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ABSTRACT
Learning effective representations for recipes is essential in food
studies for recommendation, classification, and other applications.
Unlike what has been developed for learning textual or cross-modal
embeddings for recipes, the structural relationship among recipes
and food items are less explored. In this paper, we formalize the
problem recipe representation learning with networks to involve
both the textual feature and the structural relational feature into
recipe representations. Specifically, we first present RecipeNet, a
new and large-scale corpus of recipe data to facilitate network
based food studies and recipe representation learning research. We
then propose a novel heterogeneous recipe network embedding
model, rn2vec, to learn recipe representations. The proposed model
is able to capture textual, structural, and nutritional information
through several neural network modules, including textual CNN,
inner-ingredients transformer, and a graph neural network with
hierarchical attention. We further design a combined objective func-
tion of node classification and link prediction to jointly optimize the
model. The extensive experiments show that ourmodel outperforms
state-of-the-art baselines on two classic food study tasks. Dataset
and codes are available at https://github.com/meettyj/rn2vec.
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• Computing methodologies→ Neural networks; • Informa-
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Figure 1: The illustration of RecipeNet. Recipe examples are
shownon the left. TheRecipeNet includes two types of nodes
(ingredient node, recipe node with instruction) and three
types of relations which connect these nodes.

1 INTRODUCTION
Large-scale food data offers rich knowledge about food and can
help tackle many central issues of human society. Food comput-
ing applies computational approaches for acquiring and analyzing
heterogeneous food data to address food-related issues in health,
biology, gastronomy, and agronomy [26, 28]. In particular, recipe
representation learning embeds the recipes in a latent space, which
helps capture the hidden information from massive food datasets,
and further supports various food studies, such as analyzing culi-
nary habits [25, 34], recipe healthiness estimation [33], recipe ques-
tion answering [1, 16], recipe recommendation [6, 37], and recipe
classification [15, 22].

Most previous work addresses recipe representation learning
in a specific image-recipe retrieval task where the goal is to map
the recipe text with food images to obtain the cross-modal embed-
dings [4, 10, 23, 35, 42]. Solutions to this task take advantage of
food images but images are not always available for recipe tasks
and it is often difficult to find an accurate image for any given
recipe. Unlike leveraging food images, Reciptor [22] proposed to
learn recipe representations using only the textual information by
aligning the ingredients with step-wise instructions. However, the
affinity between ingredients as well as the underlying similarity
between recipes are ignored. Even though they used an external
knowledge base, FoodKG [12], to sample similar recipes, each recipe
only appeared once in the sampled triplet, and the generated simi-
larity score is used as the strict ground truth label. This approach
overlooked the case where a recipe might have multiple similar
ones, and the similarity could be different for each downstream
task, which should be learned through jointly training.
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Therefore, we propose the problem recipe representation learning
with networks, which leverages the advances in network learning
to address recipe representation learning. With the incorporation
of relationship among recipes and ingredients through a network,
as well as training a neural network over them jointly, the learned
recipe embeddings are more comprehensive and informational. Due
to the textual and the structural complexity, understanding recipes
in a network demands a large and comprehensive recipe network.
Hence, it should not be surprising that the lack of research work
on this topic could be the result of missing such a dataset. With
the aim of learning expressive recipe representations, we create
and release RecipeNet, a new and large-scale corpus of recipe data
structured in a network. As shown in the Fig. 1, RecipeNet contains
two types of nodes and three types of relations among them.

Based on the created RecipeNet, we propose a novel heteroge-
neous recipe network embedding model, rn2vec, to learn recipe rep-
resentations. Three major components of recipes (i.e., instructions,
ingredients, and nutrients) are all considered in rn2vec. Specifically,
we first extract the nutrients for each ingredient from USDA nutri-
tional database [38] and use TextCNN [17] to encode the instruc-
tions. Then we leverage a set transformer [21] based neural network
to encode the ingredients and the pairwise- and higher-order inter-
actions between them. After that, we design a graph neural network
(GNN) to capture the structural information in RecipeNet. To fully
encode this information, we propose a node-level attention module
to distinguish the subtle difference of neighbor nodes under a spe-
cific relation. We also introduce a relation-level attention module
to select the most meaningful relations surrounding a node and
automatically fuse them with proper weights. Based on these two
attention modules, rn2vec can determine the significance of each
node and relation for learning recipe representations. We further
design a combined objective function of node classification and link
prediction to jointly optimize the model. Two classic evaluation
tasks, namely, cuisine category classification and region prediction
[22], are used to verify the quality of the learned embeddings. To
summarize, our main contributions are as follows:

• To the best of our knowledge, this is the first attempt to study
recipe representation learning with networks. We create and
release RecipeNet, a new and large-scale corpus of recipe
data, that enables superior recipe representation learning
and further facilitates network based food studies.

• We propose a novel heterogeneous recipe network embed-
ding model, rn2vec, for recipe representation learning. rn2vec
is able to capture both textual and structural information
and learn effective representations through several neural
network modules, including textual CNN, inner-ingredients
transformer, and a graph neural network with hierarchical
attention. We further design a novel combined objective
function of node classification and link prediction to jointly
optimize the model.

• We conduct extensive experiments to evaluate the perfor-
mance of our model. The results show the superiority of
rn2vec by comparing with state-of-the-art baselines on two
classic food study tasks: cuisine category classification and
region prediction.

2 PROBLEM DEFINITION
In this section, we first introduce the concepts of recipe representa-
tion learning and content-associated heterogeneous recipe network.
We then formally define the problem of recipe representation learn-
ing with networks.

Definition 2.1. RecipeRepresentationLearning. Recipe rep-
resentation learning aims at learning effective representations of
recipes. In particular, suppose each recipe consists of various con-
tents (e.g., cooking instructions, ingredients, nutrients, images). Given
a set of 𝑁 recipes {𝑅1, 𝑅2, ..., 𝑅𝑁 }, the task is to transform each recipe
𝑅𝑖 (𝑖 < 𝑁 ) into 𝑑-dimensional embeddings E ∈ R𝑑 with associated
content information encoded.

Definition 2.2. Content-associatedHeterogeneousRecipe
Network. A content-associated heterogeneous recipe network is de-
fined as a network 𝐺 = (𝑉 , 𝐸,𝐶) with multiple types of nodes 𝑉 (i.e.,
recipe node and ingredient node) and edges 𝐸 (i.e., the relations among
these nodes). In addition, nodes are associated with unstructured con-
tents 𝐶 , e.g., instructions, nutrients, or images.

