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Abstract
We have developed a recommendation system for the Yelp graph. Yelp is a popular
restaurant and business review site. We are modeling Yelp’s data as a bipartite graph.
Nodes representing users have edges to nodes representing businesses; the edges are reviews.
Yelp currently lacks a collaborative filtering recommendation system, despite having
a large dataset. We researched and tested different filtering methods, including a novel
method that uses Yelp metadata, to either create the first Yelp recommendation system or
understand why none exists.
Ultimately, we did both. We have a recommendation system that performs slightly
better than an optimized baseline, and which performs reasonably on an absolute scale. We
also learned that Yelp’s graph is unusual–it is very sparse, has a large diameter, and it is
clustered into nearly disjoint local graphs. Each of these properties make it challenging to
achieve accurate collaborative filtering.

Introduction

user and each item. These vectors of factors
encode what kinds of users like which types of
item. Latent factor models generally express
predicted ratings in terms of linear algebra and
employ global optimization to find the factor
matrices. (For example, they might optimize
globally for minimum RMSE.) They have the
advantage of good performance, often superior to neighborhood models. Neighborhood
models, on the other hand, have the advantage
that they provide a natural way to explain
recommendations to users: in the case of itemitem neighborhood models, a product is recommended because the user previously liked
similar products. They also have the advantage of incremental training: a new rating can
be incorporated immediately to provide new
recommendations, without requiring global retraining.

Users today often have a choice among a
vast set of products–for example, all books on
Amazon or all restaurants in San Fransisco.
The goal of collaborative filtering systems is
to make these choices easier. In the typical
scenario, users provide information regarding
their own preferences. The system uses all of
the preference data together to make recommendations.
Collaborative filtering comes in two primary
forms, neighborhood models and latentfactor models. Neighborhood models are
either user-centric or item-centric, locating users with similar tastes and items with
similar audiences respectively. To predict a
user u’s preference for item i, neighborhood
models aggregate existing ratings from similar users to the same item, or conversely from
user u to items similar to i. Latent factor
models represent a different approach. Here,
the system learns a vector of factors for each

We discovered that Yelp data has unusual
properties that make it difficult to apply standard collaborative filtering approaches. The
data is sparse for both users and items–a typ-
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ical restaurant on Yelp has far fewer ratings and average stars. Business meta-data includes
than, for example, a successful movie on Net- category, total reviews, location, and stars.
Review meta data includes review text, date,
flix.
and stars.
We began by exploring our dataset. The
distributions of key data is shown in Figure
1. We note some important facts about that
data. The distribution of degrees for businesses appear to follow a power law distribution, while the distribution for users falls off
faster. The distribution of ratings is negative skewed–ratings tend to more positive than
negative. The graph is very sparse (99.98%
sparsity).

Related Work
There is a strong commercial motive for good
user recommendations. As a result, there has
been a sizeable amount of research, both commercial and academic, into collaborative filtering methods. Yehuda Koren, winner of
the Netflix Challenge, unifies the two primary
approaches to collaborative filtering, neighborhood models and latent-factor models [?].
His models for both disciplines of collaborative filtering lay the foundations for our models.

Methods

Su and Khoshgoftaar provide an extensive We implemented and tested four models for
overview of collaborative filtering recommen- recommending Yelp businesses to users.
dation systems [?]. Notably, they list tradeoffs
• Item-item neighborhood model
of the various categories of CF. They point out
that memory-based CF algorithms, like neigh• Iterative Singular Value Decomposition,
bor models, tend to suffer from the cold start
a factor model
problem - the lack of data for new users and
• Koren’s hybrid approach. This is a
items that limit the recommendations for that
neighborhood method that trains a set
user as well as performance decreases for sparse
of factor vectors for each item; those vecdata. On the other hand, model-based CF altors define which items are neighbors.
gorithms, such as the latent factor models often
handle sparsity better, although they are more
• A Yelp-specific model based on business
computationally expensive to build.
category metadata
Paterek examines singular value decomposition
We started by implementing a baseline model
(SVD) as a form of CF. He examines regularbased on average ratings overall, per-user, and
ized SVD models, as well as post-processing
per-item.
the SVD data, and attempts to evaluate these
models on the Netflix data. He post-processes
using KNN and kernel ridge regression.
Baseline Model
Many collaborative filtering methods, both
nearest-neighbor and factor methods, begin
with a common baseline. This baseline takes
the form
bui = µ + βu + βi

