
Cs 224 D Final
Crossing Minds - Semantic Cross Recommendation

Alexandre Robicquet
Department of Computer Science

Stanford University
arobicqu@stanford.edu

Abstract

Recommendation engines are common among e-commerce, targeted advertising,
social media and content-based websites. Amazon was one of the first websites
to use a recommendation system. When the company was essentially an online
book store, it began using software to suggest books the user might be interested
in, based on data gathered about their previous activity, as well as the activity of
other users who made similar choices. Beyond all those points, we tried to create
the first platform of smart and evolutive Cross Recommendations, based on the
idea that The better I know any of your taste, the more relevant I will be. In other
words, a unique platform assembling the state-of-the-art algorithms in deep learn-
ing and optimization in order to expand the recommendation system field to an all
other level The deep learning architecture is the perfect tool to merge every data
into our recommendations. It performs automatic selection of relevant input and
discards the useless or mis-informative data. The treatment of structured data such
as text or pictures requires state-of-the-art machine learning. In order to include
text data, we are are delving into the Natural Language Understanding front. We
get loads of natural language data that can be in the form character descriptions,
movie synopsis, reviews of places, hotels etc. Then we use state-of-the-art home
grown methods to convert these into mathematical entities called tensors. Once
we have converted natural language into a coarse mathematical representation, we
run a suite of analysis tools that extract the true semantic meaning of the text,
which enables us to match it against other items in our dataset thus enabling truest
retrievals that are most similar to the user query

1 Introduction

In recent experiments we have seen that word2vec has proved as an efficient method for learning
high-quality distributed vector representations that capture a large number of precise syntactic and
semantic word relationships. An inherent limitation of word representations is their indifference to
word order and their inability to represent idiomatic phrases. The word2vec also seems to be limited
in its application, because when we convert large pieces of text into vectors, we either average
the word2vec of each word in the sentence, or build a representation by modelling the temporal
dependencies of such vectories externally using a Recurrent Neural Network extension. With this
motivation, we present several extensions that improve both the quality of the vectors and the training
speed. We use an approach for unsupervised learning of a generic, distributed sentence encoder.
Using the continuity of text from books, we train an encoderdecoder model that tries to reconstruct
the surrounding sentences of an encoded passage. After training our model, we extractand evaluate
our vectors with linear models on some very famous taskes like semantic relatedness, etc.

Developing learning algorithms for distributed compositional semantics of words has been a long-
standing open problem at the intersection of language understanding and machine learning. In recent
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years, several approaches have been developed for learning composition operators that map word
vectors to sentence vectors including recursive networks [1], recurrent networks [2], convolutional
networks [3, 4] and recursive-convolutional methods [5, 6] among others. The latest version and
one we will focus our work on is proposed in such as an approach for unsupervised learning of
a generic, distributed sentence encoder. Using the continuity of text from books, they trained an
encoder-decoder model that tries to reconstruct the surrounding sentences of an encoded passage.
Sentences that share semantic and syntactic properties are thus mapped to similar vector representa-
tions.

In this

2 Training And Dataset

To lead our experiments, we gather a unique a very large dataset of informration for each data we
would like to recommend our user with: music, tv-shows, movies, books. To this extend, we juggle
throught different API and gather the following content introduce in table:

Type Source Text hashtags
Music Last Fm 59301 17214
Movies Imdb 103975 30146

Tv-shows Imdb 7378 4952
Books Goodreads 508901 268102

Figure 1: Collected Datasets

Moreover, in order to test our implpementation and semantic cross-recommendation system, we
scrapped the users like and dislike from a taste-collection website named crossing mind. With a
total of 80530 users, the quantitative description of this collection is presented in figure 2.

Data Positives Negatives Total
Music 119301 9598 128899
Movies 203975 8786 212761

Tv-shows 17864 464 18328
Books 19884 3089 22973

Figure 2: Tastekid Collection

All those dataset would be available as sql dataset during the summer, containing the synopsis of the
movies, the biographie of the artist, the story of the books and the plot of the tv-shows. A figure of
our work is presented in figure 3.

