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Abstract

Aiming at the computational inefficiency and insufficient interpretability of multimodal large language
models (MLLMs) in complex tasks such as multi-round reasoning and medical diagnosis, this paper
proposes the MCP (Model-Controller-Presenter) three-layer collaborative framework. By decoupling
MLLMs into reasoning, generation, and retrieval sub-modules, integrating a reinforcement learning
(RL)-driven dynamic routing algorithm, and designing a task adaptation mechanism, the framework
realizes the systematic integration of control theory and MLLM dynamic reasoning for the first time.
Experiments on cross-modal benchmark datasets (GLUE, COCO, ScienceQA) show that compared with
baseline models (LLaMA-2 7B, GPT-3.5, etc.), MCP improves task performance by 15–30%, enhances
reasoning efficiency by 40%, and achieves a 90% manual interpretability score through the Presenter
layer. This work provides a practical solution to break through the application bottleneck of MLLMs.

Keywords: multimodal large language models (MLLMs); MCP framework; dynamic routing; rein-
forcement learning (RL); interpretability; control theory

1. Introduction
1.1. Research Background and Challenges

Existing MLLMs (e.g., GPT-4, LLaMA) adopt a unidirectional reasoning model, which exhibits
serious redundant computation and weak dynamic adjustment capabilities in complex scenarios such
as medical diagnosis and scientific Q&A [8]. Current optimization methods are mostly limited to
unimodal scenarios or static architectural design, lacking a global resource scheduling mechanism
constructed from the perspective of control theory—this leads to three core challenges: 1) Decomposing
billion-parameter large models into semantically coherent and dynamically reorganizable sub-modules;
2) Designing controllers that balance performance and efficiency while avoiding state-space explosion;
3) Ensuring the framework’s universality across text, visual, and multimodal tasks.

1.2. Core Contributions

The main contributions of this work are as follows: 1) Propose the MCP three-layer architecture,
realizing the first integration of dynamic planning principles in control theory with MLLM functional
decomposition ; 2) Design an RL-based dynamic routing algorithm to reduce 40% of redundant com-
putation compared with traditional MoE architectures; 3) Construct an interpretable task adaptation
layer, achieving a 90% human interpretability score for model decision-making processes.

2. Methodology: MCP Framework Design
The MCP framework achieves dynamic and efficient reasoning of MLLMs through three-layer

collaboration: Model layer (functional decoupling), Controller layer (intelligent scheduling), and
Presenter layer (task adaptation). The overall architecture is shown in Figure 1.
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Figure 1. Schematic diagram of MCP three-layer architecture

2.1. Model Layer: Functional Decoupling

The Model layer decomposes MLLMs into three functionally orthogonal sub-modules, with
parallel modularization to reduce redundant computation. Key parameters and performance metrics
of each sub-module are shown in Table 1.

Table 1. Specifications of MCP Model Layer Sub-modules.

Sub-module Core Function Params
(±Fluctuation) Latency Key Technology

Reasoning
Logical deduction,

knowledge
verification

43.7M (±1.2%) 8.2ms±0.3ms Sparse Attention
Cluster [1,15] (SAC)

Generation Creative content
synthesis 37.5M (±0.9%) 6.5ms±0.4ms Length-Aware

Decoding (LAD) [13]

Retrieval Knowledge retrieval,
semantic matching 18.8K (±0.7%) 4.1ms±0.2ms Hierarchical Hybrid

Index (HHI) [14]

- Reasoning Module: Focuses on tasks such as mathematical proof and fault diagnosis. SAC
technology divides neurons into 32 functional clusters, reducing redundant computation by 37% in
the MultiArith dataset. - Generation Module: Handles open-ended tasks (copy generation, story
continuation). The LAD mechanism improves BLEU-4 by 19% and reduces invalid generation by
22% in the CNN/Daily Mail task. - Retrieval Module: Supports open-domain Q&A and document
checking. HHI fuses hierarchical clustering and ANN search, improving retrieval efficiency by 34% in
SQuAD v2.0.

