV. PROPOSED SYSTEM

Collabro consists of an orchestrator agent, three specialised
agents, a shared context store and a governance layer. Table I
summarises the specialised agents.

Table 1. Specialised Agents and Responsibilities

Agent Responsibilities Main inputs —
outputs
Multi-turn conversation,
Dialogue intent recognition, entity Text — replies,
extraction, clarification, |clarifying questions
explanation of other agents’
results
Code understanding,
Software | planning, generation, test |[Requirements, code
engineering| execution in a sandbox, — patches, tests,
debugging, change reports
explanation
Speech-to-text, speaker Audio —
Audio segmentation, audio-event transcripts,
intelligence| detection, summarisation, | summaries, action
speech output items
Intent interpretation, task | User goal — task
Orchestrato |[decomposition, routing, result|graph, final answer
r fusion, re-planning

Dialogue agent. This agent is the user’s main point of contact.
It maintains the conversation, detects intent, asks clarifying
questions when a goal is ambiguous and presents the work of
other agents in plain language, which also supports
accessibility for users who prefer simple explanations or
spoken output.

Software-engineering agent. This agent reads code and
requirements, drafts a plan, generates or modifies code,
executes tests in an isolated sandbox, diagnoses failures and
iterates. Changes to protected resources are applied only after
user approval (Section VIII).

Audio-intelligence agent. This agent converts speech and other
audio into structured text and metadata, such as transcripts,
speaker turns and key events, and can produce spoken output.
Its results are written to the shared context for other agents to
use.

Orchestrator. The orchestrator converts the user’s goal into sub-
tasks, assigns each to the best-suited agent, monitors progress
and merges results. As an example of cross-domain use, a user

uploads a recorded planning meeting; the audio agent
transcribes it and extracts requirements; the orchestrator turns
these into tasks; the software-engineering agent drafts code and
tests; and the dialogue agent summarises the outcome and
requests approval. Target application areas are software
development, enterprise automation, content creation and
accessibility.

V. SYSTEM ARCHITECTURE

Fig. 1 shows the layered architecture. The interface and input
layer accepts text, voice or audio files and applies speech front-
end processing and text normalisation. The orchestration layer
hosts the orchestrator agent. The agent layer contains the
dialogue, software-engineering and audio agents, each exposed
through a defined message interface so that models and tools
inside an agent can be replaced without affecting the others.
The shared context and memory layer stores goals, history,
artefacts and inter-agent messages. The governance layer
monitors all flows for privacy, transparency and approval
requirements. Supporting infrastructure, such as model serving,
the code sandbox and storage, sits beneath these layers.

User
(text / voice / audio)

!

Interface & Input Layer
(speech front end, normalisation)

¥
Orchestrator Agent

Intent - Task planning
Routing - Result fusion

! ! !

Dieioers Software Audio
A e?lt Engineering Intelligence
g Agent Agent

! ! !

Shared Context & Memory Store
(goals - history - artefacts - messages)

A

v

Governance Layer
Privacy - Transparency - Audit

Fig. 1. Layered architecture of the COLLABRO Al
Ecosystem.

Agents never call one another directly. They read from and
write to the shared context through structured messages, which
keeps coupling low, makes every exchange auditable and
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allows new agents to be added by registering their capabilities
with the orchestrator. Table II lists the fields of a context record.

Table 2. Fields of a Shared-Context Record

Field Content
Goal User goal in structured form, with
constraints and success criteria
Task graph Sub-tasks, dependencies, assigned agents
and status
Messages Requests and replies exchanged between
agents
Artefacts Transcripts, code, diffs, test logs,
summaries
Provenance Producing agent, inputs, time and
confidence
Consent and flags| User permissions, data-sensitivity labels,
approval state

VI. METHODOLOGY AND WORKFLOW

The workflow for a user request is summarised in Fig. 2 and

proceeds as follows.

e Input. The interface layer receives text, voice or an audio
file and attaches session and consent information.

e The governance layer monitors all flows for privacy,
transparency and approval requirements. Supporting
infrastructure, such as model serving, the code sandbox
and storage, sits beneath these layers

e Pre-processing. Audio is transcribed by the audio agent;
text is normalised. Low-confidence transcripts are flagged
for confirmation.

e Intent and goal extraction. The orchestrator classifies
intent, extracts entities and constraints, and writes a
structured goal to the shared context.

e Task decomposition. The goal is split into sub-tasks with
dependencies, forming a task graph.

e Agent assignment. Each sub-task # is assigned to the
agent that maximises the routing score in (1).

a*=argmax S(a,t) (1)

Here A is the set of registered agents and the score is S(a, tj) =

we cap(a, 1) — wl load(a) — wr risk(a, ¢j), where cap(-) is the

estimated capability match, load(-) the current workload, risk(-)

the potential impact of an error, and wc, wl, wr are non-negative

weights.

