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Abstract

Foundation models have transformed artificial intelligence by demonstrating remarkable adaptability
across a range of tasks. However, language-only approaches remain insufficient for real-world
decision-making, where context requires perception across modalities, adaptive agency, and dynamic
grounding in external knowledge. This study critically examines the evolution of foundation models
beyond language by analyzing three emerging paradigms: multimodal models, agentic architectures,
and retrieval-augmented systems. A systematic and analytical review was undertaken to explore how
each paradigm addresses the limitations of traditional language-based models. Multimodal models
expand the perceptual capacity of artificial intelligence through the integration of text, vision, and
structured data. Agentic models move beyond passive output generation to autonomous reasoning
and planning, supported by memory augmentation and external tool use. Retrieval-augmented models
reduce hallucination and increase reliability by linking parametric knowledge with external databases.
Comparative synthesis reveals that each paradigm contributes unique strengths but also introduces
challenges related to scalability, safety, interpretability, and evaluation. The study highlights the
theoretical alignment of these paradigms with cognitive functions such as perception, reasoning,
memory, and action. It further emphasizes the need for ethical and regulatory safeguards to address
bias, transparency, and human-—artificial intelligence collaboration. The findings suggest that the
future of foundation models lies in the integration of multimodality, agency, and retrieval, paving the
way for unified decision-making systems that are both technically advanced and socially responsible.
Keywords: Foundation models, Multimodal artificial intelligence, Agentic architectures, Retrieval-
augmented generation, Decision-making systems, Artificial intelligence ethics
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1. Introduction
The progress in artificial intelligence (Al) has been driven mostly by the creation of foundation
models, which are general-purpose systems, and can be fine-tuned to a variety of tasks via transfer
learning [1]. As a result of advances in deep neural network architecture, and training them at scale,
foundation models, especially large language models (LLMs), have become a topic of discussion in
computer science, industry, and society. This processing capacity to handle large volumes of data and
produce coherent and context-sensitive outputs has made them useful in natural language processing
and translation as well as decision-support systems and in the development of creative content [2].
This has changed the image of Al, as no longer a specialized problem-solving system but as a
generalizable and scalable framework capable of serving a wide range of fields.
The popularity of LLMs and other foundation models is constrained, even at the level of addressing
real-world reasoning and decision-making, although their applications are becoming increasingly
popular. Research has pointed out that these models are not very effective when it comes to instances
where actions require the generation of text, summarization and understanding of semantics but fail
to provide more profound understanding of the human being and the contextual meaning [3]. The real
world situation can hardly be reduced to a purely linguistic expression. They require combination of
various modalities like vision, audio, structured information, and sensory information and also need
reasoning abilities that transcend beyond passively predicting. Such a mismatch highlights one of the
key research gaps: language-only models are very strong but cannot be used to make important and
responsible decisions in dynamic and unpredictable situations [4].
The weaknesses of language-based models are especially apparent in high-stakes contexts including
healthcare, finance, law, and autonomous systems in which correct decisions depend upon multimodal
information and the understanding of context. Although under some conditions, LLMs can
demonstrate emergent capabilities, e.g. in-context learning, abstraction or reasoning [5], they are not
always trustworthy. Their appearance is very sensitive to scale and exposure to data, which causes
unpredictable behaviors. Moreover, since scaling laws have been shown to improve as a function of
model size and training data, but do not necessarily imply interpretability and generalizable reasoning
[6]. Therefore, excessive use of scaling as the approach towards intelligence creates technical and
ethical threats.
The other important constraint is the lack of transferability of the knowledge of LLM to new fields.
Transfer learning has been identified as a very strong paradigm to ensure that pretrained features are
used in different tasks [7], however, its effectiveness in text-based models does not necessarily
transfer to multimodal and decision-intensive models. As one example, although LLMs can be trained
to handle new tasks using prompt engineering or fine-tuning, they do not have the innate capability
to base their reasoning on external data sources or sensory modalities. This limits their performance
in situations where perception, action and dynamic knowledge integration is very important.
Researchers have come to suggest that not all of the most sophisticated capabilities of LLMs are
deliberate, but emerge as a result of training [8]. Such emergent behaviors as few-shot learning and
complex reasoning are creating opportunities and challenges. On the one hand, they show how much
foundation models can generalize in unforeseen directions by being untapped. On the downside, the
vagaries of such emergent characters inhibit their use in areas where reliable and consistent traits are
required. Emergent abilities on their own cannot support real world decision-making systems without
well-developed grounding, validation and integration of multimodal input.
In order to overcome these problems, it is informative to re-examine the domain of cognitive
architectures, which have long attempted to replicate human-like reasoning by incorporating
perception, memory and action [9]. Although LLMs and other foundation models offer a level of scale
and language proficiency never before seen, they do not have the organized processes of autonomy,
planning, and contextual adaptation that cognitive systems studies focus on. To bridge these
paradigms a more detailed conceptualization of the ways in which foundation models can be scaled
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up to multimodal, agentic, augmented with retrieval is required. This integration is more of a
conceptual rather than a technical nature and is more of a transition between passive models of
prediction and active systems of decision support.

