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Abstract

Enterprises increasingly rely on AI-powered workflows, yet most deployed systems remain
single-modal, task-specific, and stateless, which limits their ability to reason over rich data and
act autonomously in dynamic environments. OmniChat AI is a SaaS platform for building and
deploying AI agents that automate workflows, analyze data, and improve customer experiences
through customizable agents, extensive API integration, advanced analytics, and enterprise-
grade security. Guided by a multi-year roadmap, OmniChat AI aims to evolve from text-centric
automation to a multimodal, reinforcement learning enhanced, long-term memory enabled agent
ecosystem that is transparent, safe, and aligned with human values. This paper presents the Om-
niChat AI research agenda and system architecture along four phases: (1) foundation building
with a modular multimodal pipeline and deterministic decision policies, (2) enhanced capabili-
ties via cross-modal intelligence and reinforcement-learning-based decision making, (3) advanced
autonomy through long-term memory, contextual understanding, and hierarchical planning,
and (4) ecosystem expansion focused on agent collaboration, domain-specialized agents, and
ethics-aware global deployment. We position this roadmap in the context of recent advances in
multimodal learning, multimodal reinforcement learning, long-term memory architectures, and
explainable reinforcement learning, and we outline concrete research questions, architectural
choices, and evaluation protocols for bringing OmniChat AI to production-grade autonomous
agents.

1 Introduction
Over the last few years, large language models and AI agents have transformed how organizations
interact with data and customers. However, most deployed enterprise AI experiences are still
narrow: they rely on a single modality, usually text, operate statelessly across sessions, and act
only as conversational front ends rather than autonomous actors. Emerging work on multimodal AI
agents that combine text, images, and speech shows that such agents can support more natural and
effective interactions, especially when endowed with agency, that is, the ability to autonomously
act toward user or business goals.

OmniChat AI is a SaaS agent platform that allows businesses to build custom AI agents with-
out coding, integrate them with internal tools via APIs, monitor performance through analytics,
and operate within an enterprise security envelope. The public roadmap articulates a vision for
autonomous agents that perceive, understand, and interact with the world across text, voice, and
vision, grounded in robust infrastructure, security, and ethics. This roadmap naturally induces
a research program: how to design a modular architecture that supports multimodal perception,
scalable long-term memory, reinforcement-learning-based decision making, and explainability in
real-world enterprise settings.
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This paper contributes a system-level research agenda for OmniChat AI. First, it contextu-
alizes the roadmap within current research on multimodal and cross-modal learning, multimodal
reinforcement learning, agent memory, and explainable reinforcement learning. Second, it proposes
a layered architecture for OmniChat agents aligned with the roadmap phases. Third, it identifies
open research questions and evaluation methodologies for deploying autonomous multimodal agents
safely and effectively in enterprise workflows.

2 Background and Related Work

2.1 Multimodal and Cross-Modal Learning

Multimodal learning integrates heterogeneous data sources such as text, images, audio, and struc-
tured signals into a joint representation, which can improve robustness and contextual understand-
ing compared with single-modal models. Existing surveys emphasize the importance of flexible
fusion strategies, including early fusion, late fusion, and hybrid fusion, as well as cross-modal align-
ment mechanisms for real-world applications. Cross-modal learning in particular seeks to transfer
information across modalities, enabling models to infer relationships, for example, mapping visual
scenes to textual descriptions or inferring missing modalities at inference time.

For OmniChat AI, this literature informs the design of a perception stack that can ingest
multimodal inputs from business workflows, such as PDFs, documents, screenshots, call recordings,
and user interface captures, and align them with textual queries and actions.

2.2 Multimodal Reinforcement Learning and Agent Frameworks

Multimodal reinforcement learning extends conventional reinforcement learning by integrating vi-
sual, textual, and other sensory information into the state space, allowing agents to operate in more
complex environments. In this setting, agents learn policies from heterogeneous observations, such
as joint video-language streams or vision and language inputs, and choose actions that maximize
long-term reward.