Initial Model

Before going into the details of the Neural Network, let’s simplify the idea to the extreme and
consider a linear model. We are given a data set of likes and dislikes of users on items. Let’s nu
and ni be the numbers of users and items. We can model the data set with a sparse matrix L of size
(nu, ni) where L[i, j] = 1 if the user i likes the item j, or L[i,j]=-1 if the user dislikes the item, and
L[i, j] = 0 if we don’t know. The linear model assumes that we can find for each user and each
item a vector in Rd such that the like value is approximately equals to the dot product of the user’s
vector and the item’s vector. The components of those vectors are called features. The features for
the user can be viewed as affinity for the item’s feature. In this simple model a user likes an item if
it has high affinity for the item’s highest features. Given L, the learning problem is then to find a
matrix U of size (nu, d) and a matrix V of size (ni, d) such that L ∼ UV T . The parameter d has
to be cross-validated. The higher d is, the highest we will overfit the data set. Once we have U and
V, we can recommend to the user i the item j maximizing UiVjT . Finding this optimal item in time
less than O(ni) is possible with the Top-K algorithm.
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Figure 3: Example of the sql scrapping database

Why a Neural Network ?

The major limitation of the previous model is that we cannot fit any non-linearity between users’
features and items’ features. Instead of having P[i likes j] kd U[i,k] V[j,k], we may want

P [ilikesj]
∑
kd

Φ(U [i, k]V [j, k])

, where Φ is a non-linear increasing function. The learning of U and V is rendered much more
difficult than before, hence the use of neural network learning algorithm. The values for U and V
are learnt by stochastic gradient descent and backward propagation of the learning error. Since Φ is
monotone, it is still possible to use the Top-K algorithm to recommend the item maximizing the like
prediction for a user. Including various data sets

The second motivation for using a neural network is than it becomes handy to learn from various
data sets. Indeed if we have several likes data sets such as movies likes and musics likes, we can use
shared features between both, so that the NN will learn jointly on movies and musics. What’s more,
appart from the likes data we may possess some attributes of the items such as tags, actors, kinds,
etc. It is possible to include this additional information in the learning process and make the NN
utilizing all the data set together to improve the predictions. To do so, create additional m features
from these attributes and concatenate them to the items’ features vector. The new items’ and users’
features vector are now of dimension d+m. Note that the m last dimensions of the items’ vector are
not learnt but fixed according to the attributes.

To this model, we want to introduce and add some semantic aspect or in other term: how can we
extract the spirit of a story to improve our cross-recomendation?

3 sent2vec

We use and improve in our approach the skip-thought model introduced in. The skip-thought is an
encoder which map words to a sentence vector and a decoder is used to generate the surrounding
sentences. Encoder decoder models have gained a lot of traction for neural machine translation. In
this setting, an encoder is used to map e.g. an English sentence into a vector. The decoder then
conditions on this vector to generate a translation for the source English sentence. A clear example
of this approch is given in figure 4

Encoder. Let w1
i , ..., w

N
i be the words in sentence si where N is the number of words in the sen-

tence. At each time step, the encoder produces a hidden state hti which can be interpreted as the
representation of the sequence w1

i , ..., w
t
i . The hidden state hNi thus represents the full sentence. To

encode a sentence, we iterate the following sequence of equations (dropping the subscript i)
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rt = σ(Wrx
t + Urh

t1) (1)

zt = σ(Wzx
t + Uzh

t1) (2)

h̄t = tanh(Wxt + U(r � ht1) (3)

ht = (1− zt)� ht−1 + zt � h̄t (4)

where h̄t is the proposed state update at time t, zt is the update gate, rt is the reset gate � denotes a
component-wise product. Both update gates takes values between zero and one.

