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ABSTRACT

Artificial intelligence has grown rapidly in recent years, with four key areas leading this progress: Natural
Language Processing (NLP), Computer Vision (CV), Deep Learning, and Agentic Al. While each area
has seen remarkable advances on its own, they are usually studied separately. This creates a gap in
understanding how these technologies can work together to build truly intelligent systems. This paper
reviews recent developments across all four areas and proposes the Integrated Multimodal Autonomous
Intelligence (IMAI) framework — a six-layer architecture that brings together perception, understanding,
reasoning, action, memory, and safety into one unified system. By examining over 30 key contributions
and their real-world applications in healthcare, autonomous driving, manufacturing, enterprise systems,
and scientific research, the paper shows how combining these Al pillars can produce systems that are
more capable, reliable, and safe than any single technology alone.

Keywords: Natural Language Processing, Computer Vision, Deep Learning, Agentic Al, Multimodal Al,
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Introduction

Artificial intelligence has come a long way from simple rule-based systems. In the early days, Al
applications were limited to single tasks — a speech system could transcribe audio but could not
understand images, and an image classifier could label objects but could not explain what it saw in
natural language. This narrow focus limited how useful Al could be in the real world, where problems are
complex and require understanding multiple types of information at once [1][2].

Today, the situation is very different. Large foundation models like GPT-4 [3], Gemini [4], and
Claude 3 [5] can process text, images, and audio together. They can reason about complex problems,
generate code, and even use external tools. At the same time, computer vision systems can now
segment any object in any image [6], detect objects described in natural language [7], and analyse
medical images with expert-level accuracy [8]. Deep learning architectures, particularly the Transformer
[9], have made all of this possible by providing powerful and efficient model designs. Most recently,
Agentic Al has emerged as a new frontier where Al systems can plan, act, and learn autonomously with
minimal human guidance [10][11].

Despite these advances, each area is typically reviewed in isolation. NLP researchers rarely
engage deeply with computer vision, and agentic Al often treats the underlying models as black boxes. In
our view, this separation misses the important connections between these technologies. A truly intelligent
system — for example, one that helps doctors diagnose diseases — needs to see medical images (CV),
understand clinical notes (NLP), reason about symptoms (Deep Learning), and take actions like ordering
tests (Agentic Al), all working together.
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This paper addresses this gap in two ways. First, it provides a review of recent advances across
NLP, Computer Vision, Deep Learning, and Agentic Al, highlighting how they connect. Second, it
proposes the IMAI framework — a six-layer architecture for building integrated autonomous Al systems.
The rest of this paper is organized as follows: Section 2 presents the literature review, Section 3
describes the proposed IMAI framework, Section 4 discusses real-world applications, Section 5 examines
challenges and future directions, and Section 6 concludes the paper.

Literature Review
. Natural Language Processing

The field of NLP has been transformed by the development of large language models (LLMs).
GPT-4 [3], released by OpenAl, was one of the first models to handle both text and images effectively. It
showed strong performance on professional exams, coding tasks, and complex reasoning. Google’s
Gemini [4] took a different approach by training on text, images, audio, and video from the start, with its
Gemini 1.5 Pro variant capable of processing up to one million tokens — enough to handle entire books
or hours of video in a single input. Anthropic’s Claude 3 [5] advanced safety and instruction-following
capabilities further.

The open-source community has also made significant contributions. Meta’'s LLaMA series
[12][13] made high-quality language models freely available to researchers worldwide. Mistral Al
introduced efficient models [14] that achieved strong performance at much lower cost. DeepSeek-V3 [15]
showed that open-source models could match the performance of proprietary systems.

An important development in LLM capability is chain-of-thought (CoT) reasoning [16], where
models are encouraged to show their step-by-step thinking. This simple technique dramatically improves
performance on math and logic problems. The ReAct framework [10] combined reasoning with the ability
to take actions like searching the internet, creating a foundation for agentic Al systems. OpenAl's o1
model [17] further demonstrated that giving models more time to think during inference can significantly
improve their reasoning ability.