2.2. Controller Layer: Dynamic Routing and RL Policy

As the "central nerve" of the framework, the Controller layer realizes millisecond-level computing
resource scheduling through dynamic routing and RL [10].
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2.2.1. Dynamic Routing Algorithm

The algorithm models task complexity as a 3-dimensional vector C = [csemantics, clength, cuncertainty],
where: - csemantics is computed by token embedding entropy; - clength is the normalized input length; -
cuncertainty is derived from self-attention variance.

Based on C, the algorithm dynamically allocates sub-module resources: for example, mathematical
reasoning tasks (high csemantics) trigger the expansion of the reasoning module’s attention heads from
12 to 17; long text generation tasks (high clength) activate the generation module’s memory enhancement
layer. The routing decision latency is 2.8ms±0.5ms, supporting 1000+ tasks/sec.

2.2.2. RL Policy Feedback Loop

The loop fuses module-level metrics (parameter utilization up, delay deviation ∆t) and task-level
features (complexity C, output quality score Q) to construct a 27-dimensional state space. The Twin
Delayed DDPG (TD3) algorithm is used for policy optimization, with the reward function defined as:

R = α · 1
total delay

+ β · output quality − γ · delayed swing

In medical diagnosis (CMedQA dataset), β = 0.7 (prioritizing output quality) improves diagnostic
accuracy by 23% compared with the baseline.

2.3. Presenter Layer: Task Adaptation and Interpretability

The Presenter layer acts as a "model-task bridge" to solve output format adaptation and in-
terpretability issues : - Task Adaptation: Based on the meta-learning framework, it automatically
recognizes task formats (table, Q&A, long text). In financial report analysis, it parses 7 types of
key fields with 96.2% structured conversion accuracy. - Interpretability Enhancement: Activates the
"interpretability header" of the reasoning module to generate human-readable intermediate results (rea-
soning chains, knowledge sources). In legal reasoning tasks, it improves model decision transparency
by 41% (verified by Gilpin interpretability scores).

Additionally, the layer adopts a "plug-and-play" architecture: a 3-layer CNN classifier automati-
cally identifies task types, reducing task adaptation time by 65% compared with traditional methods
and supporting 12 task types in the TaskBench benchmark without training migration.

2.4. Modular LoRA (mLoRA) Integration

To realize efficient fine-tuning of sub-modules, mLoRA is designed for mainstream MLLMs
(LLaMA, GPT-Neo) : - Reasoning module: Insert LoRA adapters (rank=8) into attention and feed-
forward layers, improving inference accuracy by 17% in MultiArith after 100 fine-tuning rounds; -
Generation module: Inject LoRA (rank=4) into the output decoding layer, improving BLEU-4 by 12%
in the CNN/Daily Mail task; - Retrieval module: Apply LoRA (rank=2) in the feature encoding layer,
reducing retrieval latency by 28% in SQuAD v2.0.

The joint fine-tuning loss function is:

Ljoint =
2

∑
i=0

λiLLoRA,i + µ · KL(p(βi∥data)∥q(βi∥model))

where λ0 = 0.6, λ1 = 0.3, λ2 = 0.1 (positively correlated with parameter fluctuation magnitude) and
µ = 0.2 (distribution consistency constraint coefficient).
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3. Experiments
3.1. Experimental Setup
3.1.1. Datasets

Three cross-modal benchmark datasets are selected to cover NLP, CV, and multimodal tasks :
- GLUE: Contains 9 NLP tasks (SST-2 sentiment analysis, QQP question matching) to test semantic
comprehension and reasoning capabilities; - COCO: Includes 123,000 images with dense caption
annotations, verifying visual-text synergy; - ScienceQA: Covers 21,000 scientific questions (text, image,
video inputs) to evaluate cross-modal reasoning.

3.1.2. Baseline Models

Representative models are selected as baselines [2]: - LLaMA-2 (7B): Open-source large language
model; - GPT-3.5: Commercial multimodal model; - Switch Transformer (128MoE): Sparse expert
architecture; - Pipeline-Parallel T5: Pipeline-parallel large model [11].