The gaps in the current approaches have also been emphasized by recent surveys of reasoning in
foundation models [10]. Although these models are making steps in the right direction in terms of
structured reasoning, they fail to provide transparency, accountability and grounding on real-world
data. Their thinking styles are more likely to be statistical pattern-matching than actual thinking. This
constraint highlights the need to develop architectures that can produce responses but can also reason
in the same way that human beings make decisions.

It is against this background that the current research paper seeks to investigate systematically
foundation models outside the language domain and in specific three crucial areas, namely,
multimodal integration, agentic architectures, and retrieval-augmented systems. All these paradigms
are separate but complementary to the failures of the models of language only. Multimodal models
seek to admit more context with the aid of information on multiple sources; agentic models are
concerned with autonomy, planning and action, and retrieval-augmented systems seek to resolve the
issue of grounding by dynamically relating models with external knowledge repositories. A
combination of these paradigms is an indication of the direction that the foundation models are taking
to the real world.

The article has a two-fold contribution. This synthesizes the existing body of knowledge in
multimodal, agentic, and retrieval-augmented paradigms and critically examines their strengths,
limitations, and implications to decision-making. Second, it suggests a conceptual framework of
integrating these paradigms, providing a roadmap of moving foundation models to reliable,
trustworthy and scalable decision-making platforms. By engaging both technical insights and societal
considerations, this article positions itself at the intersection of Al research, cognitive science, and
applied decision-making.

Objectives of the Study:
1. To critically review and synthesize the role of multimodal, agentic, and retrieval-augmented
paradigms in overcoming the limitations of language-only foundation models
2. To propose a conceptual framework that integrates these paradigms into a unified pathway for real-
world decision-making with foundation models

2. Theoretical Foundations

Theoretical foundations underpinning the evolution of foundation models highlight why they are
increasingly being extended beyond language-only systems to multimodal, agentic, and retrieval-
augmented paradigms. These foundations rest on principles of scaling, emergent abilities, transfer
learning, and cognitive-inspired models of decision-making. Together, they provide a conceptual lens
for understanding both the strengths and limitations of current approaches, while also explaining why
more advanced paradigms are essential for real-world decision support.

2.1 Evolution from LLMs to Multimodal and Agentic Systems

Large language models (LLMs) represent a breakthrough in the use of large-scale pretraining for
natural language tasks. The success has seen them being widely adopted in various applications
however their functionality is limited by dependence on textual inputs only. The same way that simple
medical conditions cannot be perceived through individual symptoms but need to be assessed in a
multidimensional manner [6], the decision-making tasks in Al require the synthesis of various sources
of data. The rise of multimodal architectures as the next stage in the evolution of linguistic systems
can be seen as the acknowledgement that the real-life world needs more sophisticated modes of
perception and contextual processing [7].
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In the same way, transition to agentic systems represents a loss of passive prediction in favor of
autonomy, flexibility and engagement with dynamic environments. Similar to the clinical research
that emphasizes patient-reports and experiences in addition to biological indicators [8], Al researchers
are finding it clear that models should not be passive, but proactive in terms of planning and tool
utilization. This trend can be visualized as a continuum of more and more context-grounded and
decision-making sophisticated systems as Figure 1 illustrates the development of LLMs into
multimodal models, agentic systems, and retrieval-augmented architectures.

