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Abstract: Multimodal artificial intelligence (AI) has undergone a decisive transition from a research aspiration to a deployed reality. 
This paper provides a comprehensive survey of multimodal AI system architectures, state-of-the-art models, critical application 
domains, and future research directions as of early 2026. We examine the evolution from early heterogeneous bridging models 
to unified transformer architectures and the emergence of agentic, vision-language-action systems capable of operating in 
physical environments. Key findings include: (i) architectural convergence on unified token-based transformers with Mixture-of-
Experts scaling; (ii) a persistent 22.6% performance gap between proprietary and open-source models on video temporal 
reasoning; (iii) transformative but ethically complex deployments in healthcare, autonomous vehicles, and embodied robotics; 
and (iv) a projected global market exceeding $20.5 billion by 2032. We identify hallucination, demographic bias, explainability, 
and adversarial vulnerability as the most pressing open challenges, and outline the research agenda required to address them. 
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I.  INTRODUCTION 

Human cognition is fundamentally multimodal. Physicians 

integrate X-ray images, patient histories, and clinical notes; 

children learn the word "apple" by associating it with visual, 

tactile, and olfactory cues simultaneously. Early AI systems, 

by contrast, operated within strict modality silos: language 

models processed text, computer vision systems analysed 

images, and speech engines handled audio. Each represented 

a remarkable achievement in isolation but shared a critical 

limitation—the inability to integrate information across the 

rich, multi-sensory fabric of human experience [1]. The 

recognition of this mismatch drove a new research paradigm. 

By March 2026, multimodal AI systems power autonomous 

vehicles, assist surgeons in operating theatres, generate 

cinematic video from text descriptions, and guide robots 

through unstructured physical environments. The pace of 

progress has been extraordinary; the societal implications—

both promising and concerning—are equally profound [2]. 

This paper synthesises the state of multimodal AI across four 

dimensions: (1) architectural foundations and design 

principles; (2) state-of-the-art models and benchmark 

performance; (3) critical application domains and observed 

impact; and (4) open challenges and future research 

trajectories. The analysis draws on published research from 

2021–2026 and provides a structured IEEE-format survey 

suitable for researchers and practitioners entering the field. 

II.  ARCHITECTURAL FOUNDATIONS OF 

MULTIMODAL SYSTEMS 

A. Core Components 

Modern multimodal AI systems comprise three functionally 

distinct but deeply interconnected layers: (i) modality-

specific encoders that transform raw data into high-

dimensional vector representations; (ii) a fusion mechanism 

that integrates encoded representations from multiple 

modalities; and (iii) a cross-modal alignment layer that 

positions semantically equivalent concepts proximally in a 

shared embedding space [3]. Fig. 1 illustrates the generic 

architecture of such a system. 

 
Fig. 1.  Generic architecture of a multimodal AI system showing 

encoder, fusion, reasoning, and output components. 

B. Modality Encoding Strategies 

Vision encoding relies predominantly on Vision 

Transformers (ViT), which partition an image into a grid of 

non-overlapping patches, project each patch into a D-

dimensional embedding, and process the resulting sequence 

through a standard transformer encoder [3]. Text encoding 

leverages subword tokenisation (BPE or WordPiece) and 

positional embeddings. Audio encoding has converged on 

two approaches: spectrogram-based 2D convolution and end-

to-end waveform processing exemplified by Wav2Vec 2.0 

[4]. Video encoding—the most demanding task—employs 

either 3D spatiotemporal convolutions, factorised 

spatial/temporal attention, or Llama 4’s 10-million-token 

context window for processing hours-long sequences [5]. 

C. Fusion Paradigms 

Three primary fusion paradigms have emerged. Early fusion 

concatenates raw or lightly encoded modality streams before 
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joint processing, capturing tight cross-modal correlations at 

the cost of computational expense. Late fusion processes each 

modality independently and combines outputs at the decision 

layer—efficient but incapable of fine-grained cross-modal 

grounding. Intermediate (cross-attention) fusion selectively 

routes attention across modality streams, balancing 

representational depth with computational feasibility. Table I 

summarises these trade-offs. 

Table I: Comparison of Multimodal Fusion Paradigms 

Fusion 

Type 

Cross-Modal 

Depth 

Compute 

Cost 

Typical Use Case 

Early Fusion Very High Very High Video-text reasoning 

Late Fusion Low Low Independent modality 

tasks 

Intermediate 

(XAttn) 

High Moderate VQA, image captioning 

Hybrid Adaptive High GPT-5, Gemini 3 

 

D. Cross-Modal Alignment 

Contrastive learning, pioneered by CLIP [6], remains the 

dominant alignment approach. The training objective 

maximises cosine similarity between embeddings of paired 

(image, text) examples while minimising similarity between 

unpaired examples drawn from the training batch. Scaling to 

billions of internet-sourced image-text pairs has proven 

remarkably effective, producing embedding spaces with 

strong zero-shot transfer properties. Cross-attention 

mechanisms provide complementary fine-grained alignment, 

allowing one modality to attend to specific elements of 

another at inference time. 