Problem 1. RecipeRepresentationLearningwithNetworks.
The task is to design a learning model FΘ with parameters Θ to learn
recipe embeddings E ∈ R𝑑 on a recipe network 𝐺 = (𝑉 , 𝐸,𝐶), while
encoding both the structural relationship among nodes and the as-
sociated unstructured contents. The learned recipe representations
can be utilized in various downstream tasks such as cuisine category
classification and region prediction.

To solve this problem, we first build a content-associated het-
erogeneous recipe network RecipeNet, and then develop a recipe
network embedding model, rn2vec, to learn recipe representations.

3 RECIPENET
We create RecipeNet (Fig. 2 (a)) in two steps. First, we adopt a large
set of recipes from Recipe1M [23, 35], extract the weight of each
ingredient, and calculate the nutritional information of each recipe.
Second, we transform the recipe dataset into RecipeNet with recipe
nodes, ingredient nodes, and edges between the nodes.

3.1 Weights and Nutrients Calculation
Recipe1M [23, 35] contains 1,029,720 recipes collected frommultiple
cooking websites. However, the category information associated
with these recipes is imbalanced and scarce. To assign each recipe
a more nuanced and precised category, we crawl recipe tags from
food.com1, and further use 507,834 recipes in Recipe1M that are
from the same website as our base recipe dataset [22].
Weights Calculation. The ingredient information from Recipe1M
contains the ingredient, quantity, and unit information altogether
in a single sentence, e.g., 1 tablespoon olive oil (quantity-unit-
ingredient). In order to extract the weight information, we leverage
the natural language toolkit nltk2 to tag the part-of-speech (pos)
of each word in the ingredient sentence (e.g., [(‘1’, ‘CD’), (‘table-
spoon’, ‘NN’), (‘olive’, ‘JJ’), (‘oil’, ‘NN’)]). We then use the pos to
identify the ingredients that follow the sequence pattern ‘quantity-
unit-ingredient’, and extract the patterns correspondingly. After
1https://www.food.com
2https://www.nltk.org
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Figure 2: The overall framework of our model. (a) The construction of RecipeNet; (b) Encoding instructions through textual
CNN and ingredients with nutrient vectors; (c) Inner-ingredients transformer: encoding the interactions among ingredients
with permutation invariant preserved using set transformer; (d) GNN with hierarchical attention: encoding the nodes with
same type through node-level attention, and then fusing the embeddings over different relations into the final recipe represen-
tations through relation-level attention; (e) A combined objective function: applying the recipe tags from food.com to generate
ground-truth labels and formulate objective as the joint loss of the node classification task (cuisine category classification or
region prediction) and the link prediction task (recipe-ingredient relation prediction).

Table 1: The statistics of RecipeNet.

Component Name Number Data Source

Nodes recipe 77,333 Recipe1M
ingredient 9,271 Recipe1M

Edges
recipe-ingredient 524,671 Recipe1M
recipe-recipe 850,354 FoodKG

ingredient-ingredient 148,168 FlavorGraph

extracting the sequence patterns, we focus on those recipes that
have complete sequence pattern for each ingredient to avoid noise.
In total, 95,192 unique recipes are filtered out in this stage and used
for further processing. In order to accurately calculate the weight
of each ingredient, we go through each ingredient and only choose
those that have measurable units [23]. We select 88,136 recipes that
contain measurable units for all the ingredients and calculate the
weight for each ingredient (gram is used as a standard unit).

Nutritional Information. Once we finish the previous stage, we
match the ingredients with instances in the USDA nutritional data-
base [38] to get the nutritional information. Given an ingredient in
our dataset, we go through each unigram in the ingredient name
to see if the word appears in any food instance of the USDA nu-
tritional database. We take the intersection of multiple returned
unigram search results as our potential matching set, if any, or sim-
ply combine all of the search results as our potential matching set.
In order to select one food instance from this potential matching
set to match with the ingredient, we first filter out three results
shortest in length, then choose the one with the lowest sum index

of the appeared unigrams. In other words, we prefer the one with
the shortest length where the keywords appear earlier than other
words. For example, given a search ingredient olive oil and the
returned potential matching set with multiple food instances, we
filter out three results with shortest length (i.e., ‘oil, olive, salad or
cooking’, ‘mayonnaise, reduced fat, olive oil’, and ‘oil, corn, peanut,
and olive’). This step filters the redundant results such us ‘keebler,
town house, flatbread crisps, sea salt and olive oil crackers’. Next,
we calculate the sum index of the unigrams appearing in these re-
sults and choose the one has lowest sum index as our mapping. This
step helps us find the correct matching ‘oil, olive, salad or cooking’
given the sum index for olive oil is 1 (1+0), while for other two is
7 (3+4) and 4 (4+0), respectively. This approach is valid because
the primary ingredient usually appears in the front of the food
instance sentence in the USDA nutritional database. In the end,
we obtain 77,333 recipes with nutritional information and 9,271
unique ingredients after ignoring those recipes with unsuccessful
matching ingredients.

3.2 Network Construction
Next, we construct the RecipeNet based on these recipes and ingre-
dients. RecipeNet is comprised of two types of nodes (i.e., recipe
and ingredient) and three types of edges among them. More details
of our constructed network are provided in Table 1.

We consider each recipe as a node with type ‘recipe’ and each
ingredient as a node with type ‘ingredient’. To associate each node
with its content, we use the pretrained skip-instruction embeddings
[23] to represent the recipe node, while formulating the nutrients
of each ingredient into a vector and then using this nutrient vector
to indicate the ingredient node. The nutrients are extracted through
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the USDA nutritional database, spanning proximate component
(e.g., protein, fat), minerals (e.g., calcium, iron), vitamins (e.g., vita-
min C, vitamin D), lipid components (e.g., fatty acids), and amino
acids (e.g., tryptophan). We connect each recipe and its ingredi-
ents with an edge, denoting as recipe-ingredient relation, while the
weight of each ingredient is used as the edge weight.

To build the recipe-recipe relation, we perform a similar recipe
mining task from FoodKG [12], which is one of the largest recipe
knowledge graphs and integrates recipe data from Recipe1M [23,
35] as well as food ontology from FoodOn [9]. We follow previous
work [22] to import the FoodKg into Stardog3, and then use SPARQL
queries to mine similar recipes based on the textual features, includ-
ing tags information, ingredient names, and the matched USDA
food instances. After that, Stardog leverages machine learning and
information retrieval based approaches to find the most similar
recipes in FoodKG. Given a specific recipe as the input, the output
is a set of similar recipes sorted by similarity score. We take those
recipes with similarity score greater than 0.64 as similar pairs and
build an edge between them as recipe-recipe relation, while the
score serving as the edge weight between them.