Data Collection and Summary Statistics
We worked with the Yelp Academic Dataset.
This consists of 130873 users, 13490 businesses,
and 330071 reviews. The data set is divided
into 30 university towns, each with their own
set of businesses. We model users and businesses as nodes, with reviews as directed edges.
User meta-data includes names, total reviews,

where µ is the global average rating, βu is the
user bias, βi is the restaurant bias-positive if
it’s a better-than-average businesses. There
are multiple ways to calculate the bias terms.
Different authors use either global optimization or averaging. We used averages with reg2
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Figure 1: Top Row, Left to Right: Degree Distribution of User Review Counts, Degree Distribution of Item Review Counts, Distribution of Review Word Counts. Bottom Row, Left To
Right: Distribution of User Average Stars, Distribution of Business Average Stars, Distribution
of Review Stars

Figure 2: Pearson Correlation Coefficient distributions for a 3-fold Validation

Table 1: Network Statistics
Statistic
Users
Items
Ratings
Sparsity

Yelp
130,873
13,490
330,071
99.98%

Netflix
480,189
17,770
100,480,507
98.82%
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MovieLens
72,000
10,000
10,000,000
98.61%

Yahoo! KDD
1,000,990
624,961
262,810,175
99.96%

METHODS

Where rui represents the rating of item i by
user u. µi represents the average rating for
item i. The Pearson Correlation Coefficient,
which ranges from -1 to 1, for our data represents the correlation of user opinions about the
businesses. Negative correlations signify that
those who rated item i high tended to rate j
low, or vice versa. Positive correlations signify
that those who rated i high tended to rate j
high as well.

ularization to mitigate overfitting:
Let K be the set of all ratings (u, i) and rui
represent each rating.
P
i|(u,i)∈K (rui − µ)
βu =
λu + |{u|(u, i) ∈ K}|
P
u|(u,i)∈K (rui − µ)
βi =
λi + |{i|(u, i) ∈ K}|

We also tried an alternative similarity meaWe computed the Jaccard similarity between the set
of categories for items i and j. This is the
We tried the basic item-centric nearest neigh- number of categories in common divided by
bor model:
the number of categories total between the
X
two. For example, if business i has cat(ruj − buj ) ∗ sij
r̂ui = µ + bu + bi +
egories {Restaurant, Caf e, Asian} and busij∈R(u)
ness j has categories {Caf e, F rench}, then
In this model, r̂ui is the predicted rating of sij = 41 .
item i by user u. µ represents the global mean
rating. Bias terms bu and bi represent user
bias and item bias. The first summation is the Attempt 2: SVD
sum of the ratings of the users multiplied by
the similarity between the item rated and the Singular Value Decomposition is a latent-factor
item rating to predict. Most importantly, sij method. To apply SVD to collaborative filteris a distance metric that defines which pairs of ing, we treat the ratings as a matrix, with one
items i and j are ”neighbors” and hence likely row per user, one column per business, and entries representing reviews [?][?]. SVD recasts
to be rated similarly by a given user.
collaborative filtering as a matrix reconstrucWe tested several different functions for sij , detion problem. Specifically, given a ratings mascribed below. We also tested an extension to
trix A, we decompose
the neighbor model proposed by Koren, taking
implicit feedback into account:
A = U ΣV T
X
X
r̂ui = µ+bu +bi +
(ruj −buj )∗sij +
cij
...where U and V are orthogonal and Σ is a
j∈R(u)
j∈N (u)
diagonal matrix. Each row in U represents an
user’s feature vector and each column in V T
Implicit feedback means any input about userrepresents an item’s feature vector.
item relationships other than the known rating
values. In this case, we use the fact that a user The matrix of Yelp ratings is too large to facrated a given item, which is separate from the tor directly. Instead, our SVD is derived from
rating they gave. This means that if a user Simon Funk’s iterative SVD algorithm. [?]
rated an item i, regardless of the actual rating, The algorithm learns the features for users and
they may be more or less likely to enjoy item items without directly calculating the SVD.
j. The terms cij grows as i is becomes more That is, given a user feature vector ui and
predictive of j.
an item feature vector vi , we produce a ratTo calculate similarities, we used the Pearson ing
rˆij = uTi vj
Correlation Coefficient:
P
(rui − µi ) ∗ (ruj − µj )
We run updates on each of the k features of
pP
sij = pP u
2
2
these user and item vectors by performing the
(r
−
µ
)
(r
−
µ
)
i
j
u ui
u uj

