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Overview

Data-Efficient Microbial Detection for Food Safety

What is FoodGuard?
● AI Model Profiling and recommendation for 

scientific tasks.
● Guardrail for model safe usage in scientific 

collaboration.
● Integrate with critical food science 

applications.

How does FoodGuard work?
● multi-task recommendation for AI model 

adaptation.
● Evolutionary redteaming and slow thinking 

guardrail. 
● Practical and safe use of AI for food science 

workflow.

Our Plan and Progress
● Year 1: Model Recommendation, Safety 

Model
● Year 2: FoodGuard for Microbial Detection
● Year 3: FoodGuard for Formula Design

Why is 60x adaptation needed
● High-zoom image collection: slow and 

expensive
● Narrow optical fields require constant manual 

focus. 

Our results and impact
● 84.6% accuracy using only 32 target images
● 16.2% performance increase over baseline
● Zoom agreement regularization enables high 

data efficiency

Recommending Foundation Models for Food Science Benchmarking and Reducing Food 
Safety Risks in LLMs (Luo et al. 2026)

Data generation pipeline
● Derive seed safety principles from FDA food safety taxonomy
● Generate benign and harmful queries from these principles
● Filter with similarity constraints to reduce redundancy
● Manually review for quality, safety relevance, and diversity

● Current LLM guardrails 
overlook critical risks in the 
food-related domain.

● FoodGuard-4B 
demonstrates exceptional 
detection performance.

● FoodGuard-4B can be 
leveraged to detect 
out-of-distribution jailbreak 
attacks.

● Extend FoodGuardBench to multi-agent food workflows
● Study risks in embodied food settings such as kitchens or 

production systems
● Evaluate personalized safety reasoning for users with allergies, 

pregnancy, or health risks

Key Findings on Nutritional Graph QA: 
● Zero-shot transfer — NGQA was 

unseen at training time, 
recommendations still hold.

● Per-task winners differ — Qwen3-8B 
for binary/generation, 
GPT-OSS-20B for multi-label.

● +38% to +50% over GPT-4o-mini 
default, with <20B-param models 
only.

Learning from 1.6M past evaluations to recommend the right foundation model for 
any food science task — outperforming  GPT-4o-mini by +50% on NGQA.


