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Abstract: Nutrition informatics has undergone a significant paradigm shift in recent years. Approaches historically grounded
in rule-based decision support and classical task-specific machine learning pipelines are increasingly being superseded by an
ecosystem centered on large language models (LLMs) and multimodal vision-language foundation models. This review
synthesizes researches published between 2019 and 2025, with the objectives of clarifying architectural patterns that enable
nutrition-oriented perception and reasoning, summarizing advances and identifying gaps across major application scenarios,
and outlining strategic directions for reliable translation research in clinical and public health practice. Based on a systematic
analysis of 92 representative studies, we organize the current landscape into three interrelated research trajectories: (1) Vision
and multimodal modeling for dietary perception, focusing on food recognition, ingredient parsing, portion estimation, and
nutrient prediction from meal images and videos. Recent methodologies increasingly adopt Transformer-based encoders and
explicit vision-language alignment, leveraging depth cues and scale calibration to improve robustness under complex real-
world conditions. (2) LLM-based nutrition agents for interactive guidance, supporting dietary counseling, meal planning, and
health coaching. To mitigate challenges such as hallucinations and numerical inconsistency, current research emphasizes
domain adaptation, tool-augmented computation, and retrieval-augmented generation (RAG) to ground model responses in
reliable nutrition databases and clinical guidelines. (3) Personalization-oriented hybrid systems, which combine foundation
models with structured components—such as knowledge graphs and causal inference frameworks—while integrating
individual-level multi-omics signals, biomarkers, and lifestyle data. These systems aim to generate and optimize meal plans
under strict constraints of safety, clinical feasibility, and patient adherence. Across these trajectories, interpretability has
transitioned from an optional feature to a core system requirement, driven by the needs of clinical accountability and risk
auditing. Concurrently, evaluation protocols are expanding from image-centric datasets (e.g., NutritionSk) to comprehensive
benchmarking suites designed for multimodal reasoning. Despite rapid progress, limitations persist regarding model
factuality, privacy preservation, and external validity across diverse cuisines and socioeconomic settings. We advocate for
evidence-grounded pipelines, standardized multimodal datasets with clinical endpoints, and unified evaluation frameworks
spanning accuracy, safety, and bias. Human-in-the-loop deployment remains essential to quantify benefit-risk profiles and
facilitate the regulatory adoption of Al-driven nutrition services.

Technical Architecture, Application Progress, and Future Challenges of Nutrition Foundation Models
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Technology Evolution Timeline: Nutrition Al Research (2019-2025)
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Figure 1 Technology evolution timeline: nutrition AI research (2019-2025)

This figure summarizes representative milestones in nutrition Al from 2019 to 2025, where node size indicates the number of related
studies in each year (based on this work’s retrieval and counting protocol). Overall, a noticeable acceleration is observed around late
2022 to 2023, coinciding with the widespread adoption of instruction-tuned conversational LLMs such as ChatGPT. The technical
focus evolves from early deep-learning-based dietary assessment and dataset-driven baselines to Transformer/LLM-centered
generation and reasoning, followed by multimodal fusion and more systematic, application-oriented evaluation.
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Research Hotspots: Keyword Cloud from 92 Papers (2019-2025)
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Figure 2 Keyword cloud of research hotspots in nutrition AI (2019-2025)

This figure is generated from high-frequency terms in the titles and abstracts of 92 relevant papers. Persistent themes include “Nutrition”,
“Food”, and “Dietary”, while “Personalized”, “Multimodal”, and “LLM” increase markedly in recent years, indicating that nutrition, dietary,
personalized, and multimodal foundational models have been the focus of research in recent years.
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Distribution by Technology Category

(Total: 92 papers) Distribution by Model Architecture

Personalized Nutrition & ML LLM-based
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Figure 3 Distribution of research directions and model architectures for nutrition AI papers from 2019 to
2025 (n=92)

(a) By technology category, computer vision and multimodal studies account for the largest share, followed by LLM-driven Al
systems and personalized nutrition—related research. (b) By model architecture, “LLM-based” and “Multimodal” paradigms constitute
a major portion, suggesting an ongoing shift from conventional deep-learning models toward large-model and multimodal-fusion-
centric approaches. Percentages are computed under the retrieval and labeling protocol of this work, primarily to reflect structural

changes in research emphasis.
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Table 1 Technology comparison: representative nutrition Al systems
System Architecture Input Task Accuracy Clinical Real time Explain Contribution
goFOOD CNN Multi-task RGB-D  Assessment 15%~20% v \ Low Early integrated Al system for
(2020) dietary assessment
NutritionSk ResNet RGB-D Estimation 10%~15% N v Low Large-scale, high-quality dataset
(2021) for benchmarking
ChatGPT GPT-3.5/4 Text Q&A 50%~80% X \ Med Zero-shot capability in open-
(2023) domain nutrition advice
NutriBench LLM Benchmark Text Evaluation = Benchmark x N/A N/A Comprehensive benchmark for
(2024) nutrition-focused LLMs
CalorieLLaVA  LLaVA Image Calorie 12%~18% X J Med Multimodal approach for calor-
(2025) +Text ieestimation
HealthGenie KG+LLM Text+KG  Guidance x \ High Integration of structured
(2025) knowledge for reasoning
RAG Systems RAG+LLM Text+Docs Advice Improved over X - High Enhanced answer reliability
(2025) base LLM with retrieved evidence
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Application Scenario Distribution in Nutrition Al Research
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Figure 4 The distribution of papers across application scenarios in nutrition Al (sorted in descending order by count)

The figure shows seven specific research directions across four major research areas, sorted by frequency. “Nutrition Estimation &
Analysis” and “Personalized Nutrition Recommendation” are the most researched directions, followed by “Dietary Assessment &
Tracking” and “Recipe & Meal Planning”. In contrast, “Precision Nutrition & Omics” is an emerging frontier field with relatively few
studies'>3#%)_ This distribution reflects the academic community’s strong focus on nutrition assessment and personalized interventions,
while also indicating that research on integrating multi-omics data into nutrition interventions is still in its early stages. It is important

to note that a single study may involve multiple application scenarios, and therefore, this statistic is not mutually exclusive.
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