For making Al work across the world’s languages, models like BLOOM [18] (46 languages) and
Aya [19] (101 languages) have been developed. These are particularly important for countries like India
with significant linguistic diversity.

LLMs have also been adapted for specialized professional fields. Med-PaLM 2 [20] achieved
expert-level performance on medical questions. BloombergGPT [21] was designed specifically for
financial analysis. ChatLaw [22] addressed legal applications. These domain-specific models show that
while general models provide broad capability, specialized training is needed for reliable performance in
high-stakes professional settings.

Another important advance is Retrieval-Augmented Generation (RAG) [23], which helps
language models access external information to give more accurate, up-to-date answers. This reduces
the tendency of models to generate plausible but incorrect information — a problem known as
hallucination. Improved versions like Self-RAG [24] allow models to decide when they need to look up
information and how to evaluate what they find.

. Computer Vision

Computer vision has seen equally dramatic progress. The Vision Transformer (ViT) [25] showed
that the same Transformer architecture used in NLP could also work excellently for images. The Swin
Transformer [26] improved on this with a more efficient design for handling images at multiple scales.

Self-supervised learning has emerged as a powerful approach where models learn useful visual
features without requiring manually labelled data. DINOv2 [27] demonstrated that such models could
match or exceed the performance of supervised ones across many tasks, reducing the need for
expensive human annotation.

The Segment Anything Model (SAM) [6] was a landmark achievement. Trained on over one
billion image masks, SAM can segment any object in any image without needing task-specific training.
This makes it a universal visual understanding tool that other Al components can use on demand.
Florence-2 [28] extended this further by supporting multiple vision tasks — captioning, detection, and
segmentation — all controlled through natural language prompts.

Object detection has continued to advance through the YOLO family [29] and Transformer-
based detectors like RT-DETR [30]. Grounding DINO [7] was particularly significant as it allows detecting
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objects described in natural language rather than from a fixed list of categories. This is very useful for
integrated Al systems where a reasoning module can tell the vision system exactly what to look for.

In healthcare, advanced vision models are making a significant impact. MedSAM [8] adapted
SAM for medical image segmentation across CT, MRI, X-ray, and other modalities. RETFound [31],
trained on 1.6 million retinal images, can detect diseases from eye scans that human doctors might miss.
In autonomous driving, BEVFormer [32] creates three-dimensional understanding from camera images,
while UniAD [33] integrates perception, prediction, and planning into a single system. There is no doubt
that these advances are bringing computer vision closer to human-level visual understanding.

. Deep Learning Architectures

The Transformer architecture [9] remains the foundation of modern Al. However, as models
grow larger, making them efficient has become crucial. FlashAttention [34] significantly reduced the time
and memory needed for attention computations. Grouped-query attention [35] enabled processing of
longer sequences within fixed memory limits.

Mixture-of-experts (MoE) architectures represent another important efficiency strategy. Instead
of using all model parameters for every input, MOE models activate only a subset of specialized “experts”
for each task. Mixtral [14] and DeepSeek-V3 [15] showed that this approach can achieve strong
performance at much lower computational cost.

For training models to follow human preferences, techniques like Reinforcement Learning from
Human Feedback (RLHF) [36] and Direct Preference Optimization (DPO) [37] have been developed. To
make model adaptation more accessible, Low-Rank Adaptation (LoRA) [38] enables fine-tuning large
models with minimal computational resources. QLoRA [39] further reduced requirements, allowing
researchers to fine-tune very large models on a single consumer GPU.

For deploying Al on devices with limited resources — such as mobile phones, vehicles, and
robots — model compression techniques like GPTQ [40] and AWQ [41] enable running large models in
compact form with minimal quality loss. These techniques are essential for bringing powerful Al to real-
world edge devices.

