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Fig. 8: An illustration of the generated cuisine summaries for (a) Chinese cuisine and (b) Italian cuisine, each composed of 5 topics including
5 top-ranked ingredients (the center position of each topic) and 8 top-ranked images for each topic. In the summaries, the larger an ingredient
is, the larger the probability is.
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Fig. 9: Cuisine distribution conditioned on Topic #61, Topic #68 and Topic #89.

habits in their food culture. (2) Due to the similarity of cultures
in Europe and America, it can bee seen that ingredients from
these regions are categorized as one cluster. (3) There is an
outlier detected in our result, Indian. This is because the eating
habits of Indian is quite different from other countries of
the Asian countries. Based on the analysis, these different
categories of cuisines are roughly differentiated by our sim-

ilarity metric. his verified the effectiveness of our BC2TM
model. In addition, we found that the work [51] also reported
their cuisine similarity based on two kinds of ingredient-based
similarity, namely TF-IDF and Jensen-Shannon divergence.
We compared our cuisine-similarity graph with theirs and
found that our cuisine similarity graph is basically consistent
with their results. However, our proposed framework can also
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Fig. 11: Course distribution conditioned on Topic #72, Topic #91 for
different cuisines.

Fig. 12: The cuisine similarity graph generated by our model. Each
node indicates one cuisine. Nodes with the same color are those that
belong to the same group and the thickness of the edges indicates
the pairwise similarity.

be applied to multi-modal cuisine summarization and the
ingredient topic discovery.

For ingredient-relevant cuisine and course recommendation,
our task is to recommend both relevant cuisine and course
information given the ingredients. We split the dataset into
the training set and test set, as the same split in quantitative
evaluation of BC2TM. Each recipe item probably has more
than one label. For example, the last example of Fig. 3 consist
of two kinds of labels (Chinese,Appetizers) and (Chinese,Main
Dishes). Therefore, we consider this task as the annotation
task. Similar to [58], we use the top-N F1-measure, denoted
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Fig. 13: Top-5 F1-measure for cuisine and course recommendation.

as F1@N, where we set N = 5 as the evaluation metrics.

F1@N = 2 ∗ precision@N ∗ recall@N
precision@N + recall@N

(17)

We consider the following methods for comparison.
• LDA-Based K-Nearest Neighbors (LDA KNN).
LDA KNN retrieves all recipe items to find the nearest
neighbors by computing the cosine similarity between the
query’s text topic vector representation and the topic vector
from the training set.
• BC2TM NB. This baseline is similar to our method, but
does not consider the background distribution.
• RBM: Restricted Boltzmann Machine [43]. Compared with
directed topic model, this work used another kind of graph
model, namely undirected RBM based graph model. In this
work, we consider the ingredients to recommend cuisines
and courses and use a standard binary RBM with 100 hidden
layers, which is the same as the number of topics in our topic
model. Based on the learned latent features h, we use two
softmax classifiers to predict the cuisine score p(l|h) and the
course score p(c|h), respectively.We finally obtain the final
score p(l, c|h) = p(l|h)p(c|h).
The evaluation results are shown in Fig. 13. We can see

that our method outperforms LDA KNN and BC2TM NB,
mainly because of its good latent representations on cuisine-
course information. Also on this dataset, the performance of
RBM is the best in all the methods. However, such methods
are not suitable for our previous two applications based on
discovered interpreted topics.

VI. CONCLUSIONS

This paper presented a culinary culture analysis framework,
which is capable of jointly utilizing the ingredients, food im-
ages and various attributes to enable various applications. We
proposed a Bayesian Cuisine-Course Topic Model (BC2TM)
to incorporate the cuisine and course information to discover
cuisine-course topics. A manifold ranking method is utilized to
retrieve topic-relevant food images for topic visualization. We
applied the topic modeling and visualization method into three
applications, including multi-modal cuisine summarization,
cuisine-course pattern analysis and cuisine recommendation.
Through our proposed framework, we indeed found some
interesting results, which reveal the diversity of the culinary
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cultures. For example, some topics such as the one with the
ingredients soy-sauce and sesame-oil exclusively belong to
some regions in Asia, such as Chinese, Thai and Japanese.
As an outlier, the eating habits of Indian is quite different
from other countries.

This work can be extended in the following four direc-
tions: 1) Exploring more recipe elements from Yummly for
supporting more applications. For example, we can utilize
the taste information associated with one recipe in Yummly
to model the correlation between the taste and multi-modal
information for taste prediction. 2) Enlarging our multi-modal
recipe dataset to deeply understand cuisines and culinary
cultures around the world. 3) We have analyzed the cuisine
similarity presented in the undirected graph. As the future
work, it is very interesting to find a way to turn that into
a directed graph, which showcases the cuisine to cuisine
influence. 4) The fourth direction is on a method dimension for
better multi-modal modeling on the recipe data. For example,
recent work such as [11][12] has proposed multi-modal deep
learning method such as CNNs and the attention network for
cross-modal recipe retrieval and recognition, which can be
utilized for better modeling of rich recipe information.

APPENDIX A

For BC2TM, we use the collapsed Gibbs sampling [20] for
model inference, that allows sampling of zi and si alternatively
for each word token wi,

(i) sample s given the current estimate of z

p(si = bg|w = wi, s¬i, z¬i,w¬i)

∝
nbgwi,¬i + βbg∑

w′ nbg
w′ ,¬i

+Wβbg

nd,si,¬i + λ

nd,bg,¬i + nd,lc,¬i + 2λ

(18)

p(si = lc|zi, w = wi, s¬i, z¬i,w¬i)

∝
nlc(ld,cd),zi,¬i + α∑
z n

lc
(ld,cd),z,¬i + Zα

nd,si,¬i + λ

nd,bg,¬i + nd,lc,¬i + 2λ

(19)

(ii) sample z given the current estimate of s

p(zi|si = lc, w = wi, z¬i, s¬i,w¬i)

∝
nlczi,wi,¬i + βlc∑

w′ nlc
zi,w

′ ,¬i
+Wβlc

nlc(ld,cd),zi,¬i + α∑
z′ nlc

(ld,cd),z
′ ,¬i

+ Zα

(20)

where i = (d, n) is the current index. the superscript ¬i
denotes a counting variable that excludes the i-th word index
in the corpus. nlc(ld,cd),zi,¬i is the number of times that cuisine-
course topic zi is assigned to the document d associated with
cuisine-course (ld, cd). n

bg
wi,¬i is the number of times that the

word wi are assigned to the background distribution. nlczi,wi,¬i

is the number of times that the word wi is assigned to the
cuisine-course topic zi. nd,si,¬i is the number of times of
the words in the document d assigned to the background
distribution si = bg and cusine-course topics si = lc,
respectively.
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