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There are too many recipes, hard to choose!

Goal: Help users find relevant recipes based on preferences

& past interactions

MOTIVATION 



DATASET
Based on data from food.com

Original data contains more than 230k recipes & 1M ratings

Rich features (ingredients, nutrition, text) → heavy memory

& long training

Need to down-sample the data to train the model and serve

live recommendations in reasonable time.



DATASET SUB-SAMPLING
Goal: shrink the dataset ​while​ preserving recipe diversity

Tried 3 sampling methods: random, bucketing, k-medoids

k-medoids Features: TF-IDF(name + desc), ingredients BoW,

nutrition

Keeping only 30% of the recipes gave us good results



DEMO



SCREENSHOTS
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SCREENSHOTS



Frontend: React.js with TypeScript

Backend: Python- scikit-learn, pandas

Flask: gives the predictions via API

ARCHITECTURE



 TensorFlow Approach - The Problem
Advanced Neural Collaborative Filtering
Great accuracy but required GPUs
Long response times
Too slow for production

Solution: Move to CPU-optimized approach

RECOMMENDATION LOGIC
INITIAL CHALLENGE



Hybrid ML Solution
5 data sources → Feature engineering:

                        Multi-modal fusion: text, ingredients, nutrition, sentiment
4-model ensemble:

Matrix Factorization  (collaborative filtering)
Content-Based (recipe similarity matching)

Sentiment-Aware (review intelligence + bias correction)

Meta-Learner (ensemble fusion with optimal weighting)

RECOMMENDATION LOGIC
OUR ARCHITECTURE



Context-aware enhancement boost:
Time of day, seasonal adjustments (breakfast, winter
recipes)

MMR diversity algorithm (45% variety improvement)
Prevents echo chambers while maintaining relevance

RECOMMENDATION LOGIC
OUR ARCHITECTURE



Performance Achieved
<200ms response time
100% user coverage (cold start)
<2GB memory usage
Ready for millions of users
0.62 MAE

RECOMMENDATION LOGIC
PRODUCTION RESULTS
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