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Taxonomy of Generative Models

e Explicit Density
o Tractable Density
m [NADE
m Pixel RNN/CNN
o  Approximate Density
m Variational Autoencoder
s RBM

e Implicit Density
o | GAN




A Neural Autoregressive Approach to Collaborative Filtering [1]
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RBM NADE
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. o p(vi = 1|v;) = sigm (b; + V; .hi(v<;))
=> "negative phase" is intractable

=> Contrastive Divergence

h;(v<i) =sigm (c+ W, ;v<;)

loss = - log p(v)

NADE can be
trained by SGD
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NADE CF-RBM CF-NADE
h;(v.;) = sigm (c + W, ;v;) plh; =1V) = o(b; + f: Z Ufer;) hi(V<i) = tanh(c + ZkW;,<ikV<ik)
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Question

orderE (v1, v2,v3, v4, v5)2t 20| &A= [, userJt rating
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"As in NADE, the ordering o in CF-NADE must be predefined and fixed during
training for each user."” [1]

"The fixed ordering of the variables in a NADE model makes the exact
calculation of arbitrary conditional probabilities computationally intractable."”
[4]

"for any inference task would be to train as many NADE models as there are
possible orderings of the input variables. Obviously, this approach, requiring
O(D!) time and memory" [5]
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Implementation

CE-NADE



https://github.com/Ian09/CF-NADE

IRGAN: A Minimax Game for Unifying Generative and Discriminative Information
Retrieval Models [6]
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Examples generated by GAN

ce: hitps://github.com/carpedm20/DCGAN-tensorflow
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GAN (Generative Adversarial Networks)
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Application: Item Recommendation

e Datasets: Movielens (100k) and Netflix

e "we have chosen a basic matrix factorization model to implement"
o  Generator: Matrix Factorization Model
© ru,i = bi + VuTvi

e "we regard the 5-star ratings in both Movielens and Netflix as positive
feedback and treat all other entries as unknown feedback, because we mainly

focus on the implicit feedbacks problem.”
o S-starrating => 1.0
o all other entries => unobserved



Implementation

NEWS Recommendation Using Generative adversarial neural network

e Discriminator
o Matrix Factorization
o 'y =sigm(v, v +b)
o Data
m (user, item, label)
m label: real sampleO| ™ 1, fakeO|™ 0
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https://github.com/hemang-akbari/IRE-GAN

Question 1

e DiscriminatorJt & =& = matrix factorization model0| & Z <0,
Discriminator£ £ & & JI2= &£ CFE matrix factorization model= 24 Hot=
20! 201 ”}_=KX?



Question 2

e "we regard the 5-star ratings in both Movielens and Netflix as positive
feedback and treat all other entries as unknown feedback, because we mainly
focus on the implicit feedbacks problem.”
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NADE

We start with the description of the org

inal NADE. NADE is a generative model over vec-
tors of binary observations v € {0,1}

. Through the probability chain rule, it decomposes
p(v) = Hil p(v;|v<;) and computes all p(v;|v;) using the feed-forward architecture

h; (Vc:z') = sigm (C ¥ W:,<iv<i) , P('Uz' = 1[V<a‘) = sigm (bi i Vﬁ,:hi("«:i)) (D

fori € {1,..., D}, where sigm(z) = 1/(1 + exp(—z)), W € REXP and V € RP*# are con-
nection parameter matrices, b € R” and ¢ € R¥ are bias parameter vectors, v.; is the subvector
[v1,...,v;_1] " and W. ; is a matrix made of the i — 1 first columns of W,



user_pos_train[uid].append(iid)

generate_for_d(sess, generator, DIS_TRAIN_FILE)

def generate_for_d(sess, model, filename):

data = []

for u in user_pos_train:

pos = user_pos_train[u]

rating =
rating =

sess.run(model.all_rating, {model.u: [ul})
np.array(rating[@]) / 0.2 # Temperature

exp_rating = np.exp(rating)
prob = exp_rating / np.sum(exp_rating)

neg = np.random.choice(np.arange(ITEM_NUM), size=len(pos), p=prob)

for i in

data.append(str(u) + '\t' + str(pos[i]) + '\t' + str(neg[i]))

self.all_rating = tf.matmul(self.u_embedding, self.item_embeddings, transpose_a=False,

range(len(pos)):

transpose_b=True) + self.item_bias

Discriminator




input_user, input_item, input_label = ut.get_batch_data(DIS_TRAIN_FILE, index, BATCH_§