. Agentic Al

Agentic Al is perhaps the most exciting recent development. It transforms passive language
models into active agents that can plan, use tools, and complete complex tasks autonomously. AutoGPT
[42] was one of the first systems to demonstrate fully autonomous goal-directed behaviour, where an Al
could break down a high-level goal into steps and execute them without constant human guidance.
MetaGPT [43] took a multi-agent approach inspired by software engineering, assigning different roles
(product manager, architect, engineer, tester) to different Al agents that collaborate to build complete
software projects.

AutoGen [11] from Microsoft provides a flexible framework for building multi-agent systems
where Al agents can have structured conversations to solve problems. CrewAl [44] offers a production-
ready framework for building teams of Al agents. LangChain [45] provides the foundational tools for
connecting language models with external data and tools.

The ability of agents to use external tools is a defining capability. Toolformer [46] showed that
models can learn when and how to use calculators, search engines, and APls. Gorilla [47] focused on
generating accurate API calls, reducing errors in tool usage. WebArena [48] provided a realistic
benchmark for testing agents on web-based tasks like online shopping and content management.

Multi-agent collaboration has shown promising results. The CAMEL framework [49]
demonstrated that agents in different roles can have productive conversations to solve complex tasks.
Multi-agent debate [50] showed that having Al systems critique each other’s work improves accuracy and
reduces errors.

For maintaining context over long interactions, memory systems are essential. Generative
Agents [51] by Park et al. showed that Al agents with memory can exhibit believable social behaviour in
simulated environments. MemGPT [52] introduced an operating system-like memory management for Al
agents, enabling them to maintain relevant information across very long conversations.

In terms of real-world impact, Al agents are already being applied to software engineering
(SWE-bench [53], SWE-agent [54]), scientific research (Al Scientist [55]), and laboratory automation
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(Coscientist [56]). Safety frameworks like NeMo Guardrails [57], Llama Guard [58], and Constitutional Al
[59] ensure that these autonomous systems operate within safe boundaries.

Proposed Framework: Integrated Multimodal Autonomous Intelligence (IMAI)

Based on the literature reviewed above, this section presents the IMAI framework — a six-layer
architecture designed to bring together all four pillars of modern Al into a unified system for autonomous
intelligent behaviour.

° Framework Overview

The IMAI framework consists of six interconnected layers. These layers do not work in strict
sequence — rather, they form a loop where information flows both upward (from perception to action)
and downward (from reasoning to directed perception), with memory and safety supporting all other
layers. Table 1 provides a summary.

Table 1: IMAI Framework — Layer Summary

Layer Function Key Technologies

L1: Perception Processing visual, audio, and sensor SAM, YOLO, BEVFormer,
inputs Whisper, DINOv2

L2: Understanding Interpreting inputs with context and GPT-40, Gemini, Claude 3,
knowledge RAG systems

L3: Reasoning & Planning Planning actions and solving problems | Chain-of-Thought, ReAct,
step by step Tree of Thoughts

L4: Action & Execution Carrying out tasks through tools and AutoGen, CrewAl, Toolformer,
agents Gorilla

L5: Memory & Knowledge Storing and retrieving past MemGPT, Generative Agents,
experiences and knowledge Knowledge Graphs

L6: Safety & Governance Ensuring safe, ethical, and human- NeMo Guardrails, Llama
supervised operation Guard, Constitutional Al

) Layer Descriptions

= Layer 1: Perception. This layer handles all incoming information from the environment.
Vision models like SAM and DINOv2 process images, YOLO handles real-time object
detection, BEVFormer creates 3D spatial understanding for navigation, and Whisper
transcribes speech. Importantly, this layer also responds to instructions from the reasoning
layer — for example, when the system needs to focus on a specific part of an image.

= Layer 2: Understanding. This layer makes sense of what has been perceived. Large
multimodal models like GPT-40 and Gemini interpret the combined visual, textual, and
audio information. RAG mechanisms connect this layer to external knowledge bases and
documents, ensuring that the system’s understanding is based on current and verified
information.

