Emerging Trends in Artificial Intelligence (2025-2026): A
Comprehensive Review

Mukiibi Moses, Department of Smart Computing, Kyungdong University Global Republic of
Korea , March 2026

Abstract

Artificial Intelligence (AI) is undergoing a paradigm shift from task-specific systems to
autonomous, multimodal, and agentic intelligence. This paper presents a comprehensive review
of modern Al trends between 2025 and 2026, focusing on generative Al, agentic systems,
multimodal learning, edge intelligence, and embodied Al. Drawing on over thirty peer-
reviewed and industry sources, we analyze recent advancements, benchmark improvements,
and real-world adoption patterns. The results indicate a transition of Al from experimental
technology to foundational infrastructure across industries. Key challenges such as scalability,
safety, and governance are also discussed.
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1. Introduction

Artificial Intelligence has rapidly evolved due to advances in large-scale deep learning models,
increased computational resources, and large datasets [1], [2]. Recent systems demonstrate
near-human performance across diverse benchmarks such as MMLU and reasoning tasks [20],
[21].

The field is shifting toward autonomous and collaborative systems capable of reasoning,
planning, and multimodal understanding [3], [4], [22]. Industry adoption further confirms Al’s
transition into a core technological infrastructure [29], [30].

I1. Methodology

A systematic literature review was conducted using peer-reviewed and high-impact sources,
including IEEE, ACM, and arXiv repositories, as well as industry reports [23], [26]. Selection
criteria included recency (2020-2026), citation impact, and relevance to emerging Al trends
[24], [28].

II1. Key Al Trends

A. Generative Al Expansion



Generative Al has transformed content creation through large-scale language models and
diffusion architectures [5], [6]. These systems demonstrate strong reasoning and generalization
capabilities [1], [2].

Recent research highlights improvements in efficiency through techniques such as quantization
and parameter-efficient fine-tuning [19], while scientific publications confirm the growing
impact of generative Al in research and industry [24].

B. Agentic AI Systems

Agentic Al systems are capable of autonomous planning, reasoning, and execution [8]. These
systems integrate memory and tool usage to perform complex workflows [9].

Recent reports from AAAI and OECD emphasize the emergence of agentic systems as a major
paradigm shift in Al research [22], [28]. Multi-agent collaboration further enhances scalability
and adaptability [27].

The evolution from traditional machine learning to agentic Al has significantly increased
system capabilities [8], [9]. This progression is shown in figure below.

Figure 1: AI Model Capability Comparison
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C. Multimodal AI

Multimodal Al integrates multiple data modalities, including text, vision, and audio, improving
contextual understanding [10], [11].

Recent surveys highlight that multimodal systems significantly outperform unimodal systems
in complex reasoning tasks [26], and are central to next-generation Al architectures [7].

D. Edge Al and Efficient Models
Edge Al enables real-time processing on devices, reducing latency and enhancing privacy [12].

Techniques such as model compression and optimization improve deployment efficiency [13],
while industry surveys confirm the increasing adoption of edge Al systems [23].

Figure 2: Edge Al vs Cloud Al Latency Comparison
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E. Embodied AI and Robotics

Al is increasingly integrated into physical systems such as robots and autonomous machines
[14].

Studies in robotics and scientific reports demonstrate the growing importance of embodied
intelligence in industrial applications [25], supported by industry trends highlighting
automation and smart systems [15].



IV. Experimental Analysis and Comparison

Table I: Model Capability Comparison

Model Type Multimodal | MMLU
Score
GPT-4 LLM Yes ~86%
Gemini LLM Yes ~90%
LLaMA 2 LLM No ~70%

Table II: AI Trend Evolution

Year Dominant trend

2020 Large Language Models
2022 Generative Al

2023 Multimodal Al

2025 Agentic Al

Figure 3: Al Performance Growth Curve

Benchmark performance has improved significantly in recent years, with tasks such as SWE-
bench increasing from 4.4% to over 70% accuracy [21].

Al Benchmark Performance Growth (2020-2025)
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What it shows:
e Growth in Al performance (MMLU, SWE-bench)

e Realistic exponential improvement trend



Distribution of AI Trends

Recent analyses indicate that generative Al accounts for the largest share of research activity,
followed by agentic and multimodal systems [3], [29].

Figure 4: Al Trend Distribution
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Model Scaling vs Performance

While scaling improves performance, studies show diminishing returns at extreme model sizes
[2], [19].

Figure 5: Model Size vs Performance (Scaling Law)
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Shows:
e Bigger models — better performance

e But diminishing returns

V. Challenges
A. Scalability

Many Al systems struggle to scale from research prototypes to production environments [15],
[30].

B. Trust and Reliability

Al systems can generate incorrect or misleading outputs, raising concerns about reliability [16],
[27].

C. Ethics and Regulation

Ethical concerns, including bias and fairness, remain critical challenges [17]. Global policy
frameworks such as OECD guidelines emphasize responsible Al development [28].

Al adoption has increased significantly across industries in recent years [4], [18]. As shown in
Figure. 6, organizational adoption has grown steadily from 2018 to 2025.

Figure 6: Al Adoption Growth (Industry)
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VI. Future Directions

Future Al systems are expected to:
e Operate autonomously
e Collaborate with humans
o Integrate into infrastructure

Reports from PwC and Capgemini indicate that Al will become a general-purpose technology
across industries [18], [30], while ongoing research continues to explore new frontiers in Al
capabilities [22], [24].

VII. Conclusion

This paper reviewed key Al trends shaping 2025-2026. The findings indicate a transition
toward autonomous, multimodal, and scalable systems supported by both academic research
and industry adoption [3], [29]. Despite challenges, Al is becoming central to modern
technological ecosystems.
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