Attempt
model

1:

Item-item

neighborhood sure based on Yelp metadata.
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Attempt 4: Hybrid latent-factor neighborhood
model

following calculations until convergence:
ij = rij − rˆij

We implemented and tested the hybrid approach described by [?].
The idea is to
get the advantages that come with global
vik + = l(ij ∗ ujk − λvik )
optimization–higher accuracy and robustness
to sparse graphs–while also maintaining the adIn these equations, k is the feature we are up- vantages of a neighborhood model.
dating, l is the learning rate, λ serves as a regularization factor.
We train three factor vectors for each item:
xi , yi , and qi . Instead of using a correlation
coefficient or other closed-form metric to determine which nodes are neighbors, here two
Attempt 3: Yelp-specific model
nodes’ similarity is the dot product qiT xi . This
Finally, we tried an approach that models each approach also includes implicit feedback: feeduser’s preferences, taking advantage of some back that helps predict unknown ratings, other
features unique to Yelp data. Each busi- than the past ratings. Ideally, this feedback
ness is assigned a set of categories, such as would come from a second channel: for example, data about which businesses Yelp cus{Restaurant, Indian}.
tomers actually visit, as opposed to just the
Then, we trained a simple model to learn each ones they rate. Missing that, however, we still
user’s preference for each category of busi- have a form of implicit feedback in the set
ness. We start by computing the average rat- of businesses that a user rated, independent
ing µ, and the average offset for each user and of what the actual ratings were. (This term
item, βu and βi . This gives the baseline esti- might encode, for example, that users who rate
mate
their visits to Whole Foods and Trader Joes are
more likely to prefer Starbucks, regardless of
bu i = µ + βu + βi
how many stars they gave.) The latent factors
Then, let the category of each item i be ci . Let yi capture this feedback.
Rc (u) be the subset of user u’s ratings R(u)
where the business has category c. Each busi- The prediction function is
ness can have multiple categories. We can now
r̂ui = µ + bu + bi
compute the any user’s preference for category
c:
X
X
T
+
(r
−
b
)
∗
q
x
+
qiT yj
X
uj
uj
j
i
1
Θuc =
ruj − buj
j∈R(u)
j∈N (u)
R(u) + λcat
uik + = l(ij ∗ vjk − λuik )

j∈R(u)

...in other words, the baseline, plus the contribution of each neighbor j for item i weighted
by qiT xi , plus the contribution from implicit
feedback. In this model, r̂ui is the predicted
rating of item i by user u. µ represents the
mean rating. The first summation is the sum
of the ratings of the users multiplied by the
similarity between the item rated and the item
rating to predict. The second summation is
a term which takes into account implicit feedback.

The parameter λcat is for regularization. For
example, if a user gives an Indian restaurant a
5-star rating even though the baseline estimate
was 3 stars, we don’t want to assume that he
will rate all Indian restaurants two stars above
baseline. However, if that user rates multiple Indian restaurants two stars above baseline,
then we can infer a preference.
Finally, the prediction rule is

We trained the model using gradient descent,
as described by [?].

r̂ui = µ + βu + βi + Θuci
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definition of ”neighbor” in a dataset where reviews are sparse. Movies in the Netflix data,
for example, have thousands of reviewers, so
Evaluation Metric
you can calculate a meaningful correlation for
For evaluating the performance of our models, a pair of movies. With restaurants—even in
we used the RMSE error on edge rating pre- the same local area—this is not the case. More
on that below.
dictions with 3-fold cross validation.
We tried the same model with the same set
k = [1, 2, 5, 10, 20, 50] using an alternative measure of similarity between items. We used Jaccard similarity between the set of categories for
each business, as described in Methods. This
did not produce improvement for any value of
k.

