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Abstract

Existing artificial intelligence systems, such as powerful Large Language Models (LLMs), Vision-Language Models
(VLMs), and specialized tools like the Segment Anything Model (SAM), have made remarkable progress in specific
domains. [1] However, in high-stakes environments marked by volatility, uncertainty, complexity, and ambiguity (VUCA),
these architectures are unsuitable for dynamic multimodal data integration and the generation of auditable, actionable
results. Traditional generalist agents, such as DeepMind's Gato and Google's Gemini, have attempted to unify these
capabilities, but they frequently lack the explicit safety mechanisms and finegrained control required for critical
applications. [6]

This paper presents the Unified Multimodal Cognitive Architecture (UMCA), a novel framework that integrates
perception, reasoning, and action into a single, end-to-end pipeline. The architecture is built around three key innovations:
a Latent Concept Model (LCM) for deep cross-modal alignment, a dynamic Mixture-of-Experts (MoE) routing layer for
adaptive, resource-aware computation, and a Language-Action Model (LAM) for creating structured, verifiable action
graphs. We demonstrate UMCA's superior performance by conducting extensive benchmarks on a variety of crisis response
tasks, such as multimodal question answering, image-grounded summarization, and resource routing. Qur comparative
and ablation studies formally validate the importance of each architectural component, demonstrating that UMCA
outperforms cuttingedge baselines by a significant margin. The UMCA framework represents a viable path to developing
robust, explainable, and ethically grounded Al systems for high-stakes societal applications, directly supporting the global
collaboration principles outlined in Sustainable Development Goal 17 (SDG-17).

Keywords: Multimodal Al, Large Language Models, Mixture of Experts, Segment Anything, Latent Concept Models,
Crisis Response, SDG-17, VUCA World

1. INTRODUCTION

Recent years have seen remarkable advances in artificial intelligence, primarily driven by the creation of highly
specialized model families. Large Language Models (LLMs) such as GPT 2, LLaMA 3, and PalLM 2 have
transformed natural language understanding and generation, whereas Vision-Language Models (VLMs) such
as CLIP and Flamingo have demonstrated exceptional performance in aligning visual and textual
representations. Ten models, including the Segment Anything Model (SAM), have provided universal visual
segmentation capabilities. While each of these systems excels in its own field, their isolation creates significant
limitations when confronted with the holistic demands of real-world, high-stakes scenarios like disaster
management or humanitarian crisis response. [34]

These environments are frequently referred to as volatile, uncertain, complex, and ambiguous (VUCA). [4]
Existing specialized models work in silos and cannot perform the integrated sense-making required to navigate
such dynamic environments. Attempts to address this fragmentation have resulted in the development of
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generalist agents, including DeepMind's Gato [1] and Google's Gemini. [6] While these models aim to unify
perception and reasoning, they frequently fall short of providing a framework that is auditable, explainable,
and appropriate for critical, high-impact applications. The absence of a unified, end-to-end pipeline for
perception-to-action mapping creates a significant gap for real-world deployment.
To fill this void, this paper proposes the Unified Multimodal Cognitive Architecture (UMCA), which is more
than just an amalgamation of disparate models, but a deliberate synthesis of their strengths.
Our primary contributions are:
® A new cognitive architecture integrates perception, reasoning, and action in a unified pipeline.
® A novel cognitive architecture that integrates perception, reasoning, and action into a single, coherent
pipeline.
e A dynamic Mixture-of-Experts (MoE) routing layer enables adaptive and resource-aware computation.
A dedicated Language-Action Model (LAM) for generating structured, verifiable, and safe action graphs.
® A real-world case study demonstrating how UMCA can be applied to crisis response in line with SDG-
17.1 principles.
2. Research Methodology
2.1 Proposed Innovative Model Architecture
The Unified Multimodal Cognitive Architecture (UMCA) is
Perception Layer a modular, end-to-end framework comprising four primary
[ e ] [ Toxt ] [ ction ] layers. This architecture is intended to bring together the