In addition, we extract the ingredient-ingredient relation from
FlavorGraph [30], which is a large-scale graph of food and chemical
compound nodes for recommending food pairings. The pairing
scores are calculated based on the co-occurring probabilities of in-
gredients using Normalized Pointwise Mutual Information (NPMI)
[3], as shown in the KitcheNette [31]. The edges between every
two ingredient nodes are constructed when satisfying one of the
following conditions: (1) Each ingredient appears in more than 20
recipes in Recipe1M and both of them appear together in more than
5 recipes. (2) The calculated NPMI score for the ingredient pair is
greater than 0.25, or the score is in the top 20 below the 0.25. After
we building the RecipeNet, we propose our model rn2vec for recipe
representation learning with networks.

4 RN2VEC
In this section, we describe our novel recipe network embedding
model, rn2vec. As illustrated in Fig. 2, our model contains several
major components. First, we use a textual CNN to encode instruc-
tions and use the nutrient vectors to represent each ingredient (Fig.
2 (b)). We then develop a transformer to learn the inner-ingredients
set embedding (Fig. 2 (c)). After that, we introduce a graph neural
network with node- and relation-level attentions to obtain recipe
embeddings (Fig. 2 (d)). Finally, we design a novel combined objec-
tive function of node classification and link prediction to jointly
optimize the model (Fig. 2 (e)).

4.1 Encoding Instructions and Ingredients
As shown in Fig. 2 (b), we use a textual CNN [17], a convolutional
neural network for text, to encode the instruction sentence em-
beddings. Specifically, given a recipe with M sentence embeddings
{𝑥𝑖𝑛𝑠,1, 𝑥𝑖𝑛𝑠,2, ..., 𝑥𝑖𝑛𝑠,𝑀 } and a filter window size 𝑠 , the encoding
process can be formulated as:

𝑥𝑖𝑛𝑠 =𝑚𝑎𝑥 [𝑡𝑎𝑛(𝑊𝑖𝑛𝑠
𝑡+𝑠−1
∥

𝑚=𝑡
𝑥𝑖𝑛𝑠,𝑚 + 𝑏𝑖𝑛𝑠 )], (1)

3https://www.stardog.com/
4This threshold is empirically determined.

where 𝑥𝑖𝑛𝑠 denotes the encoded instruction embedding,𝑚𝑎𝑥 is the
max pooling operation, 𝑡𝑎𝑛 is the tangent function,𝑊𝑖𝑛𝑠 and 𝑏𝑖𝑛𝑠
are learnable weights, 𝑡 is the index of each instruction, and ∥ is
the concatenation operator. In addition, we use the nutrient vector
of each ingredient to represent the ingredient embedding 𝑥𝑖𝑛𝑔 . We
further use 𝑥𝑖𝑛𝑠 and 𝑥𝑖𝑛𝑔 as the input feature for recipe nodes and
ingredient nodes, respectively. Due to the heterogeneity of input
feature for different type of nodes, given a node 𝑣𝑖 with type 𝜙𝑖 , we
introduce a type-specific transformation matrix𝑊𝜙𝑖 with output
dimension 𝑑 to project the input features of nodes with different
types into the same embedding space. The projection process is
formulated as follows:

𝑥𝑖 =

{
𝑥𝑖𝑛𝑠 , if 𝜙𝑖 = recipe
𝑥𝑖𝑛𝑔, if 𝜙𝑖 = ingredient

ℎ𝑖 =𝑊𝜙𝑖 · 𝑥𝑖 ,
(2)

where ℎ𝑖 ∈ R𝑑 and 𝑥𝑖 are the projected and input feature of 𝑣𝑖 , re-
spectively. With this type-specific projection operation, the instruc-
tion and ingredient embeddings would be in the same embedding
space, and the model can handle arbitrary types of input features.

4.2 Inner-ingredients Transformer
In order to better encode the ingredients in a recipe, the inter-
action between ingredients need to be incorporated. We utilize
self-attention [40] as it has shown powerful performance on many
tasks by addressing and learning the interdependence among the
inputs. Specifically, given a recipe with n ingredients, we have a
matrix 𝑄 of n query vectors with dimension 𝑑 for each ingredient,
denoted as 𝑄 ∈ R𝑛×𝑑 . An attention function maps 𝑄 to outputs
using 𝑝 key-value pairs with 𝐾 ∈ R𝑝×𝑑 ,𝑉 ∈ R𝑝×𝑑 :

𝐴𝑡𝑡 (𝑄,𝐾,𝑉 ) = 𝜔
(
𝑄𝐾⊤) 𝑉 , (3)

where𝜔 is the scaled activation function (herewe use 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (·/
√
𝑑)

in our model). Att(Q, K, V) is the weighted sum of V, where a larger
weight is generated when its corresponding key has a larger dot
product with the query. Instead of computing a single attention
function, we incorporate multi-head attention by projecting Q, k,
V into different subspaces. Then the final multi-head output is
computed by a linear transformation over the concatenation of all
attention outputs. Considering two ingredients set 𝑋1, 𝑋2 ∈ R𝑛×𝑑 ,
the multi-head attention for 𝑋1 on 𝑋2 is defined as:

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑋1, 𝑋2) = 𝜔 [(𝑋1𝑊𝑄 ) (𝑋2𝑊𝐾 )⊤] (𝑋2𝑊𝑉 ), (4)

where𝑊𝑄 ,𝑊𝐾 ,𝑊𝑉 ∈ R𝑑×𝑑 denote the trainable parameters. The
multi-head self-attention on ingredient set 𝑋 can be regarded as
Attention(X, X). After that, this self-attention is fed into a Multi-
head Attention Block (MAB) and Set Attention Block (SAB) [21] to
get the transformer based inner-ingredients set embedding ℎ𝑡𝑟𝑎𝑛𝑠 :

𝑀𝐴𝐵(𝑋1, 𝑋2) = 𝐹𝐹𝑁 [𝑊𝑚𝑎𝑏𝑋1 +𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑋1, 𝑋2)],
𝑆𝐴𝐵(𝑋 ) = 𝑀𝐴𝐵(𝑋,𝑋 ),
ℎ𝑡𝑟𝑎𝑛𝑠 = 𝐹𝐶 [𝑆𝐴𝐵(𝑋 )],

(5)

whereMAB is an adaptation of the encoder block of the Transformer
[40] without positional encoding and dropout,𝑊𝑚𝑎𝑏 ∈ R𝑑×𝑑 is a
parameter matrix, and FFN is a feed forward neural network. In
other words, SAB takes the ingredient set X as input and performs
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self-attention to generate a set of equal size. After encoding the
ingredients through SAB, a fully connected layer (FC) is applied to
obtain ℎ𝑡𝑟𝑎𝑛𝑠 ∈ R𝑑 . That is, for each recipe node 𝑣𝑖 , we compute
the embedding ℎ𝑖,𝑡𝑟𝑎𝑛𝑠 using all of its ingredients.