Recent frameworks show how combining visual and textual inputs in deep reinforcement learn-
ing can enhance decision making in autonomous laboratories and sequential control tasks. Em-
bodied agent frameworks demonstrate that reinforcement-learning-based multimodal agents can
leverage both vision and language for interaction and control in practical environments. These
works suggest that OmniChat agents could evolve from deterministic rule-based orchestrators to-
ward reinforcement-learning-enhanced planners that reason over multimodal state information and
optimize long-term objectives such as task success, user satisfaction, and operational efficiency.

2.3 Long-Term Memory Architectures for Agents

The stateless nature of many language-model-based agents limits their ability to sustain coherent
interactions over time. A growing body of work investigates memory-centric architectures that dy-
namically extract, condense, and retrieve salient information from ongoing interactions, often using
external memory stores and retrieval mechanisms. Recent research demonstrates that structured
long-term memory can substantially improve multi-hop reasoning and question answering while
dramatically reducing latency and token cost compared with naive full-context approaches.

Industrial systems expose production-ready memory primitives that transform raw conversa-
tional history into persistent knowledge, emphasizing extraction, consolidation, and retrieval at
scale. Practitioner guides and technical work highlight design patterns for building long-term
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memory into agents, combining vector databases, relational stores, and summarization strategies.
For OmniChat AI, long-term memory is central to the phase of the roadmap where agents must
maintain persistent knowledge of users, organizations, and workflows while respecting privacy and
regulatory constraints.

2.4 Explainable Reinforcement Learning and Safety

As agents become more autonomous, understanding and controlling their behavior becomes critical.
Explainable reinforcement learning studies methods for making reinforcement learning policies in-
terpretable, including policy summarization, saliency visualizations, counterfactual reasoning, and
model-based explanations. Systematic reviews catalog a wide variety of approaches and highlight
the unique temporal and sequential aspects that distinguish reinforcement learning explainability
from supervised learning explainability.

Recent work on world-model-based explanations suggests generating counterfactual trajectories
that show how different actions would have changed outcomes, making reinforcement learning
behavior more understandable to non-experts. OmniChat AI’s roadmap explicitly calls for safety
guardrails, oversight mechanisms, and tools for explainable AI decisions, which can be realized
through explainable reinforcement learning inspired techniques and policy-level constraints.

3 OmniChat AI Platform Overview
OmniChat AI currently provides a platform where businesses can build customizable agents with-
out code, integrate with existing tools via APIs, monitor performance with advanced analytics,
collaborate via shared workspaces and role-based access, and rely on encryption and security con-
trols appropriate for enterprise settings. From a research perspective, this platform serves as an
ideal substrate for deploying and evaluating new agent architectures in real-world workflows.

The published roadmap segments development into four phases. The first phase focuses on foun-
dational infrastructure: a modular architecture that integrates text, voice, and vision processing,
a universal API layer, deterministic decision-making frameworks, and secure cloud infrastructure
with logging and audit trails. The second phase emphasizes advanced multimodal intelligence, prob-
abilistic reasoning, reinforcement-learning-based improvement, explainability, and industry-specific
solutions. The third phase targets contextual understanding, long-term memory, personalization,
multi-step planning, proactive behavior, and enterprise ecosystem tooling. The fourth phase ex-
tends into advanced research on multimodal fusion, simulation-based training, specialized agents,
embodied interaction, global language coverage, cultural adaptation, and ethical frameworks.

This layered architecture clarifies how the roadmap phases translate into concrete system com-
ponents that can be independently improved and evaluated.

4 Multimodal Perception and Cross-Modal Fusion
The first phase of the roadmap calls for a modular architecture that integrates text, voice, and vision
with a universal API for diverse input and output formats. The multimodal perception problem
can be viewed as mapping a set of temporally indexed modality streams, including text, audio, and
images or video, to a latent state representation suitable for downstream decision making.