IZE) . .
ﬁ{:crlmlnator

def get_batch_data(file, index, size): #

user = []
item = []
label = []

for i in range(index, index + size):

line = linecache.getline(file, i)
line = line.strip()
line = line.split()

user.append(int(line[@]))
user.append(int(line[@]))
item.append(int(line[1]))
item.append(int(line[2]))
label.append(1.)
label.append(@.)

return user, item, label

sess.run(discriminator.d_updates,
feed_dict={discriminator.u: input_user, discriminator.i: input_item,
discriminator.label: input_label})




Discriminator

1

self.u_embedding = tf.nn.embedding_lookup(self.user_embeddings, self.u)
self.i_embedding = tf.nn.embedding_lookup(self.item_embeddings, self.i)
self.i_bias = tf.gather(self.item_bias, self.i)

"

self.pre_logits = tf.reduce_sum(tf.multiply(self.u_embedding, self.i_embedding), 1) + self.i_bias
self.pre_loss = tf.nn.sigmoid_cross_entropy_with_logits(labels=self.label,
logits=self.pre_logits) + self.lamda * (
tf.nn.12_loss(self.u_embedding) + tf.nn.12_loss(self.i_embedding) + tf.nn.12_loss(self.i_bias)

d_opt = tf.train.GradientDescentOptimizer(self.learning_rate)
self.d_updates = d_opt.minimize(self.pre_loss, var_list=self.d_params)



Generator

rating = sess.run(generator.all_logits, {generator.u: u})
exp_rating = np.exp(rating)
prob = exp_rating / np.sum(exp_rating) # prob is generator distribution p_\theta

pn = (1 - sample_lambda) = prob
pnlpos] += sample_lambda = 1.8 / len(pos)
# Now, pn is the Pn in importance sampling, prob is generator distribution p_\theta

sample = np.random.choice(np.arange(ITEM_NUM), 2 % len(pos), p=pn)
B R R e e e e A A S R R S A A A i R R R R R R R R R R R
# Get reward and adapt it with importance sampling
B G G & S B e
reward = sess.run(discriminator.reward, {discriminator.u: u, discriminator.i: sample})
reward = reward * prob[sample] / pn[sample]
A A e e R A A A A R A e R R e R R g e
# Update G
AR R A g A S A S R R R A g R A R R R B R R e R e R
_ = sess.run(generator.gan_updates,
{generator.u: u, generator.i: sample, generator.reward: reward})



self.u_embedding = tf.nn.embedding_lookup(self.user_embeddings, self.u)
self.i_embedding = tf.nn.embedding_lookup(self.item_embeddings, self.i)
self.i_bias = tf.gather(self.item_bias, self.i)

1]

self.reward_logits = tf.reduce_sum(tf.multiply(self.u_embedding, self.i_embedding),
1) + self.i_bias
self.reward = 2 * (tf.sigmoid(self.reward_logits) - @.5)

Generator




Generator

self.all_logits = tf.tensordot(self.u_embedding, self.item_embeddings,1) #+ self.item_bias

self.gan_loss = -tf.reduce_mean(tf.log(self.all_logits) * self.reward) + self.lamda * (
tf.nn.12_loss(self.u_embedding) + tf.nn.l2_loss(self.i embedding) + tf.nn.1l2_loss(self.i_bias))

g_opt = tf.train.GradientDescentOptimizer(self.learning_rate)
self.gan_updates = g_opt.minimize(self.gan_loss, var_list=self.q_params)
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