4.3 GNN with Hierarchical Attention
We introduce a graph neural network with hierarchical attention
to model the interaction among nodes and learn node embeddings.
For a node 𝑣𝑖 , we first use the node-level attention to calculate each
relation-specific embedding ℎ𝑖,𝑟 through relation 𝑟 for all the rela-
tions connected to it, then use the relation-level attention module
to combine all relation-specific embeddings and generate the final
node embedding ℎ𝑖 .
Node-level Attention. To explain how we use node-level atten-
tion to get the relation-specific embeddings ℎ𝑖,𝑟 , we start by de-
scribing a single node-level attention layer, as the sole layer to
calculate node-level attention for each node. To compute the node
embedding ℎ𝑙+1

𝑖,𝑟
in layer 𝑙 + 1, the input of the node-level attention

layer is a set of node embeddings from layer 𝑙 : {ℎ𝑙1, ℎ
𝑙
2, . . . , ℎ

𝑙
𝑁𝑖,𝑟

},
ℎ𝑙
𝑗
∈ R𝑑𝑙 , where 𝑁𝑖,𝑟 denotes the number of neighbor nodes that

connect to 𝑣𝑖 through relation 𝑟 , and 𝑑𝑙 is the dimension of em-
beddings in layer 𝑙 . In order to acquire sufficient expressive power
to transform the input feature into higher-level feature 𝑧𝑙

𝑖
∈ R𝑑𝑙+1 ,

a shared linear transformation weight matrix𝑊 𝑙
𝑟 ∈ R𝑑𝑙×𝑑𝑙+1 for

relation 𝑟 is applied:
𝑧𝑙𝑖 =𝑊

𝑙
𝑟 ℎ
𝑙
𝑖 . (6)

Then we calculate the unnormalized attention score 𝑒𝑙
𝑖 𝑗
using the

embeddings of 𝑣𝑖 and the neighbor node 𝑣 𝑗 . We further normalize
the 𝑒𝑙

𝑖 𝑗
using softmax function to make the coefficients easily compa-

rable across different nodes. The 𝑒𝑙
𝑖 𝑗
and the normalized node-level

attention vector 𝛼𝑙
𝑖 𝑗
is computed as:

𝛼𝑙𝑖 𝑗 =
exp(𝑒𝑙

𝑖 𝑗
)∑

𝑘∈𝑁𝑖,𝑟
exp(𝑒𝑙

𝑖𝑘
)
,

𝑒𝑙𝑖 𝑗 = LeakyReLU[𝑊 𝑙
𝑖 𝑗 (𝑧

𝑙
𝑖 ∥𝑧

𝑙
𝑗 )],

(7)

where ∥ indicates concatenation operator, and𝑊 𝑙
𝑖 𝑗

∈ R2𝑑𝑙+1 is a
weight vector that represents the attention between 𝑣𝑖 and 𝑣 𝑗 . After
that, we calculate the node embedding ℎ𝑙+1

𝑖,𝑟
using 𝛼𝑙

𝑖 𝑗
as coefficients

to linearly combine the neighbor nodes features. Because the inner-
ingredients transformer captures the interaction among ingredients
while the node-level attention considers different impacts of neigh-
bor nodes, we also include the inner-ingredients set embedding
ℎ𝑖,𝑡𝑟𝑎𝑛𝑠 (Equation 5) for relation ‘recipe-ingredient’ (r-i) to compute
the node embeddings at layer 𝑙 + 1:

ℎ𝑙+1𝑖,𝑟 =


𝐹𝐶

{
𝑐𝑎𝑡

[
ℎ𝑖,𝑡𝑟𝑎𝑛𝑠 , 𝜎

(∑
𝑗 ∈𝑁𝑖,𝑟

𝛼𝑙
𝑖 𝑗
𝑧𝑙
𝑗

)]}
, if r = (r-i)

𝜎

(∑
𝑗 ∈𝑁𝑖,𝑟

𝛼𝑙
𝑖 𝑗
𝑧𝑙
𝑗

)
, if r ≠ (r-i)

(8)

where ℎ𝑙+1
𝑖,𝑟

is the learned embedding of layer 𝑙 + 1 for 𝑣𝑖 through
relation 𝑟 , cat indicates the concatenate operation, and FC denotes
a fully connected layer. Instead of performing a single attention
function with a hidden layer, we extend the node-level attention
to multi-head attention so that the training process is more stable.

Specifically, we calculate the node-level attention 𝐾 times in paral-
lel, and then we concatenate and project it into the final learned
relation-specific embedding ℎ𝑙+1

𝑖,𝑟
:

ℎ𝑙+1𝑖,𝑟 =


𝐹𝐶

{
𝑐𝑎𝑡

[
ℎ𝑖,𝑡𝑟𝑎𝑛𝑠 ,

𝐾

∥
𝑘=1

𝜎

(∑
𝑗 ∈𝑁𝑖,𝑟

𝛼𝑙
𝑖 𝑗
𝑧𝑙
𝑗

)
𝑊𝑂

]}
, if r = (r-i)

𝐾

∥
𝑘=1

𝜎

(∑
𝑗 ∈𝑁𝑖,𝑟

𝛼𝑙
𝑖 𝑗
𝑧𝑙
𝑗

)
𝑊𝑂 , if r ≠ (r-i)

(9)
where𝑊𝑂 ∈ R𝐾𝑑𝑘×𝑑𝑙+1 is a learnable parameter matrix with 𝑑𝑘 =

𝑑𝑙+1/𝐾 . Due to the reduced dimension 𝑑𝑘 of each head, the total
computational cost is similar to that of single-head attention with
dimension 𝑑𝑙+1.
Relation-level Attention. To learn the importance of each rela-
tion, we propose the relation-level attention. Specifically, we first
transform the relation-specific node embeddings through a shared
non-linear transformation matrix𝑊𝑅 . Then we use a relation-level
intermediary vector 𝑞 to calculate the similarity of transformed
embeddings as the importance of each relation-specific node embed-
ding. After that, we average the importance of each relation-specific
node embedding under relation 𝑟 to generate the un-normalized im-
portance of each relation𝑤𝑖,𝑟 for node 𝑣𝑖 . The process is formulated
as follow:

𝑤𝑖,𝑟 =
1
|𝑉𝑟 |

∑
𝑖∈𝑉𝑟

𝑞𝑇 · tanh(𝑊𝑅 · ℎ𝑙+1𝑖,𝑟 + 𝑏), (10)

where𝑊𝑅 ∈ R𝑑𝑙+1×𝑑𝑙+1 is the weight matrix, 𝑏 ∈ R𝑑𝑙+1 is the bias
vector, 𝑞 ∈ R𝑑𝑙+1 is the relation-level intermediary vector, and 𝑉𝑟
denotes the set of nodes under relation 𝑟 . To make the coefficients
comparable across different relations, we normalize the𝑤𝑖,𝑟 to get
the relation-level attention vector 𝛽𝑖,𝑟 for each relation 𝑟 using the
softmax function:

𝛽𝑖,𝑟 =
exp(𝑤𝑖,𝑟 )∑

𝑟 ∈𝑅𝑖 exp(𝑤𝑖,𝑟 )
, (11)

where 𝑅𝑖 denotes the associated relations of 𝑣𝑖 . Here the relation-
level attention vector 𝛽𝑖,𝑟 can be interpreted as the contribution of
relation 𝑟 to node 𝑣𝑖 . Apparently, the higher the 𝛽𝑖,𝑟 , the more im-
portant the relation 𝑟 is. Since different tasks have different training
objectives, the importance of each relation may contribute differ-
ently to the task, and correspondingly the relation-level attention
vector for a specific relation 𝑟 could have different weights. After
that, we fuse the relation-level attentions with relation-specific
node embeddings to obtain the final node embedding ℎ𝑙+1

𝑖
for 𝑣𝑖 at

layer 𝑙 + 1 as follow:

ℎ𝑙+1𝑖 =

𝑅𝑖∑
𝑟=1

𝛽𝑖,𝑟 · ℎ𝑙+1𝑖,𝑟 . (12)

4.4 Objective Function
To optimize the model, we design a novel objective function by com-
bining both supervised node classification loss and self-supervised
link prediction loss (Fig. 2 (e)). In particular, we extract recipe tags
from food.com as ground-truth labels, and design a cuisine category
classification and a region prediction task (Further details about
these two tasks can be found in Section 5.1). To be more specific, we
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introduce a node classification loss (Cross-Entropy) for the cuisine
category classification (or recipe region prediction):

𝐿𝑛𝑜𝑑𝑒 = −
∑
𝑖∈Y𝑇

𝑌𝑖 log(𝐹𝐶 (ℎ𝑖 )), (13)

whereY𝑇 is the set of training data, 𝐹𝐶 denotes the fully connected
layer, 𝑌𝑖 is the one-hot label of 𝑣𝑖 , and ℎ𝑖 is the learned embed-
ding of 𝑣𝑖 (Eq. 12). We also design a self-supervised link prediction
loss to improve the optimization process. The link prediction task
involves comparing the similarity scores (inner-products of node
embeddings) between nodes connected by a recipe-ingredient re-
lation against the similarity scores between an arbitrary pair of
recipe and ingredient nodes. For example, given an edge connecting
a recipe node 𝑣𝑖 and an ingredient node 𝑣 𝑗 , we encourage the score
between 𝑣𝑖 and 𝑣 𝑗 to be higher than the score between 𝑣𝑖 and a
randomly sampled negative ingredient node 𝑣 ′

𝑗
. We use a margin

loss to formulate the link prediction loss:

𝐿𝑙𝑖𝑛𝑘 =
∑

𝑖∈Y𝑇 , 𝑗 ∈𝑁𝑖,𝑖𝑛𝑔

𝑚𝑎𝑥 (0, 1 − ℎ𝑖ℎ 𝑗 + ℎ𝑖ℎ′𝑗 ), (14)

where ℎ𝑖 , ℎ 𝑗 , ℎ′𝑗 are the embeddings of nodes 𝑣𝑖 , 𝑣 𝑗 , 𝑣 ′𝑗 respectively,
and 𝑁𝑖,𝑖𝑛𝑔 indicates the ingredient neighbors of 𝑣𝑖 . The final objec-
tive function of our model 𝐿 is defined as the weighted combination
of 𝐿𝑛𝑜𝑑𝑒 and 𝐿𝑙𝑖𝑛𝑘 :

𝐿 = 𝐿𝑛𝑜𝑑𝑒 + _𝐿𝑙𝑖𝑛𝑘 . (15)

where _ is a trade-off weight for balancing two losses.

5 EXPERIMENTS
In this section, we conduct extensive experiments for two food
study tasks (i.e., cuisine category classification and region predic-
tion) to compare performance of different models. We also intro-
duce ablation studies, embedding visualizations, and case studies to
demonstrate how rn2vec can learn superior recipe representations.

5.1 Experimental Setup
In this work, we randomly choose 70% of the recipes as the train-
ing set, 15% as the validation set, and the remaining 15% as the
test set. Since the tags crawled from food.com indicate the charac-
teristics of each recipe, we build two new categories (i.e., cuisine
type category, and region category) to evaluate our model. The
cuisine type category contains nine classes in total, i.e., Appetizers,
Beverages, Breads, Soups, Salads, Desserts, Vegetables, Main-dish,
and Others. We assign each recipe to only one out of these nine
classes (by one-hot encoding). With these labeled data, we design a
cuisine category classification task to predict the cuisine category
of each recipe. Moreover, we further evaluate our model on recipe
region prediction task. The region categories span four classes,
namely, American, European, Asian, and Mexican. We also create
an additional class, Miscellaneous, for those recipes that do not
have the region information. For fair evaluation, we ignore the
Miscellaneous class when predicting the region, since the recipes in
Miscellaneous could belong to any of these regions. The statistics
of each category are shown in Table 2.

Table 2: The statistics of cuisine and region categories, and
samples in training, validation, and test sets.