T ) strengths of various specialized models to create a
iiigh-cimensional embedidgs comprehensive and actionable system.
> Y L4 Y —~ 1. Perception Layer: This layer receives and encodes raw
Latent Concept Model (LCM) multimodal input from the environment. It includes
l specialized encoders for each modality, such as the Segment

. Anything Model (SAM) for visual segmentation, a Vision-
Reasoning & Routing Layer (MoE) Language Model (VLM) for image-text pairs, and an LLM

I —— l T backbone for unstructured text documents. [1]Each encoder

Experts converts its input into a high-dimensional embedding vector.

| . 2. Latent Concept Model (LCM): The LCM is the heart of
the UMCA framework, projecting the disparate

Fig 1: UMCA Architecture embeddings from

the Perception Layer into a single, shared latent concept
Language-Action Model (LAM) } & space. [16] This model is trained to ensure that a single
HITL concept, such as "collapsed bridge," has the same
representation whether it comes from satellite imagery, a

textual report, or a structured action command.

3. Reasoning & Routing Layer (MoE): The aligned latent representation is fed into a dynamic Mixture-
of-Experts (MoE) layer. [8] This layer includes a gating network (router) and a number of specialized
expert models. [8] The router dynamically evaluates the input and routes it to the most relevant experts,
enabling scalable and efficient computation by activating only a subset of the total parameters. [14]

4. Language-Action Model (LAM): The final layer converts the validated reasoning outputs into a
structured action graph. The LAM ensures that high-level decisions are translated into lower-level,
verifiable, and safe actions. At this stage, a critical Human-in-the-Loop (HITL) safeguard is
implemented, indicating high-risk or low-confidence decisions that require human validation. [13]

2.2 Mathematical Foundations

The theoretical foundation of UMCA is defined by three key mathematical components.

2.2.1 Latent Concept Model (LCM)

The LCM is trained with a multi-modal contrastive loss objective that forces representations of vision, text,
and action to be semantically aligned in a single latent space. This is a significant departure from simple
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InfoNCE because it explicitly includes a third modality (action) to prevent "rank collapse" and ensure all
modalities are leveraged.
The loss function is formulated as:

esfrn{j'{r].g(y]].'r_l_e.-sim(f(.r:}.h[z]].-'r
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Here, f(x), g(y), and h(z) represent the learned embeddings for a visual input x, a textual input y, and a
structured action representation z. The numerator adds the similarity of the anchor (the visual embedding)
to its corresponding positive pairs (text and action embeddings), while the denominator includes all other
negative samples in the batch from both the text and action modalities. 1 This formulation forces the model
to learn a complex, interconnected latent space in which all three modalities are strongly aligned. [16]

2.2.2 Mixture-of-Experts (MoE) Routing
The gating function, which routes the aligned latent input x to one of N experts, is a softmax operation over
a learned matrix multiplication with a stochastic component for load balancing(8].

o

Z}:le 9lj T
where (xWg)i is a deterministic score for expert i, and €i is a Gaussian noise term drawn from a normal
distribution, €i~N(0,Softplus(xWnoise)i).8 This noise-based approach, combined with a load-balancing loss,
ensures an even distribution of samples across experts, preventing expert starvation and improving
computational efficiency.[2]

2.2.3 Language-Action Mapping (LAM)
The LAM is trained to translate high-level reasoning into grounded actions using a hybrid loss function that
combines the stability of imitation learning with the exploratory power of reinforcement learning [12]:

Lyam = aLpe + BLgr, + YLgafety
® L (Behavior Cloning) trains the model to imitate expert demonstrations and provides a stable, data-
efficient objective for initial training. [21]
® L (Reinforcement Learning) allows the model to learn from its own experience and explore beyond
the expert demonstrations, addressing a key limitation of purely BC-based systems. [12]
® L., is a custom loss component that imposes a penalty on actions that violate predefined safety
constraints or trigger an HITL checkpoint, which is crucial for high-stakes applications. [18]
3. Experimental Setup & Results
3.1 Experimental Setup
To validate UMCA's efficacy, a comprehensive experimental framework was developed. The framework
includes a rigorous comparison to cutting-edge baselines as well as a set of tasks designed to simulate real-
world crisis scenarios.

