
A Hybrid Approach to Recommending Recipes with Textual Information

Motivation
The project aims to predict rating by a 

user on a recipe based on : 1) previous 

ratings; 2) recipe attributes. We hope 

to combine collaborative and content-

based filtering by augmenting recipe 

features with latent factors 

extracted from matrix factorization 

(input) to feed into any reasonable 

supervised learning algorithms to 

predict the ratings (output). 

Models
• Matrix factorization-based collaborative filtering: 

define predicted rating: 𝑟𝑢,𝑖 = 𝜇 + 𝑏𝑢 + 𝑏𝑖 + 𝑞𝑖
𝑇𝑝𝑢

minimize loss function:
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• LASSO and Elastic Net: minimize loss function
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• Approximate radial basis function (RBF) kernel 

regression: Nystrom low-rank approximation of the 

RBF kernel matrix, then minimize 

ѱ ො𝑦, 𝑦 = max{0, ො𝑦 − 𝑦 2 − 𝜖}
• k-Nearest Neighbors (k-NN): predictions are 

generated based on the averaged rating from k 

nearest neighbors determined by KD-Tree

• Random Forest: fit a number of decision trees based 

on a number of sub-samples of the training set

• XGBoosting: combine weak learners (typically 

shallow decision trees) into a single strong learner in 

an iterative fashion

Data and Features Approach
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User/recipe latent factors via:

• Matrix factorization
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Dense features via:

• tf-idf + truncated SVD

• GloVe

• Latent Dirichlet Allocation 

Cooking steps A vector indicating occurrence of 

58 cooking techniques

Features:Data (source from Kaggle[1]): 

• over 180,000 recipes with attributes 

(tags, ingredients, descriptions, etc.)

• over 700,000 ratings covering years 

of user interactions on Food.com

Results
Best Model: RBF kernel regression on latent factor + LDA extraction of textual info

Test Set Performance: RMSE = 1.3020, MAE = 0.8517

Table below shows performance of various combinations of features, sampling 

strategies, and learning algorithms’ (parameters tuned via 3-fold cross-validation on 

the training set). Textual feature extractions are also tuned for better and 

comparable performance.

Concatenate

Discussion
• RBF kernel regression slightly outperform 

matrix factorization on latent factors. It also 

seems to benefit from the addition of 

extracted textual features, especially with 

methods GloVe and LDA. This is expected 

because RBF kernel regression is able to 

recover complicated non-linear feature 

interactions.

• Most models have notable gaps between 

training RMSE and validation RMSE, 

indicating potential overfitting.

• Loss examples show that the predefined 

training set lacks rating data for some users 

in the test set, and that the distributions of 

user ratings are drastically different between 

training and test set for some particular users.

Future work: Apply stronger regularization 

and tune parameters more extensively to further 

reduce overfitting. 
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