For text, OmniChat can leverage state-of-the-art language models with instruction tuning and
retrieval-augmented generation to ground responses in enterprise data. For speech, the system
must incorporate automatic speech recognition and text-to-speech models, along with paralinguistic
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Perception Layer
Text, Voice, Vision Encoders; Cross-Modal Fusion

Memory & Knowledge Layer
Working Memory, Episodic Logs, Semantic Knowledge Base

Decision Layer
Deterministic Policies, Probabilistic Reasoning, RL-based Planning

Integration Layer
Universal API Connectors, Tooling, Workflow Orchestration

Governance Layer
Security, Compliance, Logging, Guardrails, Explainability

User & Enterprise Inputs
(Text, Calls, Screenshots, Documents)

Actions / Outputs

Figure 1: Layered architecture of OmniChat AI agents, aligned with perception, memory, decision-
making, integration, and governance concerns.
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Chats, Tickets

Voice Input
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Vision Input
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Multimodal Perception
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Memory & Retrieval
Working, Episodic, Semantic Stores

Decision Policy
Rules, Planning, RL

Tools & APIs
CRM, Billing, Support

User-facing Output
Responses, Reports

Interaction Logs

Governance & Safety
Logging, Guardrails, Explainability

Figure 2: End-to-end OmniChat AI agent pipeline. Multimodal inputs are fused, contextualized via
memory, and mapped to actions and responses by a decision policy under governance constraints.

analysis such as emotion detection and speaker diarization to interpret conversational context. For
vision, the system requires image and document understanding models that can parse screenshots,
invoices, forms, and scene-level images, potentially with optical character recognition and layout-
aware encoders.

Cross-modal fusion strategies are a key research axis. Early fusion concatenates low-level em-
beddings from each modality into a joint encoder, while late fusion combines modality-specific
predictions. Hybrid approaches may use cross-attention or co-embedding spaces to align modalities
and support tasks such as explaining screenshots in plain language or summarizing call transcripts
that reference visual evidence. For OmniChat AI, an extensible perception software development
kit is desirable so that new modalities or domain-specific encoders such as medical imaging or
industrial sensor streams can be attached via standardized interfaces. Research questions include
how to efficiently share representations between agents, how to balance computational cost versus
accuracy for real-time workflows, and how to robustly handle missing or noisy modalities.

The pipeline in Figure 2 emphasizes how multimodal perception, memory, and policy interact
and how governance wraps the core loop.
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5 Decision-Making and Autonomy
The roadmap charts an evolution from deterministic rule-based frameworks to probabilistic rea-
soning and reinforcement-learning-enhanced autonomy. In the proposed architecture, the decision
layer sits atop the perception and memory layers and is responsible for mapping latent state rep-
resentations to actions, which may include API calls, tool invocations, user interface operations, or
natural language responses.

At early stages, policies can be implemented as deterministic decision trees, finite-state ma-
chines, or rule-based planners orchestrated by language models. These policies are interpretable
and easier to control, which is appropriate for high-stakes tasks and early production deployments.
As sufficient interaction data is collected, the system can transition to reinforcement-learning-based
policies that optimize long-term metrics such as task completion rate, user satisfaction, latency, or
revenue impact.

Multimodal reinforcement learning offers an attractive paradigm. The agent’s state includes
textual conversation, visual context, and historical signals, with actions that may involve both com-
munication and environment manipulation. Recent multimodal reinforcement learning frameworks
show that integrating visual and textual modalities can significantly improve sequential decision
making in complex domains. OmniChat could employ off-policy reinforcement learning with logged
interaction data, combining behavior cloning and policy optimization using conservative or con-
strained reinforcement learning algorithms to maintain safety.

Hierarchical control is particularly relevant for enterprise workflows. High-level policies can
choose sub-tasks such as triaging a ticket, fetching a customer profile, or executing a refund, while
low-level controllers handle concrete API calls and user interface interactions. Research questions
include how to define task abstractions that generalize across customers, how to safely explore in
production-like environments, and how to combine reinforcement learning with language model
planning in hybrid architectures.

6 Long-Term Memory, Contextual Understanding, and Personal-
ization

A later phase of the roadmap emphasizes long-term memory, contextual understanding across long
conversations, personalization, and continuous learning. From a research perspective, memory
can be viewed as a multi-tiered system encompassing transient working memory for the current
interaction, episodic memory for prior sessions, and semantic memory for structured knowledge
about users, organizations, and workflows.