III.  STATE-OF-THE-ART MODELS AND 

BENCHMARK PERFORMANCE 

A. Proprietary Frontier Models 

GPT-5 (OpenAI, late 2025) employs a unified transformer 

with early fusion for video-text tasks and intermediate fusion 

pathways for other modality combinations. Its most 

distinctive capability is real-time video understanding at 30+ 

frames per second, enabling temporal reasoning across long 

video sequences. Integrated agentic features—tool use, multi-

step planning, and self-reflection loops—achieve 87.3% on 

the SONIC-O1 conversational reasoning benchmark, the 

highest among evaluated models [7]. Gemini 3 (Google 

DeepMind, early 2026) achieves 79.5% on MMMU and 

82.1% on VisuLogic, built on a Massive Mixture-of-Experts 

architecture with specialised modality experts and dynamic 

routing. Real-time 3D scene understanding at 60 frames per 

second runs on Google TPU infrastructure, supporting 

production-scale deployments serving hundreds of millions 

of users [8]. Anthropic Claude 3.5 prioritises safety and 

interpretability, providing detailed explanations of its visual 

reasoning processes—a capability critical for high-stakes 

medical and legal applications [9]. 

B. Open-Source Models 

Meta’s Llama 4 implements native early-fusion vision-

language architecture with a 10-million-token context 

window, enabling processing of entire books with 

illustrations or hours of annotated video. Its permissive 

commercial licence has spawned hundreds of domain-

specific fine-tuned derivatives [5]. DeepSeek-V3 achieves 

GPT-4-level performance at dramatically lower training cost 

through a 5.5% activation ratio via aggressive MoE sparsity 

across 671 billion total parameters [10]. 

C. Benchmark Performance 

Fig. 2 provides a radar chart comparison across six key 

benchmarks. The most striking finding is a 22.6% 

performance gap between proprietary and open-source 

models on video temporal localisation—reflecting a 

qualitative, not merely quantitative, difference in the 

temporal reasoning these systems can perform. This gap 

defines one of the most important open research priorities in 

the field. 

 

 
Fig. 2.  Radar chart comparing leading multimodal AI models 

across six key performance benchmarks (values are approximate, 

2026). 

IV.  CRITICAL APPLICATION DOMAINS 

A. Healthcare and Medical Diagnostics 

Healthcare is the most consequential application domain for 

multimodal AI. Clinical environments are inherently 

multimodal: physicians simultaneously integrate imaging 

studies (X-rays, CT, MRI, fundus photography), electronic 

health records, clinical notes, and genomic data. A landmark 

2024 study published in Nature Digital Medicine 

demonstrated a multimodal AI system achieving ophthalmic 

diagnostic accuracy comparable to experienced 

ophthalmologists by combining fundus photography, optical 

coherence tomography images, and patient symptom 

descriptions [11]. Critical concerns accompany these 

advances. A 2025 study found that medical diagnostic models 

exhibited demographic disparities—lower accuracy for 

certain ethnic groups due to training data underrepresentation 

[12]. The black-box nature of deep networks creates 

additional challenges: explainability is not merely a technical 

aspiration in medical AI but a prerequisite for clinical trust, 

regulatory approval, and ethical deployment. The FDA 

approved multiple AI-powered diagnostic tools in 2025–

2026, signalling a significant acceleration in regulatory 

acceptance. 
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B. Autonomous Vehicles and Embodied Robotics 

Autonomous vehicles require integration of camera arrays, 

LIDAR, RADAR, GPS/IMU, and high-definition maps with 

real-time, failure-tolerant performance. The dominant 

architectural approach is the bird’s-eye-view (BEV) 

transformer, which projects all sensor data into a unified top-

down spatial representation for joint processing [13]. The 

autonomous vehicle technology market is projected to reach 

$10.89 billion by 2030 at a 36.8% CAGR, with Waymo 

operating commercial robotaxi services across multiple US 

cities. Embodied AI systems such as NVIDIA GR00T, 

Google RT-2, and PaLM-E demonstrate that visual language 

models trained on internet-scale data transfer rich physical-

world knowledge—shapes, weights, affordances—directly to 

robotic motor control, enabling robots to follow natural 

language instructions in dynamic, unstructured environments 

[14]. Fig. 4 illustrates the agentic pipeline underpinning these 

systems. 

 
Fig. 4.  Agentic multimodal AI processing pipeline with perception, 

reasoning, planning, action, and feedback loops. 

C. Enterprise Applications 

Multimodal document understanding systems process 

complex business documents that combine text, tables, 

charts, and diagrams—financial reports, legal contracts, 

technical specifications—in an integrated fashion. 

Multimodal customer service systems handle interactions that 

include customer-submitted images and videos, enabling 

visual product troubleshooting and virtual try-on. Companies 

deploying such systems report 40–60% reductions in 

customer service costs while maintaining or improving 

customer satisfaction [15]. 

