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Abstract
Objective: To review methodological trends and evaluation difficulties of multimodal fusion in the
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foundation-model era, and to clarify how stronger capability can coexist with reproducible experi-
ments and auditable evaluation. Methods: We build a four-layer framework spanning alignment,
bridging, deep interaction, and unified modeling; we relate representative model routes to how
training data are organized and to staged training strategies, and we outline the MMP-Next evalua-
tion draft, including model/data disclosure checklists, evaluation run sheets, indicators of whether
inference is stable across settings, and a minimal test set for robustness and safety. Results: Multi-
modal large models improve markedly in general understanding, task transfer, and everyday inter-
active use, yet information loss under long-context compression, multimodal hallucination, score
volatility from decoding and prompting, and gaps in safety and stability under domain shift or ad-
versarial conditions are unlikely to be removed in the short term by parameter scaling alone. Con-
clusion: Beyond enlarging model size, research should jointly refine fusion mechanisms and evalu-
ation norms, advancing evidence-grounded reasoning together with standardized, reviewable eval-
uation workflows.
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Figure 1. Overview framework of multimodal fusion methods
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Figure 2. Comparison of representative MLLM architectures
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Table 1. Cross-model comparison of representative systems
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Figure 3. Staged training pipeline for multimodal large models
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