= Layer 3: Reasoning and Planning. This layer thinks through problems and creates plans.
It uses chain-of-thought reasoning to break complex problems into steps, Tree of Thoughts
to explore different solution paths, and ReAct to combine thinking with action. When a task
is particularly difficult, the system allocates more computational resources to thinking it
through carefully.

= Layer 4: Action and Execution. This layer carries out the plans. Using frameworks like
AutoGen and CrewAl, specialized agents are assigned different tasks — some retrieve
information, some write code, some interact with users, and some control physical devices.
The ability to use external tools and APIs allows the system to interact with the digital and
physical world.

= Layer 5: Memory and Knowledge. This layer maintains the system’s memory across
interactions. It stores past conversations, decisions, and outcomes. A knowledge graph
maintains structured information about the world. This memory is available to all other
layers, allowing the system to learn from experience and maintain consistency over time.

= Layer 6: Safety and Governance. This layer monitors everything the system does. Input
filters check incoming requests for harmful content. Output filters review all generated
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content before it is delivered. Human operators can monitor the system’s behaviour,
intervene when necessary, and approve high-stakes decisions. In our view, this layer is not
optional — it is essential for any Al system operating in the real world.

° Limitations

It is important to note that the IMAI framework is a conceptual architecture rather than a fully
implemented system. It provides a blueprint for organizing and connecting existing Al technologies.
Empirical validation through prototype implementations — such as a clinical diagnostic system combining
medical vision, language understanding, and agentic workflow — is needed and represents an important
direction for future work.

Application Domains

The value of integrating Al technologies becomes clear when we examine real-world
applications. This section discusses five important domains where the IMAI framework can make a
significant impact.

. Healthcare and Medical Diagnostics

Healthcare is one of the most important application areas for integrated Al. Modern medical
diagnosis requires analysing images (X-rays, MRIs, pathology slides), understanding clinical notes,
reasoning about symptoms, and coordinating care — tasks that naturally map to the IMAI layers.

MedSAM [8] can segment medical images across diverse modalities. RETFound [31] detects
diseases from retinal scans. Med-PaLM 2 [20] answers medical questions at expert level. When
combined through an agentic framework, these tools could form an intelligent clinical assistant that
reviews patient imaging, cross-references medical literature, suggests differential diagnoses, and drafts
preliminary reports — all while maintaining patient history through the memory layer and operating under
strict safety protocols.

It is clear that such integrated systems could be especially valuable in settings where specialist
doctors are scarce, such as rural healthcare facilities in India and other developing countries.

. Autonomous Navigation and Transportation

Self-driving vehicles must process visual information, understand road conditions, predict the
behaviour of other vehicles and pedestrians, and make split-second driving decisions — all at once and
in real time.

BEVFormer [32] creates 3D understanding from camera images. UniAD [33] integrates
perception, prediction, and planning in one system. DriveVLM [60] uses vision-language models to
reason about complex traffic situations in natural language. World models like GAIA-1 [61] can generate
realistic driving scenarios for training and simulation.

This domain demonstrates why tight integration is essential — a millisecond of delay between
perception and action could mean the difference between safety and an accident.

. Industrial Automation and Manufacturing

Manufacturing requires high-speed visual inspection, precise robotic control, and factory-wide
coordination. Al systems in this domain must detect defects quickly and accurately, guide robots in
manipulation tasks, and optimize production processes.

Modern anomaly detection systems can identify defects in products on fast-moving production
lines. Vision-language models like AnomalyGPT [62] enable quality inspectors to interact with Al through
natural language. For robotic control, RT-2 [63] showed that vision-language models can transfer
knowledge from web data to robot actions. At the factory level, multi-agent systems can coordinate
production scheduling, predictive maintenance, and supply chain management.

. Enterprise and Government Applications

Enterprises and government organizations deal with large volumes of documents, complex
decision-making processes, and strict regulatory requirements. Al can help by automating document
analysis, supporting decision-making, and ensuring compliance.