Baseline
We did a grid search letting
(λu , λi ) = [0, 10, 20, 30] × [0, 10, 20, 30]

We evaluated median RMSE for the baseline predictions bu i using 3-fold cross validation.
Attempt 2: SVD


1.1213 1.1221 1.1228 1.1265
 1.1088 1.1087 1.1107 1.1131 Singular Value Decomposition is a factor

RMSE = 
 1.1185 1.1187 1.1211 1.1201 method that performs well on some sparse
1.1264 1.1270 1.1267 1.1296 datasets. It was basis for several top submissions to the Netflix Prize contest.
The rows are λi = [0, 10, 20, 30], the columns
correspond to λj . The optimum value was We suspected that the Yelp data might simply
found at λi = λj = 10. This is signifanctly be too sparse for neighbor-based methods to
better than naive averages (λi = λj = 0). We work, so we implemented SVD.
use 10 as the regularization constant going for- We implemented a grid search over the
ward. Baseline RMSE: 1.1087
number of factors to train, n
=
f actors

We experimented with four ways to improve on [1, 2, 3, 4, 5, 10, 15, 20, . . . 100]. We saw slow improvement in RMSE, leveling off above 30 facthis baseline.
tors.

Attempt
model

1:

Item-item

neighborhood In this case, the data was so sparse that the

predictions produced by iterative SVD differed
minimally from the baseline predictions, and
We implemented a nearest-neighbor filtering performed marginally better than the baseline.
model. It estimates a missing rating rui (from With 100 factors,
user u to business i) by finding similar restau- RMSE for singular-value decomposition:
rants (neighbors) that u has already rated. It 1.1070
computes Pearson correlation coefficients for
each pair of businesses that share reviewers.
For each missing rating, it finds the top k Attempt 3: a Yelp-specific model
most similar businesses based on that coeffiWe tested this for a range of values of the regcient.
ularization parameter λcat :
We experimented with k = [1, 2, 5, 10, 20, 50]
This method did not produce significant imand found that k = 5 is optimal.
provement. The fact that performance imNearest-neighbor RMSE: 1.1237
proves monotonically when increasing the regThis is slightly worse than the baseline. We ularization parameter is a bad sign. At large
think that the poor performance of nearest- values of the regularization parameter, the preneighbor filtering is due to the overly restrictive dictions produced approach those of the base6
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line model. With λcat = 50, the RMSE is very We qualified some unique features of the Yelp
close to the best baseline RMSE, but not bet- graph that make ratings difficult to predict.
First, the graph is very sparse–more so than
ter.
other datasets used in recommendation systems. Second, while some users post many
Attempt 4: Hybrid latent-factor neighborhood reviews, the majority of users post less than
model
five reviews. The distribution of degree follows
a power law for businesses, but falls off much
We ran a grid search to find the best set of more quickly for users. Third, Yelp data is
hyperparameters γ and λ. The first, γ, con- uniquely local. The clusters around each unitrols the gradient descent learning rate, while versity represented in the dataset are nearly
the second, λ, is a regularization constant de- disjoint–users mostly rate restaurants in their
signed to prevent overfitting. We ran a dis- local area.
tributed grid search using ten servers from the
Corn cluster. The total runtime was approxi- Despite these challenges, we believe we have
a reasonable recommendation system for Yelp
mately 16 hours.
users. On an absolute scale, with an RMSE of
The best results were achieved with the learn- 1.1082, most predictions are correct, rounded
ing rate γ = 0.004 and regularization λ = 0.02. to the nearest star. The hybrid approach we
This is similar to the values γ = 0.002 and implemented has an advantage over the baseλ = 0.04 that Koren found to be optimal on line, even though the RMSE is only slightly
the Netflix Prize dataset. The best RMSE better, in that the system can explain its recwas again marginally better than the base- ommendations in terms of the user’s previous
line,
reviews.
RMSE for hybrid model: 1.1082
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