LLMs —» Multimodal Models —» Agentic Models —» Retrieval-Augmented Systems

Figure 1. Evolutionary pathway of foundation models, progressing from LLMs to multimodal,
agentic, and retrieval-augmented systems

2.2 Core Principles: Scaling Laws, Emergent Abilities, and Transfer Learning
Conceptual models of foundation models are based on three principles that are interrelated. The
former is scaling laws, which include demonstrating predictably better performance with an increase
in model size, dataset scale, and compute resources. This association has been mathematically
explained as:

L(N,D) x N~ + DB
where L(N, D) denotes the loss function, N is the number of model parameters, D the dataset size,
and a, f§ represent scaling exponents [9]. While scaling delivers measurable gains, it also creates
diminishing returns, making structural innovations more important than brute-force expansion.

The second is emergent abilities, in which new abilities are developed at scale without programmed
instructions. These are few-shot reasoning, abstraction and in-context adaptation. Emergent behaviors
are unpredictable, although they are promising which brings the question of reliability. Their
randomness is similar to variability of the human quality-of-life outcome in complex situations, where
the patterns emerge but cannot always be generalized [10].

The third principle is transfer learning which allows making use of learned representations to be
reused across tasks so as to offer adaptability. This allows the efficient use of pretrained features to
novel domains, but is also susceptible to transfer of bias. Table 1 is a summary of these three
theoretical principles, their descriptions, and how they can be applied in the real world when making
decisions.

Table 1. Core theoretical principles of foundation models and their implications for decision-

making

Principle Description Implication for Decision-Making

. Predictable improvements in performance with | Efficiency gains, but diminishing
Scaling Laws

more parameters and data [9] returns and resource concerns

Emergent Unprogrammed capabilities arising at scale [9], | New reasoning opportunities, but
Abilities [10] limited reliability
Transfer Reuse of learned features across tasks [10] Adaptablhty across domains, but risk of
Learning bias transfer

By synthesizing scaling, emergence, and transfer learning, it becomes evident that foundation models
are theoretically powerful, but require further refinements to achieve dependable decision support in
practice.
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2.3 Decision-Making as a Cognitive Process

Human decision-making is not linear or restricted to language; it involves an interplay of perception,
reasoning, memory, and action. Foundation models restricted to text inputs lack perceptual grounding,
preventing them from integrating multimodal signals effectively. Multimodal models address this by
incorporating vision, audio, and structured data, thereby expanding situational awareness. Reasoning
remains a challenge, as models often engage in statistical pattern-matching rather than logical
inference. Similarly, memory both episodic and semantic remains underdeveloped in most current
systems. Finally, action requires not only prediction but also the capacity for planning and adaptive
engagement with dynamic environments.

Figure 2 illustrates these four interconnected components perception, reasoning, memory, and action
positioned as the cognitive foundations of decision-making. The diagram demonstrates how each
component interacts with the others, creating a feedback loop necessary for adaptive intelligence.

Reasoning
[Perceptiﬂn

Figure 2. Components of cognitive decision-making perception, reasoning, memory, and
action as a conceptual framework for extending foundation models

By aligning foundation model architectures with this cognitive framework, researchers can identify
specific gaps, such as the absence of grounded perception in LLMs or the limited memory in current
agentic systems, and target them through multimodal, agentic, and retrieval-augmented approaches.

2.4 Reason For Paradigms Are Suitable for Real-World Decision Support

Real-world decision-making requires more than predictive accuracy; it demands robustness,
contextual grounding, and adaptability. Multimodal models are suited to these challenges because
they integrate diverse streams of data, akin to how multidimensional assessments provide richer
understanding in population studies [11]. Agentic models introduce autonomy and planning, allowing
systems to adapt to uncertainty and interact with dynamic environments. Retrieval-augmented
systems bridge foundation models with knowledge repositories, which overcomes the weaknesses of
parametric memory and gives the foundation model grounding in verifiable data.