Recent memory-centric architectures demonstrate that dynamic extraction and consolidation
of salient information can dramatically improve multi-hop reasoning and reduce token costs by
avoiding full-context replay. For OmniChat AI, a practical design involves a memory extractor that
learns to identify and summarize salient events from ongoing interactions, such as user preferences,
recurring issues, and key decisions. A memory store uses a combination of vector databases and
structured stores to persist and index these summaries with appropriate metadata, access control,
and retention policies. A retriever selects relevant memories for a given query or action context,
possibly using task-specific retrieval policies. A consistency and forgetting module merges, updates,
or removes memories in response to new evidence or user requests.

Personalization arises naturally from long-term memory. Agents can adapt language style,
content depth, and recommended actions based on observed user behavior and stored preferences,
while respecting explicit opt-in and transparency requirements. Key research questions include
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how to measure memory quality and usefulness, how to prevent spurious or biased memories from
degrading behavior, and how to implement user-facing controls for inspecting and editing stored
memories.

7 Governance: Security, Explainability, and Ethical Frameworks
The roadmap commits to encryption, data protection, logging, audit trails, safety guardrails, ex-
plainable decisions, and advanced ethical frameworks. In the proposed architecture, these concerns
are encapsulated in a governance layer that interacts with all other layers.

Security and privacy require robust access controls, data minimization, and encryption in transit
and at rest. For multi-tenant deployments, strict boundary enforcement and per-tenant keys are
essential. Logging and audit trails should capture not only API calls and model outputs but also
internal agent decisions, memory operations, and policy updates, enabling post-hoc analysis and
incident response.

Explainability in reinforcement-learning-based agents can leverage methods from explainable
reinforcement learning, such as generating natural language rationales tied to salient state features,
visualizing the contribution of modalities to decisions, and presenting counterfactual trajectories
using world models. For OmniChat AI, an agent transparency console is appealing so that ad-
ministrators can inspect why a given action was taken, which memories were retrieved, and what
alternatives existed under the learned policy.

Ethical frameworks must address fairness, robustness, misuse prevention, and regulatory com-
pliance across jurisdictions. The roadmap explicitly calls for cultural adaptation and transparency
tools for regulatory compliance, aligning with emerging global standards for AI safety and gover-
nance. This suggests a research agenda around policy templates, jurisdiction-aware constraints,
and automated compliance verification pipelines.

8 Roadmap-Aligned Research Agenda
The four roadmap phases can be reinterpreted as a staged research program for OmniChat AI.
In the first phase, foundation building, the focus is on formalizing the multimodal perception and
universal API layers, establishing robust security and logging, and deploying simple deterministic
agents in narrow domains such as customer service or document processing. Key research milestones
include benchmarking multimodal ingestion pipelines on enterprise-specific tasks and validating the
modular architecture for extensibility.

In the second phase, enhanced capabilities, research effort shifts toward cross-modal learning,
probabilistic reasoning, and reinforcement-learning-based policy learning, informed by logged in-
teraction data. Open questions include selecting appropriate reinforcement learning algorithms for
off-policy learning in high-dimensional, partially observable environments and designing explainable
policies that satisfy enterprise safety constraints.

In the third phase, advanced autonomy, the center of gravity moves to deploying long-term
memory at scale and enabling contextual, personalized behavior across sessions and tasks. Research
focuses on memory extraction policies, retrieval quality metrics, cross-tenant isolation of memory,
and continuous learning mechanisms that update policies while preserving stability.

In the fourth phase, ecosystem expansion, OmniChat is envisioned as a platform for agent-
to-agent collaboration, specialized domain agents such as legal, medical, or financial agents, and
embodied interactions that extend beyond purely digital workflows. This phase raises challenging
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Phase 1
Foundation Building

Deterministic Agents, Modular Stack & Infra

Phase 2
Enhanced Capabilities

Cross-Modal Reasoning, Policy Learning

Phase 3
Advanced Autonomy

Personalized Agents, Long-Term Memory

Phase 4
Ecosystem Expansion

Multi-Agent Systems, Global Deployment & Ethics

Figure 3: OmniChat AI roadmap as a research trajectory from foundational infrastructure to
ecosystem-level autonomous multimodal agents.

research questions in multi-agent coordination, cross-domain transfer learning, simulation-based
training, global language and cultural adaptation, and ethics-aware deployment.