Task Category #Recipes Partition #Recipes

Cuisine

Others 16,820
Appetizer 6,722 Training 54,358
Beverage 6,010
Bread 6,114
Soups 1,749 Validation 11,616
Salads 3,957
Desserts 20,209
Vegetables 4,435 Test 11,759
Main-dish 11,717
Total 77,733

Region

Miscellaneous 61,714 Training 11,237
American 8,408
European 4,194 Validation 2,340
Asian 2,237
Mexican 1,180 Test 2,442
Total 77,733 16,019

5.2 Baselines
We compare our model with eight baseline methods, including
various recipe representation learning and network embedding
models: 1) Word2Vec [24], which applies the word2vec model
to encode ingredients as input and uses a neural network as the
multi-label classifier. 2) TextCNN [17], a sentence-level classifier
by convolutional neural network with pretrained skip-instruction
embeddings [23] as input. 3)DeepWalk [32]: A randomwalk based
homogeneous network embedding method. 4) matapath2vec [8]:
A heterogeneous network embedding method based on meta-path
guided random walk. Here we use meta-path recipe-ingredient-
recipe. 5) GraphSAGE [11]: A graph neural network model which
generates embeddings by sampling and aggregating features of local
neighbors. 6) GAT [41]: A graph attention network model which
aggregates neighbors information through attention mechanism.
7) RGCN [36]: A relational graph convolutional network model
which distinguishes neighbors connected by different relations.
8) Reciptor [22]: A set transformer-based model optimized by
instructions-ingredients similarity and a knowledge graph based
triplet loss.

5.3 Implementation Details
For the proposed model rn2vec, we set the learning rate to 0.005,
the number of node-level attention heads to 8, the number of set
transformer attention heads to 2, the hidden size to 128, the input
dimension of skip-instruction embeddings to 1024, the input di-
mension of ingredient embeddings to 46, batch size to 64, training
epochs to 100, and the trade-off factor _ to 0.1. We optimize the
model with Adam [18] and decay the learning rate exponentially
by 𝛾 = 0.95 every epoch. In TextCNN, we follow the default setup
using 3 filters with window size (3, 4, 5) and dropout rate 0.5. For
random walk based network embedding methods including Deep-
Walk and metapath2vec, we set window size to 5, walk length to 30,
walks rooted at each node to 5, and the number of negative samples
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Table 3: Cuisine category classification results.

Metric Method Appetizer Beverage Bread Soups Salads Desserts Vegetables Main-dish Others Total

Precision

word2vec [24] 53.2 66.6 65.9 36.2 46.6 65.7 42.5 51.1 38.2 59.9
TextCNN [17] 40.4 62.7 71.1 28.6 42.2 67.7 57.1 54.0 41.6 58.6
DeepWalk [32] 39.2 62.8 49.6 18.8 39.0 56.7 34.2 41.0 34.1 50.1

metapath2vec [8] 46.8 72.8 56.9 34.2 46.5 67.3 30.1 45.6 38.6 57.5
GraphSAGE [11] 49.6 82.8 67.3 41.9 49.6 77.3 56.9 60.3 42.7 66.5

GAT [41] 64.7 85.5 72.8 52.8 52.9 78.0 55.7 62.8 51.9 70.2
RGCN [36] 65.8 87.2 68.7 51.4 62.0 75.6 58.0 63.9 53.4 70.3
Reciptor [22] 56.1 73.1 67.2 21.2 54.7 75.9 49.3 56.1 52.2 65.4

𝑟𝑛2𝑣𝑒𝑐 66.9 87.3 75.3 56.4 65.0 81.0 66.4 71.4 64.4 75.0

Recall

word2vec [24] 33.5 53.8 70.0 7.42 38.8 81.1 17.8 51.6 45.7 56.7
TextCNN [17] 33.3 78.7 34.9 24.9 54.3 86.2 2.85 77.1 30.3 63.0
DeepWalk [32] 23.4 48.3 41.4 1.31 22.8 75.2 5.71 59.9 34.3 50.0

metapath2vec [8] 30.6 64.2 54.2 6.11 32.0 79.6 9.84 62.7 40.5 56.7
GraphSAGE [11] 40.5 69.1 37.6 47.6 63.4 83.3 36.4 62.9 50.5 63.2

GAT [41] 43.1 78.4 73.9 16.6 73.9 86.1 37.5 71.5 51.2 70.5
RGCN [36] 40.0 72.9 81.1 33.2 56.7 87.3 48.2 73.5 51.1 71.1
Reciptor [22] 40.8 70.5 73.3 3.06 56.7 84.6 31.1 79.6 43.4 68.4

𝑟𝑛2𝑣𝑒𝑐 53.5 81.4 85.0 59.8 72.8 87.5 60.2 82.6 54.1 78.2

F1

word2vec [24] 41.1 59.5 66.0 12.3 42.3 72.6 25.1 51.4 41.6 58.2
TextCNN [17] 36.5 69.8 46.9 26.6 47.5 75.8 5.43 63.5 35.1 60.7
DeepWalk [32] 29.3 54.6 45.2 2.45 28.7 64.7 9.78 48.7 34.2 50.1

metapath2vec [8] 37.1 68.2 55.5 10.4 37.9 72.9 14.8 52.8 39.5 57.1
GraphSAGE [11] 44.6 75.3 48.3 44.6 55.7 80.2 44.4 61.6 46.3 64.8

GAT [41] 51.7 81.8 73.3 25.3 61.7 81.8 44.8 66.9 51.5 70.3
RGCN [36] 49.8 79.4 74.4 40.3 59.2 81.1 52.7 68.3 52.2 70.7
Reciptor [22] 47.2 71.8 70.2 5.34 55.7 80.0 38.1 65.8 47.4 66.9

𝑟𝑛2𝑣𝑒𝑐 59.4 84.2 79.9 58.1 68.7 84.1 63.1 76.6 58.8 76.6

Table 4: Region prediction results.