Collectively, these paradigms answer the shortcomings of language-only models directly by
incorporating perception, reasoning, memory and action into their designs. This synthesis makes them
not just as new technical developments but also as practical decision support structures in areas where
reliability, transparency and responsibility are critical.

3. Paradigms Beyond Language
The shortcomings of language-only models have inspired the creation of novel paradigms extending
foundation models to the worlds of perception, action and integration of external knowledge. Such
paradigms multimodal foundation models, agentic models and retrieval-augmented architectures are
the most notable milestones towards real-life decision support. They have their own contributions and
their convergence is an indication of a route towards strong, credible, and adaptive systems.

3.1 Multimodal Foundation Models

Architectures

Multimodal models are an expansion of large language models, where information of various
modalities, including vision, audio, video, and structured data, is used. They allow more contextual

Received: August 14, 2025 1060



International Journal of Applied Mathematics

Volume 38 No. 10s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

grounding through finding correspondence among modalities, which makes it possible to reason
outside of the text. Recent advances, such as multimodal transformers [12], contrastive pretraining
frameworks like CLIP [13], and domain-specific models such as Med-Flamingo in medical imaging
[14], illustrate the diversity of architectures. Notably, Gemini has introduced architectures capable of
processing text, vision, and code simultaneously [15]. These approaches reflect a paradigm shift from
single-modality language models to systems that emulate human perception by unifying sensory
input. Table 2 summarizes representative multimodal architectures, their modalities, and application
domains.

Table 2. Representative multimodal foundation models and their applications

Model/Framework Modalities Domain/Application Reference
Multimodal Foundation Model | Text + Vision + Audio | General intelligence [12]
CLIP Text + Vision Robust image-text retrieval, robustness [13]
Med-Flamingo Text + Vision Medical diagnostics (radiology, pathology) | [14]
Gemini Text + Vision + Code | Broad Al assistance [15]
Vision-Language Models Text + Vision Robotics, perception [16]

This table highlights how multimodal architectures differ in scope, ranging from specialized
healthcare applications to general-purpose models, reflecting both scalability and domain specificity.
Multimodal models have demonstrated their utility across healthcare, robotics, finance, and customer
interaction. In healthcare, Med-Flamingo supports diagnosis by combining clinical text and radiology
images [14]. In robotics, hybrid multimodal approaches facilitate navigation and perception [17]. In
finance, multimodal data streams (e.g., reports + market signals) enhance decision-making reliability.
These applications illustrate that multimodality directly contributes to situational awareness in high-
stakes environments.

Despite progress, multimodal models face challenges of alignment, where different modalities may
not map seamlessly to a shared latent space [12]. Data imbalance across modalities also limits
generalization [16]. Evaluation remains difficult, as no universal benchmarks exist for multimodal
reasoning. Figure 3 illustrates the multimodal architecture pipeline, showing how inputs from text,
vision, and structured data are fused in shared latent spaces before downstream decision tasks.

Text Input

Vision Input

Fusion / Shared Latent Spacej—p[Decision-Makjng Task Outputj

[Structured Data I_nputj

Figure 3. General pipeline of a multimodal foundation model, integrating text, vision, and
structured data into shared latent representations for decision-making

3.2 Agentic Models

Active Decision-Making Architectures

The foundation models are extended to agentic models, which are models of active action, with
planning, reasoning, and the use of tools. This paradigm is an indication of the increasing need of
dynamically adaptable systems. Examples of this shift include architectures like agentic LLM
architectures [18], compositional planning models [19] and tool-augmented systems (TALM)
architectures [20]. More recent developments are memory-augmented architectures like MemlInsight
[21] which give episodic and semantic recall to agents. The architecture of an agentic model is
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illustrated in Figure 4, which illustrates the interaction of planning, tool integration, and memory to
make autonomous decisions.