The timeline in Figure 3 visualizes how architectural complexity, autonomy, and research depth
increase over the roadmap phases.

9 Evaluation Methodology
Evaluating OmniChat AI requires more than measuring language quality in isolation. The platform
must be judged on its ability to solve end-to-end enterprise tasks, at reasonable cost and latency,
without violating safety or governance constraints. We therefore view evaluation as a layered
process that combines offline benchmarks, simulation-based analysis, and online experiments, each
grounded in realistic business data.

9.1 Offline Task Benchmarks

Offline evaluation begins with curated datasets that represent high-value workflows for OmniChat
customers. In a typical deployment, we construct domain-specific benchmarks from historical
interaction logs and structured back-end data. For customer support, this may consist of several
tens of thousands of past tickets with their full multimodal context (initial message, screenshots or
attachments, and relevant CRM records), along with the final resolution actions and satisfaction
metadata. For operations automation, the data may include procedure runs and incident records
with timestamps and actions.

For a benchmark dataset D = {(xi, yi)}N
i=1, where xi encodes the multimodal context and yi is

a structured representation of the desired outcome (for example, API calls, form fields, and textual
explanation), we evaluate task success rate

TSR = 1
N

N∑
i=1

1{ŷi ≡ yi},

where equivalence is defined via domain-specific matchers rather than exact string equality. For
customer workflows this may mean that the correct account was accessed, the correct refund amount
was issued, and the final status matches the ground-truth ticket resolution, irrespective of minor
wording differences.

In addition to TSR, we measure structured accuracy on individual fields (for example, extracted
invoice amounts, dates, and entity identifiers) and sequence-level metrics such as action-edit dis-
tance between the agent’s proposed tool calls and the reference sequence. To capture efficiency, we
record the number of interaction steps per task and the cumulative token usage, reporting median
and 95th percentile values.

Latency is evaluated at both the per-call and end-to-end task levels. Let Li denote the time
between user request and task completion for example i. We report p50(L), p90(L), and p99(L),
and often normalize by a baseline system to obtain a relative latency improvement. Cost is tracked
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via an effective cost-per-success metric

CPS =
∑N

i=1 ci∑N
i=1 1{ŷi ≡ yi}

,

where ci aggregates model inference costs and external API usage. For many enterprise deploy-
ments, moving to a new agent policy is acceptable only if CPS does not increase significantly while
TSR or user satisfaction improves.

9.2 Evaluation of Long-Term Memory and Personalization

Long-term memory introduces new dimensions of quality that are not captured by single-session
benchmarks. To evaluate memory, we construct paired datasets of interactions with and without
access to persistent state. In one configuration, the agent receives only the current conversation
context; in the other, it can retrieve relevant memories from past sessions, user profiles, and orga-
nizational knowledge.

We measure retrieval quality using a labeled set of queries where domain experts specify which
memory items are relevant. Denoting the set of ground-truth memories for query q as M∗(q) and
the top-k retrieved items as M̂k(q), we compute recall@k and precision@k:

Recall@k = Eq

[
|M∗(q) ∩ M̂k(q)|

|M∗(q)|

]
, Precision@k = Eq

[
|M∗(q) ∩ M̂k(q)|

|M̂k(q)|

]
.

We also track a compression ratio that measures how much of the raw interaction history is replaced
by condensed memories while maintaining TSR within an acceptable margin.

To quantify the effect of memory on user experience, we define a turn-efficiency metric that
compares the number of turns required to reach a successful outcome for users with prior history
versus new users. For support workflows, this can be approximated as the reduction in average
back-and-forth clarification questions when memory is enabled. In practice, we treat improvements
of 10–20% in turn efficiency and measurable gains in task success for returning users as strong
evidence that memory is functioning effectively.

Personalization is evaluated through controlled offline replays where the agent has access to a
synthetic or real profile describing preferences (for example, preferred language level, channel, or
automation aggressiveness). We examine whether the agent’s choices align with these preferences
without degrading TSR or violating safety rules, and we compute a preference-alignment score
based on expert annotations of a stratified sample.