Baselines: UMCA was benchmarked against a diverse set of baseline models: LLM-only (GPT-like) for text
reasoning, VLM-only (CLIP + LLM) for multimodal reasoning, SAM-only for visual perception, MoE-only
(Switch Transformer) for computational efficiency, and integrated generalist models (Gato, Gemini). [9]
Tasks and Benchmarks: The evaluation was conducted across four distinct tasks that represent the challenges
of a VUCA environment. The datasets and metrics used are summarized in the following table.

Task Datasets Metrics

Multimodal QA & Reasoning SPIQA[25], CogBench[26] Accuracy, ROUGE-L, L3Score[25]

4618



International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 22s, 2025
https://theaspd.com/index.php

Image-Grounded GigaGrounding[11], ROUGE-L, BLEUI[1]

Summarization Multi30K][1]

Damage Assessment & | xView[1], MS-COCO|[1] Mean Intersection over Union
Segmentation (mIoU) [30]

Resource Routing & Action | Crisis-specific dataset, | Task Completion Rate, Routing
Planning negotiation games[29] Success Rate[1]

Table 1: Tasks and Benchmarks
Ablation Studies: Ablation studies seek to determine which components of a machine learning model are
critical to its performance and which can be removed or simplified without significantly affecting its ability

to learn and generalize. To formally validate the necessity of each core component, the full UMCA model
was compared with three ablated versions: UMCA-w/0o-LCM, UMCA-w/0-MoE, and UMCA-w/0o-LAM.

3.2 RESULT ANALYSIS
The experimental results show that UMCA consistently outperforms all baseline models on every task tested,
especially those that require the integration of perception, reasoning, and action.

Model Multimodal Summarization Segmentation Routing Success (%)
QA (Acc) (ROUGEL) (mIoU)

LLM-only 72.4 35.1 - -

VLM-only 81.3 41.2 - -

SAM-only = = 74.2 _

Gato 83.5 43.7 70.1 61.5

UMCA 89.1 52.8 77.4 73.6

Table 2: Result Analysis

In-Depth Analysis: UMCA's superior performance is a direct result of its architectural design. The LCM's
ability to align concepts across modalities reduces "hallucinatory" outputs, resulting in high multimodal QA
accuracy and ROUGE-L summarization scores. The MoE layer has two main advantages: it allows the model
to perform highly specialized tasks with dedicated experts and reduces computational costs by about 30%
when compared to dense models. The high routing success rate demonstrates the LAM's ability to translate
high-level reasoning into concrete, verifiable action graphs, which is a critical bridge that traditional models

lack. [12]

Ablation Analysis: The ablation studies formally demonstrate the necessity of each component. The UMCA-
w/0-LCM version demonstrated a significant drop in multimodal QA accuracy, highlighting the importance
of deep semantic alignment. Replacing the MoE layer with a dense transformer (UMCA-w/0-MoE) resulted
in a significant increase in computational cost and latency, demonstrating the MoE paradigm's efficiency
gains. 2 Finally, the UMCA-w/0-LAM version failed to generate actionable outputs for the resource routing
task, demonstrating the LAM's critical role in connecting abstract reasoning to the physical world.

4. CONCLUSION
This paper introduced the Unified Multimodal Cognitive Architecture (UMCA), a novel framework that
combines perception, reasoning, and action into a single, end-to-end process. UMCA outperforms existing
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specialized and generalist Al systems by combining a Latent Concept Model (LCM) for deep cross-modal
alignment, a dynamic Mixture-of-Experts (MoE) layer for efficient routing, and a Language-Action Model
(LAM) for generating auditable actions.

The proposed framework produces robust, explainable, and actionable outputs, as evidenced by its superior
performance on a variety of crisis response benchmarks. The findings formally validate the necessity of each
architectural component and position UMCA as a significant step toward creating more dependable and
ethically grounded Al systems for high-stakes societal applications, particularly in the context of global
partnerships under SDG-17.
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