[Input (User Query / Environment)j

Y
(Planning Module)

Y

Reasoning Engine

F

Memory Augmentation
[{Episodic + Semantic) (Extemal Tools

Output / Action

Figure 4. Conceptual architecture of agentic foundation models, integrating planning,
external tools, and memory augmentation for active decision-making

The agentic models are also being used in areas like autonomous robotics where the reinforcement
learning is combined with the foundation models of adaptive control [22]. Generative Al agents of
autonomous machines draw attention to opportunities and risks in safety-critical situations [23].
Scientific discovery and policy design based on simulation is also performed using these systems.
Planning and adjusting agentic models bring them a step closer to models that can be autonomous in
the real world. The hope of agentic models is restrained by safety and responsibility issues [22]. One
of the basic issues is to make sure that autonomous decisions are in line with human values. Scalability
is a factor, as well: memory-augmented and tool-augmented systems require large amounts of
computing resources [21]. Lastly, interpretability has not been developed yet, and actions produced
by agentic systems are frequently not transparent to human control [18].

3.3 Retrieval-Augmented Models

Architectures

Retrieval-augmented generation (RAG) represents a powerful strategy for grounding foundation
models in external knowledge bases [24]. These architectures combine parametric knowledge (stored
within model weights) with dynamic retrieval pipelines. Advances include interactive evaluation
frameworks like Kieval [25], integration with vector databases [26], and long-term memory systems
such as Think-in-Memory [27]. Retrieval-enhanced editing methods allow LLMs to update
knowledge dynamically for tasks like multihop question answering [28].

The retrieval mechanism is often formalized as:

PG1X) =) POIxT): P(icl %)
k=1

where x is the input query, y the generated output, and 7, retrieved knowledge passages. This
illustrates how outputs are conditioned jointly on input and external retrieval [24].

RAG-based systems have been applied in knowledge-intensive NLP tasks [24], compliance analysis,
and scientific literature-based reasoning. Vector database integrations extend decision-making in
business intelligence [26]. Memory-augmented retrieval has also improved long-term context
handling [27]. Table 3 summarizes retrieval-augmented architectures and their contributions.

Table 3. Retrieval-augmented approaches and their key contributions
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Approach Contribution Reference
Retrieval-Augmented Combines parametric and non-parametric memory for [24]
Generation (RAG) knowledge-intensive tasks

Kieval Knowledge-grounded evaluation framework [25]
Vector Database + LLM Enhances retrieval for decision tasks [26]
Think-in-Memory Enables long-term recall and reasoning [27]
Retrieval-Enhanced Editing Supports knowledge updating and QA [28]

This table highlights how retrieval mechanisms expand the horizon of foundation models by
addressing the hallucination problem and enabling dynamic knowledge updates.
Retrieval-augmented systems introduce challenges of latency and scalability, as real-time retrieval
requires efficient infrastructure [26]. The quality of external knowledge also directly affects
reliability, raising concerns about misinformation [25]. While retrieval reduces hallucination, it does
not eliminate it entirely [28]. Figure 5 illustrates the RAG pipeline, showing how queries are
processed through retrieval, grounding, and generation modules.

Input Query

Retriever
(Vector Database / External Knowledge)

(Fusion & Grounding Module)

[Generation Module {LLM))

(Final Output / Decisianj

Figure 5. General pipeline of a retrieval-augmented model, showing interaction between input
queries, external databases, and generation modules

3.4 Synthesis of Paradigms

The three paradigms multimodality, agency, and retrieval address complementary weaknesses of
language-only models. Multimodality expands perception, agentic models introduce autonomy, and
retrieval architectures provide grounding. Together, they outline a path toward robust foundation
models capable of real-world decision-making.

4. Comparative Analysis and Discussion
Multimodal, agentic, and retrieval-augmented foundation models present both opportunities and
trade-offs in efficiency, scalability, and reliability, making it possible to make more effective
decisions. A comparative lens helps to better appreciate the complementary and challenging nature of
these paradigms in relation to each other and also unveil theoretical implications, practical
applications, and research questions.

4.1 Cross-Comparison: Strengths, Weaknesses, and Trade-Offs

The three paradigms multimodal, agentic, and retrieval-augmented have their own strengths and
weaknesses. Multimodal models offer enhanced perception through combination of multiple streams
of data although they have problems of synchronization and resource intensity [29]. The agentic
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models are extensions of the foundation models to autonomy and adaptive reasoning, but they are
also associated with interpretability and safety issues [30]. Retrieval-augmented architectures
enhance grounding based on external sources of knowledge with the weak point of reliability and
latency of retrieval [31]. Table 4 will compare these paradigms with regard to their strengths, their
weaknesses and trade-offs.