Decoder. The decoder is a neural language model which conditions on the encoder output hi. The
computation is similar to that of the encoder except we introduce matrices Cz , Cr and C that are
used to bias the update gate, reset gate and hidden state computation by the sentence vector. One
decoder is used for the next sentence si+1 while a second decoder is used for the previous sentence
si1. Separate parameters are used for each decoder with the exception of the vocabulary matrix V,
which is the weight matrix connecting the decoder’s hidden state for computing a distribution over
words. In what follows we describe the decoder for the next sentence si+1 although an analogous
computation is used for the previous sentence si1. Let hti+1 denote the hidden state of the decoder
at time t. Decoding involves iterating through the following sequence of equations (dropping the
subscript i + 1):

rt = σ(W d
r x

t−1 + Ud
r h

t1 + Crhi) (5)

zt = σ(W d
z x

t−1 + Ud
r h

t1 + Czhi) (6)

h̄t = tanh(W dxt−1 + Ud(rt � ht1) + Chi) (7)

hti+1 = (1− zt)� ht−1 + zt � h̄t (8)

Given hti+1, the probability of word wt
i+1 given the previous t 1 words and the encoder vector is

P (wt
i+1|w<t

i + 1, hi) ∼ exp(vwt
i+1
hti+1)

where vwt
i+1

denotes the row of V corresponding to the word of wt
i+1. An analogous computation is

performed for the previous sentence si1.

Objective

Given a tuple (si−1, si, si+1), the objective optimized is the sum of the log-probabilities for the
forward and backward sentences conditioned on the encoder representation:∑

t

logP (wt
i+1|w<t

i+1,hi) +
∑
t

logP (wt
i−1|w<t

i−1,hi)

4 Experiments

Our main experiment was the direct application and improvement of the skip-thought algorithm. By
doing so, we are going throught the following steps to evaluate the capability of the encoder as a
generic feature extractor after training on the BookCorpus dataset introdce in [8]. Our experimenta-
tion setup on each task is as follows:
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• Using the learned encoder as a feature extractor, extract skip-thought vectors for all sen-
tences.
• If the task involves computing scores between pairs of sentences, compute component-wise

features between pairs. This is described in more detail specifically for each experiment.
• Train a linear classifier on top of the extracted features, with no additional fine-tuning or

backpropagation through the skip-thoughts model.

For the purposes of this report, the only set of experiments that have been completed as of now, is
the trianing of the skip thought inspired vectors themselves. We train a single models on our book
corpus. It consists of a unidirectional encoder with 2400 dimensions, which we subsequently refer to
as uni-skip. We also plan to train another model which would be a bidirectional model with forward
and backward encoders of 1200 dimensions each. This model contains two encoders with different
parameters: one encoder is given the sentence in correct order, while the other is given the sentence
in reverse. The outputs are then concatenated to form a 2400 dimensional vector. This is referred to
as a bi-skip model in the original skip thoughts vector paper

For training, we initialize all recurrent matricies with orthogonal initialization. Non-recurrent
weights are initialized from a uniform distribution in [-0.1,0.1]. Mini-batches of size 128 are used
and gradients are clipped if the norm of the parameter vector exceeds 10. We used the Adam al-
gorithm for optimization. The model was trained for 4 days on a NVidia Titan X chip and the
implementation was done using Theano.

Thus far, we get a cross entropy cost of 0.6317 and we hope to improve it further training the model
longer and by also including some optimizations that were covered in the course.

the results of our model are introduced in figure 5:

As we can see through our results, we could be better at recomeneding what someone might like
(TPR) but not at all at determining what someone don’t llike (TNR)

Conclusion

PLease, go try our beta version and do not hesitate to give us your feedback:

https : //privatebeta.crossingminds.org/

Password:

BWFFV DMRFX377HZ8F2ATDUFV IG0REDX7
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Figure 4: Results of adding the skip-thought process to our initial model according to different
architecture 9TPR true positive rating - NR true negative rating)
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