Metric Method American European Asian Mexican Total

Precision

word2vec [24] 66.4 52.0 59.9 53.0 61.3
TextCNN [17] 59.8 52.3 43.2 17.4 56.3
DeepWalk [32] 56.4 41.7 36.7 22.2 52.3

metapath2vec [8] 63.9 54.8 70.1 62.5 62.9
GraphSAGE [11] 65.7 64.1 51.0 56.1 62.5

GAT [41] 70.8 56.9 74.3 60.8 66.9
RGCN [36] 69.3 60.2 78.6 58.7 67.7
Reciptor [22] 65.4 58.9 66.0 62.2 64.1

𝑟𝑛2𝑣𝑒𝑐 73.2 67.9 78.8 67.9 72.4

Recall

word2vec [24] 71.7 47.9 61.0 37.2 61.3
TextCNN [17] 81.4 31.1 39.0 2.09 56.3
DeepWalk [32] 82.3 18.6 30.3 2.09 52.3

metapath2vec [8] 81.0 38.2 61.0 28.8 62.9
GraphSAGE [11] 81.4 35.1 72.5 12.0 62.5

GAT [41] 74.7 58.1 68.7 41.4 66.9
RGCN [36] 79.9 53.9 67.2 33.5 67.7
Reciptor [22] 82.2 41.6 58.2 29.3 64.1

𝑟𝑛2𝑣𝑒𝑐 82.1 58.4 77.1 47.6 72.4

F1

word2vec [24] 68.9 49.9 60.4 43.7 61.3
TextCNN [17] 69.0 39.0 41.0 3.74 56.3
DeepWalk [32] 66.9 25.7 33.2 3.83 52.3

metapath2vec [8] 71.4 45.0 65.2 39.4 62.9
GraphSAGE [11] 72.7 45.4 59.9 19.8 62.5

GAT [41] 72.7 57.5 71.4 49.2 66.9
RGCN [36] 74.2 56.9 72.5 42.7 67.7
Reciptor [22] 72.9 48.7 61.8 39.9 64.1

𝑟𝑛2𝑣𝑒𝑐 77.4 62.8 77.9 56.0 72.4

to 5. For a fair comparison, we set the embedding dimension to 128
for all of the above models except for Reciptor as we follow the
original setup and use 600 as the embedding dimension.

5.4 Performance Comparison
We use the Precision, Recall, and F1 score as the evaluation metrics.
Micro-average is used for F1 score to avoid the class imbalance is-
sues. The performances of all models on two tasks (cuisine category
classification and region prediction) are reported on Table 3 and
Table 4 respectively. The best results are highlighted in bold. Accord-
ing to these tables, we can find that our model rn2vec outperforms
all the baselines for both tasks in most cases. As for the recall value
for category Salads, 𝑟𝑛2𝑣𝑒𝑐 only has a small difference compared
to the best baseline GAT, but still remains the second best among
all models. Even GAT performs well in predicting Salads, it fails in
predicting Appetizers, Soups, Vegetables, and Main-dish. Consider-
ing these five categories are close to each other in the embedding
space, GAT is biased to Salads while sacrifices the performance on
other categories. However, 𝑟𝑛2𝑣𝑒𝑐 is more stable when predicting
each category and can generate decent results on all of them. In the
region prediction task, 𝑟𝑛2𝑣𝑒𝑐 exceeds all baselines for the recall
score except a 0.2% difference for category American compared
to the best baseline DeepWalk. However, DeepWalk has the low-
est recall score among all baselines in predicting other categories,
especially when the category has small quantity. In other words,
DeepWalk performs poorly when the labels are imbalanced. How-
ever, our model 𝑟𝑛2𝑣𝑒𝑐 leverages several neural network modules
and performs well in this imbalanced situation. In general, 𝑟𝑛2𝑣𝑒𝑐
improves the precision score by +4.7%, recall score by +7.1%, and F1
score by +5.9%, compared with the best baseline in cuisine category
classification task, and improves all the scores by +4.7% in region
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Table 5: Model variant comparison: (1) NA - node-level at-
tention? (2) RA - relation-level attention? (3) IT - inner-
ingredients transformer? (4) NC - node classification loss?
(5) LP - link prediction loss?

Component 𝑟𝑛2𝑣𝑒𝑐𝑁𝐴 𝑟𝑛2𝑣𝑒𝑐𝑅𝐴 𝑟𝑛2𝑣𝑒𝑐𝐼𝑇 𝑟𝑛2𝑣𝑒𝑐
NA ✔ ✔ ✔ ✔

RA ✔ ✔ ✔

IT ✔ ✔

NC ✔ ✔ ✔ ✔

LP ✔

Table 6: F1 scores of different model variants.

Task Category 𝑟𝑛2𝑣𝑒𝑐𝑁𝐴 𝑟𝑛2𝑣𝑒𝑐𝑅𝐴 𝑟𝑛2𝑣𝑒𝑐𝐼𝑇 𝑟𝑛2𝑣𝑒𝑐

Cuisine
category

classification

Appetizer 54.2 58.1 58.5 59.4
Beverage 79.2 83.0 83.8 84.2
Bread 75.1 78.2 79.6 79.9
Soups 39.0 52.3 55.9 58.1
Salads 61.4 64.9 67.0 68.7
Desserts 82.8 83.9 83.8 84.1
Vegetables 60.7 61.5 64.0 63.1
Main-dish 74.0 75.3 75.9 76.6
Others 57.0 56.5 58.0 58.8
Total 73.5 75.5 76.1 76.6

Region
prediction

American 75.7 74.9 76.3 77.4
European 56.4 62.0 62.6 62.8
Asian 74.9 78.1 76.6 77.9

Mexican 55.8 58.8 58.7 56.0
Total 69.7 70.8 71.6 72.4

prediction task. This demonstrates that 𝑟𝑛2𝑣𝑒𝑐 can obtain better
recipe embeddings compared to the other models.

5.5 Ablation Studies
𝑟𝑛2𝑣𝑒𝑐 is a joint learning framework composed of several neural
network modules and optimized by two losses. How do different
components impact the model performance? To answer this ques-
tion, we conduct ablation studies to evaluate the performances of
several model variants including: (a) 𝒓𝒏2𝒗𝒆𝒄𝑵𝑨 that only uses node-
level attention and node classification loss, while the importance of
each relation is assigned equally; (b) 𝒓𝒏2𝒗𝒆𝒄𝑹𝑨 that uses node-level
attention, relation-level attention, and node classification loss; (c)
𝒓𝒏2𝒗𝒆𝒄𝑰𝑻 that uses all modules but only optimized through node
classification loss. Further details about the difference between
these variants can be found in Table 5. We report the performances
(in terms of F1 score) of these model variants for both tasks in Table
6. From this table, we can find that the performance increases when
we incorporate more modules and optimize the model with both
losses. This demonstrates the efficiency of node-level attention,
relation-level attention, inner-ingredients transformer, and both
loss functions. Among the variants, 𝑟𝑛2𝑣𝑒𝑐 achieves best results
in most cases, despite the imbalance of each category. For those
categories where 𝑟𝑛2𝑣𝑒𝑐 does not obtain the best result, the perfor-
mance drop is small. This indicates the strong capability of different
components in our model.