3.2. Main Experimental Results
3.2.1. Multimodal Performance

As shown in Figure 2 (delay-accuracy trade-off analysis), MCP improves accuracy from 78% to
92% in ScienceQA through modular collaboration (retrieval module for knowledge recall, reasoning
module for logical calibration). Key results across datasets [3–7] are summarized in Table 2:

Figure 2. Multimodal task performance comparison (ScienceQA/GLUE/COCO).
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Table 2. Performance Comparison of MCP and Baselines.

Dataset Metric LLaMA-2 7B GPT-3.5 MCP

GLUE (Avg.) Accuracy 78% 85% 92%
COCO Latency (ms) 416 352 212

ScienceQA Energy (J/task) 22.6 18.3 10.3

- Efficiency: End-to-end inference latency is compressed to 18ms (baseline 32ms); in COCO,
50% quantile latency is reduced from 416ms to 212ms. Dynamic routing skips 3 layers of redundant
convolution for simple scenes, saving 23ms. - Energy Consumption: Unit task energy consumption is
reduced to 10.3J (baseline 22.6J). For extra-large models (batch size=64), energy efficiency is improved
by 40% by avoiding "big model, small task" computing power waste.

3.2.2. Interpretability Validation

A 10-member expert panel (3 NLP scholars, 3 education experts, 4 industry practitioners) conducts
double-blind evaluation of intermediate results generated by the Presenter layer [12]. The evaluation
covers three dimensions : - Reasoning transparency: 4.7/5 (baseline 3.1/5); - Knowledge relevance:
4.6/5 (baseline 3.3/5); - Semantic coherence: 4.4/5 (baseline 3.0/5).

In medical diagnosis, 85% of experts confirm that MCP’s reasoning path is "clearly reproducible,"
reducing physician validation time by 62%.

3.3. Ablation Experiments

Three groups of ablation experiments are designed to verify the contribution of dynamic routing
(Table 3) : - Experimental Group: Complete MCP (dynamic routing + RL policy); - Ablation Group 1:
Static routing (fixed module invocation order); - Ablation Group 2: Random routing (random module
order).

Table 3. Contribution of Dynamic Routing (Ablation Results).

Metric Exp. Group vs. Ablation 1 Exp. Group vs. Ablation 2

GLUE Accuracy Gain +19% +12%
COCO Latency Reduction -35% -22%

Energy Efficiency Gain +42% +29%

Results show that dynamic routing effectively identifies task bottlenecks, skips redundant mod-
ules, and improves hardware resource utilization (GPU utilization from 53% to 78%).

3.4. Case Study: Tuberculosis (TB) Diagnosis

Taking TB-lung cancer differential diagnosis as a scenario (chest X-ray + medical history input),
MCP’s module collaboration process is analyzed across 4 time steps : - T1 (Information Input):
Generation module (70% active) aligns text-image; reasoning module (30% active) extracts key features;
- T2 (Ambiguity Detection): Reasoning module activation jumps to 80% to correct ambiguity via clinical
guidelines; - T3 (Knowledge Retrieval): Dual-module activation rebalances (reasoning 45%, generation
55%) to validate retrieved knowledge; - T4 (Report Generation): Generation module (90% active)
outputs structured reports; reasoning module (10% active) ensures logical consistency.

The case reduces false-positive knowledge citations from 19% to 5% and achieves 72% TB diagno-
sis accuracy, verifying MCP’s reliability in high-stakes tasks.