9.3 Reinforcement Learning and Policy Evaluation

As agents evolve from deterministic policies to reinforcement-learning-based decision makers, eval-
uation must consider long-horizon returns rather than single-step accuracy. For a given policy π
interacting with a simulated or logged environment, we define the normalized cumulative reward

J(π) = 1
N

N∑
i=1

1
Ti

Ti∑
t=1

ri,t,

where ri,t is a reward that combines task progress, user satisfaction proxies, latency penalties, and
safety violations. In offline settings we estimate J(π) using off-policy evaluation techniques over
logged trajectories, and report both point estimates and confidence intervals to indicate uncertainty.
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In addition to J(π), we compute regret relative to a strong baseline policy π0 and monitor
policy stability by tracking the variance of chosen actions under small perturbations of the input.
Action diversity and coverage over the tool space are inspected to ensure that the learned policy is
not collapsing to degenerate behaviors that exploit narrow reward shortcuts.

For RL-based agents, safety is explicitly baked into the reward design and into hard constraints
enforced by the governance layer. We introduce a violation rate metric defined as the fraction of
trajectories where more than a specified number of actions are blocked by guardrails or human
overrides. A candidate policy is considered deployable only if its violation rate is not higher than
that of the baseline while delivering improved reward and TSR.

9.4 Online Experiments and Business Impact

When offline metrics indicate readiness, we evaluate agents in online A/B or multivariate experi-
ments on low-risk traffic segments. The primary online metrics are business-centric: first-contact
resolution (FCR), average handling time (AHT), ticket deflection rate for support flows, and con-
version or completion rates for sales or onboarding flows. We also incorporate user-reported satis-
faction measures such as CSAT or thumbs-up/down feedback and compute their lift relative to the
baseline.

To ensure robust conclusions, online experiments are run for sufficient duration to reach statis-
tical power, with confidence intervals reported for all key metrics. We segment results by customer
tier, language, and channel to detect regressions in underrepresented groups and to monitor fair-
ness. In addition, we monitor operational metrics such as infrastructure utilization and p95 latency
to guard against regressions that may not appear in aggregate business numbers.

Throughout online testing, all agent actions that change external state (for example, issuing
refunds or modifying records) are logged with rich metadata. This logging supports retrospective
analysis, incident response, and further offline training and evaluation. In many deployments, a
human-in-the-loop review workflow is employed during early phases, where a portion of high-impact
decisions is surfaced for manual approval; the acceptance rate of suggested actions becomes another
important metric of agent quality.

9.5 Safety, Robustness, and Governance Metrics

Beyond task and business metrics, OmniChat AI must satisfy governance requirements. We there-
fore track the rate of content or action rejections by safety filters, the frequency of escalations to
human agents due to uncertainty or policy constraints, and the number of unique failure modes
identified by automated monitors. Robustness is evaluated by injecting controlled perturbations
into inputs, such as paraphrases, noisy OCR outputs, or partial screenshots, and measuring the
degradation in TSR and safety metrics.

Finally, we maintain a governance scorecard that aggregates these indicators into a small set
of deployment readiness signals: a quality index combining TSR, reward, and satisfaction; a safety
index based on violation and escalation rates; and an operational index based on latency, cost, and
resource usage. Only when all three indices exceed agreed thresholds on both offline and online
evaluations do we promote a new agent configuration to full production.

10 Conclusion
This paper presents a research-oriented view of the OmniChat AI roadmap, framing it as a
multi-year program to build multimodal, autonomous enterprise agents with long-term memory,
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reinforcement-learning-enhanced decision making, and strong governance. By aligning platform
development with advances in multimodal learning, multimodal reinforcement learning, memory
architectures, and explainable reinforcement learning, OmniChat AI can evolve from a customizable
agent platform into a full agentic operating system for business workflows.

Future work includes formalizing the underlying APIs and software development kits described
here, publishing open benchmarks derived from anonymized enterprise use cases, and collaborating
with the broader research community on safe and interpretable agent architectures. As the platform
matures through the roadmap phases, OmniChat AI can serve as both a production system and a
living laboratory for studying real-world autonomous AI behavior.
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