Figure 3: Visualization of recipe embeddings generated by
different models. Each point indicates one recipe and its
color indicates the cuisine category.

5.6 Embedding Visualization
For a more intuitive understanding and comparison, we generate
visualizations of recipe embeddings using t-SNE [39]. As shown
in Fig. 3, we can find that Word2vec does not perform well. Only
Beverage, Desserts, and Bread are separated apart while other cate-
gories are mixed together. GAT can successfully distinguish Bread,
Desserts, Beverage, Salads, and some part of the Appetizers, while
the difference is not clear and the remaining categories are mixed
with each other. Reciptor can separate Beverage, Desserts, Bread,
and part of Salads well, but fails to distinguish others. However, our
model rn2vec can clearly identify each category. In particular, for
categories Soups, Main-dish, and Vegetables, rn2vec can clearly sep-
arate their embeddings, while the other models have them mixed
together. This again demonstrates that rn2vec can learn discrimina-
tive recipe embeddings.

5.7 Case Study
To show different model performance with concrete examples, we
analyze some misclassified cases in the cuisine category classifica-
tion task, as shown in Table 7. Specifically, Word2Vec misclassifies
all of these four recipes. One potential reason is that ingredients
always appear in numerous cuisines, and Word2Vec fails to encode
the recipe embeddings comprehensively by only using the ingredi-
ents. GAT successfully classifies the recipes Molasses Raisin Bread
and Yogurt Smoothie, but fail to classifiesWatercress Canapes and
Savory Scones. This is because the category Appetizer is close to
Salads, and category Bread is close to Desserts in the latent space,
while GAT is not able to capture the difference between them if
not considering the heterogeneity of nodes. Reciptor successfully
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Table 7: Error cases for cuisine category classification.

Recipe Title Ingredients Ground Truth word2vec [24] GAT [41] Reciptor [22] rn2vec

Molasses Raisin Bread active dry yeast, molasses, vanilla Bread Desserts Bread Bread Breadmargarine, cinnamon, flour, raisins

Yogurt Smoothie low-fat yogurt, cool whip free, Beverage Desserts Beverage Desserts Beveragefresh strawberries, ice cubes

Watercress Canapes low fat cottage cheese, tarragon, dill Appetizer Main-dish Salads Salads Appetizerfresh chives, watercress, crackers

Savory Scones pork sausage, onions, buttermilk baking Bread Main-dish Desserts Main-dish Breadmix, milk, instant onion, dried oregano

classifies the recipe Molasses Raisin Bread, but fails to classifies the
other three recipes. This may be because the triplet loss of Reciptor
only considers each recipe once in all triplets sampled from FoodKG,
which significantly prevents the model from capturing precise struc-
tural information and various relationship among recipes. However,
our model rn2vec leverages both textual and structural information
with several neural network modules, which can clearly distinguish
the difference between categories and thus correctly classify all of
these recipes.

6 RELATEDWORK
In this section, we review existing work including recipe datasets
and food graphs, recipe representation learning, and network em-
bedding approaches.
Recipe Datasets and Food Graphs. Existing recipe datasets only
focus on the recipe text or recipe images [2, 20, 23, 29, 35], while
ignoring the structural relationship between recipes. For example,
Food-101 [2] is a dataset of 101 food categories with 101’000 im-
ages. Recipe1M [23, 35] is a dataset containing over one million
cooking recipes and 13 million food images. Several others tried to
formulate the relationship between foods, while recipe information
is not included. For example, the ingredient network [37] contained
the co-occurrence frequency or substitution information between
ingredients. FlavorGraph [30] showed the relationship between
foods and chemical compounds. On the other hand, FoodKG [12]
contained recipes and a food ontology as a knowledge graph but
specifically designed for recipe recommendation and information
retrieval. Therefore, although these datasets established a large step
towards learning rich recipe representations, they are still limited
in either generality, integrity, or feasibility.
Recipe Representation Learning. Recent breakthroughs in deep
learning [14] have further fueled the interest in food studies for
their superiority in learning representations. However, most exist-
ing work [4, 10, 23, 35, 42] focused on the cross-modal embeddings
through image-recipe retrieval task. For example, Salvador et. al..
[35] proposed a joint training framework using semantic regulariza-
tion, while several related studies applied adversarial networks [42],
used attention and self-attention mechanisms [5, 10], leveraged cui-
sine attributes [13, 27], and introduced a double-triplet learning
scheme [4]. These models aim to align food images and recipe text
in a joint embedding space with closest embedding distance as the
objective function. On the other hand, Reciptor [22] proposed a
set transformer-based joint model to learn recipe representations
from only the textual level, by aligning the ingredients with the

instructions in a latent space and using a knowledge graph based
triplet loss.
Network Embedding. Network embedding [7] has became one of
the most popular data mining topics in the past few years. Many net-
work embedding models [8, 11, 19, 32, 36, 41, 43, 44] were proposed
to learn vectorized node embeddings that can be used in various
network mining tasks. For example, DeepWalk [32] obtained node
embeddings by feeding a set of random walks over network to Skip-
Gram model [24]. Nodes in the network were trained on each walk
where the neighbor nodes served as the contextual information.
matapath2vec [8] performed meta-path based random walks and
utilized SkipGram method to embed the heterogeneous networks.
GAT [41] incorporated attention mechanism to learn node embed-
dings by sampling and aggregating features from neighbors with
different weights. RGCN [36] embeded nodes by aggregation and
keeps a distinct linear projection weight for each edge type. In our
work, we apply the essence in network embedding and solve the
recipe representation learning with networks.

7 CONCLUSIONS
In this paper, we propose and formalize the problem of recipe repre-
sentation learning with networks. To solve this problem, we create
RecipeNet, a new and large-scale corpus of recipe data to facilitate
network based food studies and recipe representation learning re-
search. Furthermore, we develop rn2vec, a novel recipe network
embedding model, to learn recipe representations. rn2vec is able
to capture textual, structural, and nutritional information through
several neural network modules. We also design a novel objec-
tive function combined of node classification and link prediction
to jointly optimize the model. The extensive experiments show
that rn2vec outperforms state-of-the-art baselines for both cuisine
category classification and region prediction tasks. In the future,
we plan to incorporate more information into RecipeNet and to
improve rn2vec. We observe that there are still plenty of useful
information components that we can use such us individual and
food flavor information. One promising direction is to integrate hu-
man’s ratings and comments on recipes into RecipeNet and rn2vec.
In addition, more interesting tasks could be investigated such us
recipe recommendation and food suggestion.
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