V.  CHALLENGES AND LIMITATIONS 

A. Computational and Resource Constraints 

Training a GPT-5-class model is estimated to require $100 

million or more in compute costs—a barrier accessible only 

to the largest technology companies. Inference costs present 

a complementary challenge: processing a single high-

resolution image adds substantially to the computational cost 

of a language model query, and real-time video processing 

requires specialised hardware clusters. Four-bit quantisation 

using GPTQ and AWQ achieves approximately 75% 

reduction in model size with minimal performance 

degradation, enabling deployment on consumer-grade 

hardware. Mixture-of-Experts architectures have become the 

dominant scaling paradigm precisely because they enable 

capability without proportional increases in activated 

parameters [10]. 

 

B. Bias, Fairness, and Explainability 

Geographic bias is a significant concern: systems trained 

predominantly on Western cultural content perform 

substantially worse on content from underrepresented 

regions, creating a digital divide in the distribution of AI 

benefits [12]. The hallucination problem—generation of 

plausible but factually incorrect content—is particularly 

severe in multimodal systems, which may describe objects 

absent from an image or fabricate details in video summaries. 

Adversarial vulnerability, where carefully crafted 

perturbations to visual inputs cause incorrect outputs 

imperceptible to humans, represents a critical safety concern 

in autonomous vehicles and medical diagnosis [16]. 

C. Benchmark Saturation and Evaluation Gaps 

As models improve rapidly, standard benchmarks become 

less discriminative. The field requires new evaluations 

measuring capabilities most relevant to real-world 

deployment: robustness under distribution shift, graceful 

degradation with missing or degraded modalities, calibrated 

uncertainty quantification, resistance to adversarial 

manipulation, and genuine temporal reasoning across long 

video sequences. Many existing benchmarks measure cross-

modal correlation rather than genuine causal reasoning, 

allowing high scores to be achieved through superficial 

pattern matching [16]. 

VI.  FUTURE DIRECTIONS 

A. Omnimodal and Continuous Learning Systems 

Current multimodal systems support a fixed set of modalities. 

Omnimodal systems—capable of processing any 

combination of data modalities, including those not 

represented in training data—represent the next architectural 

frontier, expected in commercial form by 2027–2028. 

Continuous learning systems that adapt to individual users 

and incorporate new information without catastrophic 

forgetting of prior knowledge are a parallel priority. 

Techniques including LoRA, adapter layers, elastic weight 

consolidation, and memory replay are making continuous 

learning increasingly practical [4]. 

B. Scientific Discovery and Accessibility 

Perhaps the most profound potential application of 

multimodal AI is the acceleration of scientific discovery: 

drug discovery integrating molecular structures, biological 

literature, and experimental results; materials science 

predicting novel material properties; and climate modelling 

fusing satellite imagery with atmospheric simulation data. 

AI-designed drugs were already entering clinical trials by 

2026. In education, adaptive multimodal tutors that monitor 

student attention, speech patterns, and performance have 

demonstrated significant learning gains in pilot programmes 

[2]. 

C. Market Trajectory 

The economic trajectory of multimodal AI is one of the 

defining investment themes of the decade. Fig. 3 shows the 

projected market growth from $3.1 billion in 2024 to $20.5 

billion by 2032, driven by enterprise adoption, consumer 

applications, and integration of multimodal capabilities into 
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existing AI-powered products [17]. The economic disruption 

accompanying this growth is significant, automating certain 

categories of knowledge work while generating new roles in 

AI training, auditing, and human-AI interface design. 

 

 
Fig. 3.  Projected global multimodal AI market size (USD billions), 

2024–2032 (Source: Grand View Research, 2023). 

VII.  CONCLUSION 

This paper has surveyed the rapid evolution of multimodal AI 

from heterogeneous bridging models to the native 

multimodal, agentic architectures of 2026. Three overarching 

findings emerge. First, architectural convergence on unified 

transformers has been enormously productive but has 

concentrated capability development in a small number of 

well-resourced organisations. Second, the tension between 

capability and trustworthiness is the defining challenge of the 

current era: frontier systems exhibit extraordinary capabilities 

yet hallucinate, demonstrate demographic bias, resist 

interpretation, and remain adversarially vulnerable. Third, the 

democratisation paradox—wherein the open-source 

ecosystem democratises access while proprietary systems 

widen the frontier—defines a critical policy and research 

design challenge.Responsible multimodal AI development 

requires proactive bias auditing, first-class explainability 

design, privacy-preserving architectures, and maintained 

human oversight for consequential decisions. The decisions 

made by researchers, practitioners, and policymakers in this 

pivotal period will shape the nature and impact of multimodal 

artificial intelligence for decades to come. The challenge is 

not merely to build systems that are capable, but to build 

systems worthy of the trust their deployment inevitably 

requires. 
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