Table 4. Comparative strengths, weaknesses, and trade-offs of multimodal, agentic, and
retrieval-augmented models

Paradigm Strengths Weaknesses / Challenges Trade-Offs Reference
Multimodal Rich perception, information | High compute cost, modality | Accuracy vs 1291 [33]
Models fusion [29], [33] alignment issues scalability ’
Agentic Autonomy, adaptive | Interpretability, safety | Flexibility Vs 1291, [32]
Models planning [29], [32] concerns reliability ’
Retrieval- Grounded outputs, reduces | Latency, dependency on | Knowledge depthvs [30]
Augmented hallucination [30] external data quality response speed

This table highlights how no paradigm provides a complete solution in isolation, making integration
an attractive strategy for balancing perception, autonomy, and grounding.

4.2 Theoretical Implications: Toward Cognitive-Like Architectures

From a theoretical perspective, the convergence of paradigms echoes long-standing efforts in
cognitive systems research to model perception, memory, reasoning, and action in unified frameworks
[32]. Multimodal architectures resemble human sensory integration, while agentic models emulate
planning and adaptive decision-making. Retrieval-augmented frameworks provide externalized
memory, functioning as an analogue to knowledge retrieval in human cognition. Together, these
paradigms suggest an emerging cognitive-like architecture where each paradigm maps to a distinct
cognitive function [33]. Figure 6 illustrates this theoretical alignment, mapping multimodal
perception, agentic reasoning, and retrieval-based memory into a cognitive architecture inspired by
human decision-making processes.

Externalized Memotyj
Reasoning & Act:ionj

Figure 6. Theoretical alignment of paradigms with cognitive functions: multimodality as
perception, agency as reasoning and action, and retrieval as externalized memory

This framing suggests that the integration of paradigms may approximate cognitive architectures that
are both adaptive and generalizable, providing a foundation for artificial decision-making systems
closer to human intelligence.

4.3 Practical Implications: Deployment in Healthcare, Finance, Robotics, and Policy

The practical value of these paradigms becomes most evident in domain-specific applications. In
healthcare, multimodal systems enhance diagnostic accuracy by fusing radiology images with textual
medical notes, though trade-offs arise between unified large-scale models and localized fine-tuned
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approaches for highly specialized tasks [30]. Retrieval-augmented methods further support evidence-
based diagnostics by linking decisions to medical literature.

In finance, retrieval-augmented systems enable real-time integration of structured databases and
unstructured market reports, mitigating hallucination risks. Multimodality is particularly relevant for
sentiment analysis, combining textual and visual market indicators [33]. In robotics, agentic models
integrate reinforcement learning and planning modules to support autonomous navigation and
interaction. Wireless agentic Al frameworks show promise for combining multimodal semantic
perception with retrieval pipelines to enable adaptive robotic control [29].

Policy-making and governance benefit from hybrid models that combine multimodal situational
awareness (e.g., text, geospatial imagery) with retrieval of legal and regulatory frameworks,
supported by agentic planning mechanisms [32]. These deployments, however, highlight the trade-
off between accuracy and interpretability, a recurring challenge across domains.

4.4 Limitations of Current Research

Despite progress, current research remains limited by boundaries in evaluation, scalability, and
integration. Benchmarks for assessing Al remain fragmented, with studies highlighting
inconsistencies in evaluation standards [31]. Multimodal benchmarks often lack cross-domain
generalizability, while agentic benchmarks fail to account for safety and interpretability. Retrieval-
based evaluation is challenged by the difficulty of tracing knowledge provenance.

Scalability poses another limitation. Multimodal and agentic systems are resource intensive in terms
of compute and data requirements, and present a sustainability issue [29]. Even though retrieval-
augmented approaches are efficient in memory, they also create latency which limits their use in real-
time systems [30]. The combination of the paradigms is more theoretical than practical because most
of the deployed systems are restricted to two-paradigm combinations, but not multimodal-agentic-
retrieval architecture.