¢ Execution and coordination. Agents execute their sub-
tasks and publish results as messages. After the k-th

message mk the shared context is updated as in (2), so
every agent sees the same state.

Cktl = Ck U { mk }, mk=(a, i, i, pk)  (2)

where rj is the result and pk its provenance record (agent,

inputs, time, confidence).

e Validation and policy check. Results are checked against
tests (for code), confidence thresholds (for transcripts) and
governance rules. An action with confidence ¢j and risk
level pj is executed autonomously only if (3) holds;
otherwise the user is asked to confirm.

¢j > 0(pj), 8 non-decreasing in p (3)

1. Receive input
(text or audio)

v
2. Pre-process & transcribe
(if audio)
v

3. Intent classification
& goal extraction

v

4. Task decomposition
into sub-tasks

v
5. Agent assignment
(capability matching)
v

6. Agents execute and
share results via context

v

7. Validation & policy check
(privacy, safety, tests)

v

8. Result fusion &
response generation

v

9. Context update
& feedback logging

Fig. 2. Coordination workflow of the COLLABRO Al
Ecosystem.

T

re-plan on failure

e  Fusion and response. The orchestrator merges the results,
and the dialogue agent explains them to the user, indicating
which agents contributed and how certain the results are.

e Feedback and update. User corrections, test outcomes and
approvals are logged to the context and used to adjust
routing weights and prompts. A failed validation triggers

© 2026 IJSRET



International Journal of Scientific Research & Engineering Trends
Volume 12, Issue 5, Sep-Oct-2026, ISSN (Online): 2395-566X

re-planning from step 4, with a bounded number of retries
before escalation to the user.

e Agents never call one another directly. They read from and
write to the shared context through structured messages,
which keeps coupling low

e Response and rendering. The structured object is returned
to the client and rendered. If the request fails, the interface
shows a connection-error message and a status indicator
turns red.

e  Prompt assembly. The prompt consists of a system prompt
that defines the institutional assistant persona, the most
recent eight messages, and, if present, an additional system
message carrying the authenticated student’s name,
department, year and register number.

VII. SYSTEM IMPLEMENTATION AND
TECHNOLOGIES

The architecture is model-agnostic: each agent sits behind a
message interface, and the techniques in Table III are candidate
options rather than fixed choices. This allows models to be
replaced as the field evolves and allows deployments to trade
accuracy, cost and privacy by, for example, running speech and
code models locally or through a hosted service.

Table 3. Candidate Techniques Per Module

Module Candidate techniques
Dialogue | Transformer-based LLM [1]; intent classifier
management | and dialogue-state tracker; optional retrieval
grounding [16]
Task planning| LLM-based decomposition; reason-and-act
loop [8]; tool calling [9]
Code Code-trained LLM [12]; static analysis;

understanding [sandboxed test execution; execution-feedback
and generation debugging

Self-supervised or weakly supervised ASR
[14], [15]; speaker diarisation; spectrogram-
based audio-event classifiers; speech synthesis

Speech and
audio

Structured store with vector index for
semantic recall
[11]; provenance and audit log

Shared context

Agent interface. Messages carry a task identifier, sender,
receiver, payload type, payload, confidence and provenance,
serialised as structured data such as JSON. A uniform schema

lets the orchestrator validate every message before it enters the
context.

Robustness. Each agent call has a timeout and bounded retries.
If a transcript has low confidence the user is asked to confirm
it before downstream use; if generated code fails tests after a
fixed number of iterations, the software-engineering agent
reports the failure and its diagnosis instead of continuing
indefinitely. Retrieved or transcribed content is treated as data,
never as instructions, to reduce prompt-injection risk.

Scalability. Because agents communicate only through the
shared context, they can be deployed as independent services
and scaled separately; heavy workloads such as long-audio
transcription can be queued without blocking dialogue.