4. Discussion and Conclusions
4.1. Theoretical and Practical Significance

Theoretical Value: The MCP framework verifies the feasibility of integrating control theory
with MLLM dynamic reasoning for the first time, treating MLLM reasoning as a nonlinear dynamic
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system. Its Controller layer dynamic routing adapts to Liapunov’s stability theory, proving policy
gradients converge to global optimum withinO(logT)iterations—validated by ScienceQA data (41%
lower gradient variance than baseline) [9]. It also models resource scheduling as an optimal control
problem; for example, dynamic routing based on Pontryagin’s principle adjusts attention heads
(12→17) for mathematical reasoning, boosting speed by 29% (MultiArith dataset). These fill the gap
of static routing’s lack of convergence proofs, providing a rigorous math foundation for large-model
dynamic optimization.Practical Impact: MCP’s value is proven in high-stakes scenarios. With TSMC,
it cuts 35% redundant computation, reaching 98.7% defect identification accuracy (vs. LLaMA-2’s
89.3%), shortens fault localization time (4.2→3.1h) and reduces production downtime by 27%. In
quantitative trading, its 18.8k-parameter Retrieval Module updates market data in real time, reducing
latency (7.2→3.9ms, 46% optimization) and supporting 1780 decisions/sec, with 19% higher risk
warning accuracy and 15bps lower annual transaction costs. With 12 hospitals, its < 5%-parameter
Controller enables federated learning, and the Presenter layer generates HIPAA-compliant reports,
raising diagnostic consistency (68→91) and cutting difficult case confirmation time by 60%.

4.2. Limitations and Future Work

MCP has two key limitations. First, the reinforcement learning (RL) reward function weights (α,
β, γ) are highly task-specific: β=0.7 optimizes medical diagnosis accuracy (CMedQA dataset, +23% vs
baseline), while β=0.3 suits financial prediction. Sub-optimal settings cut efficiency by 23–35%—e.g.,
wrong α in low-sample legal inference raises latency from 18ms to 29ms and drops accuracy by 11%.
Second, modular decoupling (e.g., the reasoning module’s 43.7M parameters) causes overfitting with
scarce data. On a rare disease dataset (n=200), accuracy falls 19% vs baseline; data augmentation (e.g.,
medical image rotation/scaling) only limits overfitting to <12%, not eliminating it.

Future research will address these limitations and expand applicability. First, build a Bayesian
optimization-based meta-controller to boost tuning efficiency by 50%, cutting cross-task adaptation
time (already down 65% vs traditional methods) to 30%. Second, merge prototype networks with
modular parameter sharing, lowering overfitting to <5% in extreme low-sample (n=50) tasks (from
19% now). Third, use neural architecture search to compress the model to <10MB, enabling real-
time inference (<50ms latency) on edge devices like NVIDIA Jetson AGX Orin. Finally, add a value
alignment mechanism to filter biased content—e.g., avoiding inappropriate disease-geography links in
medical reports.

4.3. Conclusions

The MCP framework achieves synergistic improvements in MLLM performance, efficiency,
and interpretability through three-layer collaboration. It reduces redundant computation by 40%
compared with traditional MoE architectures (verified in the ScienceQA task), improves cross-modal
task accuracy by 15–30% (e.g., ScienceQA accuracy rises from 78% to 92%, GLUE benchmark average
accuracy increases by 11%), and achieves a 90% human interpretability score via the Presenter layer’s
reasoning chains and knowledge traceability—effectively breaking the "black box" bottleneck of large
models. From practical application value, MCP has demonstrated strong adaptability in high-reliability
scenarios: it reaches 98.7% defect identification accuracy in collaboration with TSMC (vs. 89.3% for
baseline LLaMA-2), and elevates cross-hospital diagnostic consistency to 91 points in cooperation with
12 tertiary hospitals, cutting difficult case confirmation time by 60%. Theoretically, MCP verifies the
feasibility of integrating control theory with MLLM dynamic reasoning, proving that policy gradients
converge to the global optimum within O(log T) iterations based on Liapunov stability theory, which
fills the gap of lacking convergence proofs for static routing methods. Looking ahead, the plan to
compress the model to less than 10MB will further expand its real-time inference applications on edge
devices (such as NVIDIA Jetson AGX Orin), while the solution for low-data overfitting will enhance
its adaptability in niche scenarios (e.g., rare disease diagnosis). Overall, MCP provides a scalable, high-
practicality technical path for MLLMs to break through the "efficiency-performance-interpretability"
triangular constraint and promote their wider adoption in industrial, medical, and financial fields.
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