5. Ethical, Societal, and Regulatory Implications
In extending foundation models beyond language to multimodal, agentic, and retrieval-augmented
systems, the pressing nature of the need to ensure that their impacts on ethics, society, and regulation
are considered is critical. As these models become more sophisticated, they present the challenges of
bias, governance, trustworthiness and interpretability. This section critically analyses these challenges
and explains frameworks that would make sure that decision-making AI develops responsibly.

5.1 AI Ethics in Multimodal Models

Multimodal models combine vision, text, audio and structured information making it difficult to
ethically control. In contrast to unimodal systems, multimodal systems encounter the problem of
propagation of bias across modalities, which makes the notions of fairness and accountability a
concern [34]. Ethical principles that apply particularly to multimodal AI emphasize openness in the
data curation, cross-modal reasoning interpretability and elucidable decision pipelines. Such
frameworks contend that the design process needs to have ethical protection embedded in it, as
opposed to coming in after the fact. The general ethical risk map of multimodal models (Figure 7)
indicates the points where bias may be introduced during the processes of data collection, model
training, and inference.
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Data Collection

(Model Tra:im'ng] (Bias in datasetsj

[I_nference / Deployment] [Bias in tra]'m'ngj

Y

| Bias in outputs |

Figure 7. Ethical risk map in multimodal Al, showing bias entry points across data, training,
and inference pipelines

This highlights that ethics in multimodal systems requires a proactive approach, balancing technical
design with societal accountability.

5.2 Bias in Foundation Models

Prejudice is also a structural issue in foundation models because of the size and diversity of training
data [35]. Biased predictions are disproportionately relevant to vulnerable groups in healthcare and
other policy applications. Prejudice does not only destroy fairness, but it also diminishes the reliability
of decision-making products. To solve these problems, both technical solutions like bias detection
and mitigation and regulatory controls should be used to control the outputs of models to ethical
standards. Table 5 provides a summary of bias types that are typical of foundation models and the
implications in society.

Table 5. Categories of bias in foundation models and their societal implications

Bias Category Example Manifestation Societal Consequence Reference
giear:ograp hic Overrepresentation of specific groups Discrimination in healthcare, hiring [35]
Domain Bias Unequal performance across tasks Reduced reliability in critical domains [35]
Cultural Bias fjlil\S/:?SS;;[;Vlty to  linguistic/cultural g/rlzlrg:ahzatlon of underrepresented [35]

The persistence of bias suggests that fairness must remain a central component of both design and
governance.

5.3 Al Governance Frameworks

The need for structured governance frameworks is now widely recognized [36]. Governance
addresses how systems are developed, monitored, and regulated across their lifecycle. Proposed
frameworks stress principles such as accountability, transparency, and human oversight. These
frameworks are not only regulatory tools but also technical guides for model deployment, ensuring
that the ethical dimensions of Al remain central to its practical application. The integration of
governance models across industries will determine whether Al technologies can scale responsibly.

5.4 Regulation of Autonomous Decision-Making Systems

The agentic foundation models which can think and act independently present special regulatory
challenges [37]. Their application to such areas of life as healthcare, robotics, and transportation can
be held responsible because mistakes can lead to on-the-job accidents. Such regulation should then
focus on safety auditing, accountability attribution and explainability. Furthermore, agentic systems
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are dynamic in nature and thus, regulations should be flexible to changing risks. Figure 8 presents a
regulatory life cycle of autonomous systems, including training the models and deploying them, as
well as ongoing audits.

Deployment Oversight

Pre-deployment Anditing Post-deployment Momtoring

Figure 8. Regulatory lifecycle of autonomous decision-making systems, including pre-
deployment auditing, deployment oversight, and post-deployment monitoring
This lifecycle approach underscores that regulation cannot be a one-time effort but must remain
continuous and adaptive.

5.5 Trustworthy Al and Transparency

The concept of Al trustworthiness goes beyond technical reliability to include transparency, strength
and acceptance in society [38]. A reliable system is not only correct but also readable and in
accordance with human values. Transparency is especially important in the context of decision-
making; the stakeholders should be knowledgeable of how the results are obtained. This involves
giving explainable descriptions of what model prediction is and making sure the decision-making
pipelines are auditable. Credible AI means that technical protections are appropriate to the
expectations of the culture and society and thus have legitimacy.