VIII. ETHICAL AND RESPONSIBLE-AI
DESIGN

The governance layer turns ethical principles [18] into

enforceable controls that apply to all agents.

e Data privacy. Data collection is limited to what a task
needs; audio and code are processed only with user
consent, labelled by sensitivity, retained for a limited time
and deletable on request. Design follows the principles of
data minimisation and purpose limitation found in current
data-protection law [19], [20]. Local processing is
preferred for sensitive inputs.

e  Transparency. Users are told which agents handled a
request, what inputs and tools they used and how confident
the results are. Provenance records and audit logs allow
any output to be traced to its source.

e Responsible automation. Code runs in an isolated sandbox
with least-privilege access. Actions that are irreversible or
affect external systems, such as deploying code or deleting
data, require explicit human approval according to (3).
Users can inspect, edit or reject any proposed change.

e Reliability and honesty. Because generative models can
produce unsupported statements [17], agents report
uncertainty, cite retrieved sources where grounding is used,
and are instructed to say when they cannot complete a task.

e Fairness and accessibility. Speech recognition accuracy
can vary with accent, language and recording quality;
evaluation therefore reports results by speaker group, and
the system offers text and spoken alternatives to support
users with different needs.
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IX. RESULT AND DISCUSSION

1. Evaluation Protocol

This paper presents the design and methodology of
COLLABRO and does not report measured performance. Table
IV defines the proposed metrics for validating the design.

Table 4. Proposed Evaluation Metrics

Component Metrics
Dialogue Intent accuracy; response relevance and
helpfulness (human rating); task-completion
rate; response latency
Software | Test pass rate and pass@k [12]; issue-resolution
engineering | rate on a benchmark such as SWE-bench [13];
iterations to a passing fix; reviewer effort
Audio Word error rate; speaker-diarisation error;
summary quality and action-item recall
Orchestration| Routing accuracy; end-to-end completion of
cross-domain tasks; context consistency; user
interventions per task
Governance | Privacy-policy violations; audit-log coverage;
correct triggering of approval gates

Two baselines are proposed: (a) the same tasks performed with
separate stand-alone tools and manual hand-off, and (b) a
single-agent configuration without a shared context.
Comparing these with the full multi-agent system would show
whether coordination, rather than the underlying models,
produces any improvement in completion rate, time and user
effort. A user study with representative tasks, such as
converting a recorded meeting into a tested code change, would
complement automatic metrics.

&
COLLABRO

2. Discussion

The design is expected to reduce manual hand-off and context
loss, but it also adds risks that the evaluation must examine.
Errors can propagate across agents, for example a mis-
transcribed requirement leading to incorrect code; a corrupted
or malicious entry in the shared context can affect every agent;
and coordination adds latency and cost compared with a single
call. The confidence and approval gate in (3), provenance
records and bounded retries are intended to limit these effects,
but their effectiveness remains to be measured. Consequently,
we make no claim of improved accuracy, speed or user
satisfaction over existing systems.

Advantages and Limitations

Advantages

e A single coordinated entry point replaces
disconnected tools.

The shared context preserves the user’s goal across
modalities and agents, enabling cross-domain tasks.
Specialisation allows each agent to use the model best
suited to its task.

Modular interfaces make it possible to add agents, replace
models and scale components independently.

Privacy, transparency and human oversight are enforced
uniformly rather than per tool.

several

Limitations

Evaluation. No quantitative evaluation is reported in this
paper.

Error propagation. Mistakes by one agent can affect later
agents, and coordination adds latency and computational
cost.

Model dependence. Output quality depends on the
underlying language, code and speech models, which may
hallucinate or misrecognise input [17].
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e Security. Shared memory and tool access enlarge the attack
surface, including prompt injection through transcripts,
documents or code.

e Autonomy limits. High-risk actions still need human
approval, which limits full automation.

Future Enhancements

e Empirical evaluation. Implement the protocol of Section
IX with benchmark tasks and a user study, and publish
results with baselines.

e Grounded answers. Add retrieval over authorised
organisational documents and code repositories with cited
passages [16].

e Learning from feedback. Learn routing weights and
autonomy thresholds from logged outcomes under human
supervision.

e Additional agents and modalities. Extend the ecosystem to
vision, data-analysis and workflow-automation agents, and
to more languages.

e Security hardening. Add adversarial testing, stronger
isolation and access control, and formal review of the
governance policies.

e Enterprise integration. Connect to issue trackers, version
control, meeting platforms and enterprise systems.

X. CONCLUSION

The COLLABRO Al Ecosystem proposes a collaborative
multi-agent architecture that unifies conversational assistance,
autonomous software engineering and audio intelligence. An
orchestrator interprets intent and routes tasks, a shared context
maintains a common understanding of user goals, and a
governance layer embeds privacy, transparency and responsible
automation. The modular design supports software
development, enterprise automation, content creation and
accessibility applications and can scale as new agents and
models become available. The paper contributes the
architecture, coordination rules and an evaluation protocol; the
next step is empirical validation against stand-alone and single-
agent baselines.
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