BloombergGPT [21] improves financial analysis tasks. ChatLaw [22] supports legal research
and case analysis. MetaGPT [43] and AutoGen [11] enable multi-agent workflows where Al assistants
collaborate on complex tasks like report generation, data analysis, and policy evaluation. In surveillance
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and public safety applications, vision-language models can improve monitoring while the safety layer
ensures civil liberties are protected.

In my opinion, the government sector in India can benefit greatly from these technologies,
particularly in automating routine administrative processes and improving service delivery to citizens.

) Scientific Research and Software Engineering

Al is increasingly being used to accelerate scientific discovery and improve software
development. SWE-bench [53] and SWE-agent [54] evaluate Al systems on real-world software
engineering tasks. Devin [64] was presented as an Al software engineer capable of end-to-end
development. The Al Scientist [55] demonstrated a system that can generate research hypotheses,
design experiments, run code, and even write research papers.

Coscientist [56] showed that Al agents can plan and execute chemical experiments using
robotic equipment. These applications represent a glimpse of a future where Al systems can
meaningfully contribute to the advancement of knowledge.

Challenges and Future Directions

Despite the impressive progress described above, there are significant challenges that must be
addressed before truly integrated autonomous Al systems become a reality.

o Technical Challenges

= Hallucination and reliability. Al models sometimes generate confident but incorrect
outputs. In fields like healthcare and law, this can have serious consequences. While RAG
and other techniques help, achieving the reliability needed for autonomous operation in
critical domains remains a major challenge.

= Real-time performance. Large Al models are computationally expensive. Running them on
edge devices like vehicles and robots with strict latency requirements is difficult. Model
compression and efficient architectures are helping but more work is needed.

= Cross-modal alignment. Learning unified representations that capture information from
different modalities (text, images, audio, sensor data) is a fundamental challenge. Current
approaches work well for text and images but extending to other modalities remains an
open problem.

=  Scalability of multi-agent systems. Current multi-agent frameworks work well with a small
number of agents but scaling to hundreds or thousands of agents introduces coordination
challenges.

= Ethical and Social Challenges:

= Bias and fairness. Al systems can reflect and amplify biases present in their training data.
In multimodal systems, biases from different modalities can interact and compound.

= Privacy concerns. Systems that process video, speech, documents, and personal data
create significant privacy risks. This is especially relevant in healthcare, where patient data
must be carefully protected.

=  Accountability. When an autonomous Al system makes a decision that causes harm,
determining who is responsible is a complex legal and ethical question.

° Future Directions

Looking ahead, several trends seem promising. Unified foundation models that can process all
types of data natively are becoming more capable. Inference-time reasoning, where models think harder
on difficult problems, is improving quality. Neuromorphic computing may eventually enable Al systems
that are both powerful and energy-efficient. Federated learning can enable training on sensitive data
without compromising privacy. And self-improving agent ecosystems may lead to Al systems that get
better over time through their own experience.

Conclusion
This paper has reviewed the current state of four key areas of artificial intelligence — Natural
Language Processing, Computer Vision, Deep Learning, and Agentic Al — and has shown that their

integration is essential for building truly capable autonomous systems. No single Al technology, no matter
how advanced, can address the full complexity of real-world tasks that require seeing, understanding,
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thinking, acting, and learning simultaneously. It is through thoughtful integration that Al can move from
being a useful tool to becoming an intelligent collaborator.

The proposed IMAI framework provides a structured six-layer architecture — Perception,
Understanding, Reasoning, Action, Memory, and Safety — that organizes how these technologies can
work together. Applications in healthcare, autonomous driving, manufacturing, enterprise systems, and
scientific research demonstrate the practical value of this integrated approach. While significant
challenges remain in reliability, efficiency, fairness, and governance, the pace of progress gives reason
for optimism. In our view, the most important advances in Al will come not from any single breakthrough,
but from the careful and principled combination of many technologies working together toward a common
purpose.
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