5.6 Human-AlI Collaboration Ethics

Implementation of Al into decision-making presents some ethical concerns of human-Al cooperation.
Ethical collaboration models propose that Al is not to substitute human judgment; rather, it should
supplement it [39]. This necessitates that systems be made to be complementary, so that human
decision-makers do not lose control and power. The dependency risks are also ethical issues, which
involve over-dependence on Al to the point that human agency is weakened. Responsible
collaboration models highlight the creation of interfaces enabling human interpretation of Al outputs
and taking action.

5.7 Explainability and Interpretability in AI

One of the most problematic areas of ensuring ethical Al is explainability [40]. Trust cannot be built
without being interpretable and accountability is impossible to find. Psychological accounts
emphasize that explainability should be subject to human cognitive demands, and be explicable, not
in technical terms. Explainability methods are model distillation, visualization, and natural language
explanation. These approaches should be made in such a way that the explanations are technical and
cognitive. Some of the most important dimensions of explainability in the context of decision-making
Al are listed in Table 6.

Table 6. Dimensions of explainability and interpretability in Al

Dimension Description Ethical Relevance | Reference

Transparency Clarity of decision pathways Builds trust [40]

Accountability Traceability of decision-making steps Ensures oversight | [40]

Cognitive Alignment Explanatlops suited to human Enhances usability | [40]
understanding

It demonstrates that the interpretability is not a pure technical issue, but the ethical one that requires
an orientation to the human values and cognition.
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Ethical, social, and regulatory considerations are the determining factors in application of foundation
models in the real world decision making. With the multimodal ethics to mitigation of bias,
governance system, regulation, credibility, collaboration and interpretability, all aspects bring out the
interaction of technology and society. Tackling these implications involves not only technical
innovation, but also robust interdisciplinary interactions in the fields of ethics, law, policy and
cognitive science.

6. Future Directions and Conclusion

The history of the development of foundation models beyond language paves a path to the integration
of multimodality, agency, and retrieval in the form of unified architectures. All these paradigms
overcome a particular limitation of the traditional models based only on language: multimodality
allows perception of various inputs, agency allows adaptive reasoning and autonomous action, and
retrieval allows grounding in credible external knowledge. The combination of these abilities is
pointing towards context-aware and decision-capable systems, which will be the next generation of
artificial intelligence. Another key milestone in this direction is the emergence of new standards that
can be used to assess the effectiveness of decision making in its entirety. Existing benchmarks are
more likely to focus on single modalities, or simple reasoning tasks, but another approach that needs
to be implemented in new benchmarks is to evaluate systems by their capacity to combine perception,
reasoning, memory, and action in dynamic and complex environments. Trustworthiness, transparency,
and adaptability should also be measured by such benchmarks as evaluation should be consistent with
the real-world needs. These models will probably be put to test in areas that traditional Al has failed
in such as frontier applications. An example of this is climate modeling, which involves the synthesis
of multimodal streams of data, such as satellite data or the policy report. The analysis of policies at
the global level requires basing on massive and dynamic knowledge bases but with agentic reasoning
to simulate and predict. Healthcare crises also require evidence-based decision-making that is quick
and multimodal and also retrieves the changing clinical guidelines and autonomous triage assistance.
These stakes-high areas demonstrate the need to have single-purpose architectures that can be used
with certainty in the face of uncertainty. Over the long term, such advances will open the way to
Artificial General Decision-Making Systems (AGDMs) models that are not only capable of
processing information but also are flexible, transparent, and ethically sound enough to make
decisions in a wide range of fields. Although AGDMs are still aspirational, the fact that they are being
worked on points out the significance of interdisciplinary cooperation. The input of computer science,
cognitive science, ethics, law and public policy will be needed to make sure that these systems are
not only technically superior but also socially accountable. Finally, foundation models will have the
future of going beyond language to unified, cognitively inspired architectures. This vision will
necessitate new standards, pioneer applications and cross-disciplinary collaborations, which will
make the decision-making Al grow as a scientific and social innovation.
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