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Deep Neural Networks for

YouTube Recommendations
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Deep Neural Networks for

YouTube Recommendations

CANDIDATE GENERATION
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Deep Neural Networks for

YouTube Recommendations
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Wide & Deep Learningt=s!

- JSREHEMLZ(DNN)FZEEE]YT (Logistic
Regression){REIHEER—1"MLEH
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Wide & Deep Learningt=s!

Logistic Loss

e —

RelLU (256)
RelU (512)

RelU (1024)

- Cross Product
Concatenated Embeddings (~1200 dimensions) | | Transformation
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#ADD oo BENgagement User Device ... User Installed Impression
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Continuous Features Categorical Features
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TensorFlow=Cijl

« Wide Model: Linear Model with Crossed
Feature Columns

wide_columns - [gender, native_country, education, occupation, workclass,
relationship, age_buckets,
tf.contrib. layers.crossed_column( [education, occupation],
hash bucket size=int(1e4)),
tf.contrib. layers.crossed_column(
[age_buckets, education, occupation],
hash bucket size=int(1e6)),
tf.contrib. layers.crossed_column([native_country, occupation],
hash_bucket_size=int(1e4))]
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« Deep Model: Neural Network with Embeddings

deep_columns |

tf.

tf

o
tf.
tf.

tf.

contrib. layers.
.contrib. layers.
contrib. layers.
contrib. layers.
contrib. layers.

contrib. layers.

age,
education_num,
capital_gain,
capital_loss,
hours_per_week,

embedding_column(workclass, dimension=8),
embedding_column(education, dimension=8),
embedding_column(gender, dimension-8),
embedding_column(relationship, dimension=8),
embedding_column(native_country,
dimension=8),
embedding_column(occupation, dimension=8),
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« Combining Wide and Deep Models into One

model_type "wide":
m - tf.contrib.learn.LinearClassifier(model dir-model _dir,
feature columns-wide_columns)
model_type “deep:
m - tf.contrib.learn.DNNClassifier(model dir-model_dir,
feature_columns-deep_columns,
hidden units=[10@, 50])

m = tf.contrib.learn.DNNLinearCombinedClassifier(
model _dir-model_dir,
Linear feature columns=wide_columns,
dnn_feature_columns=deep_columns,
dnn_hidden units=[100, 5@],
fix _global_step_increment_bug=True)
m
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 Learning to Rank ( LTR)
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» Counterfactual Machine Learning

+ {£% trial-and-error #1323
+ Bandit Learning #1 Reinforcement Learning
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Model-free 1 Model-based

Q-learning, Sarsa,
Policy Gradients

Policy-Based #{l Value-Based

policy gradients Q-learning, sarsa
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Monte-carlo learning Qlearning, Sarsa, 7+
MEALAREY policy kB policy
gradients gradients
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Q learning, Deep-Q-
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Network
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MDPRJLABR—/ 1MUITE<S, A, R, T>FR3 ¢
(1) SAIRSZEE ( State Space) ;

(2) AAEN{E=SIA ( Action Space) ;
(3) RAREHRA ;

(4) THRMRINSIEZERZ ( State

Transition Function )
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Initialize Q(s.a) arbitrarily
Repeat (for each episode):
Initialize s

Repeat (for each step of episode):

Choose a from s using policy derived from @ (e.g.. e-greedy)

4

Take action a. observe r. s

Q(s.a) «— Q(s,a) + a|r +ymax, Q(s'.a') — Q(s.a)]

f
S — 8§

until s is terminal

def ri():
q_table - build _q table(N_STATES, ACTIONS)
episode range(MAX_EPISODES):
step_counter @
S %
is_terminated = Fals:
update_env(S, episode, step_counter)
is_terminated:

A = choose_action(S, q_table)
S_, R = get_env_feedback(S, A)
q_predict - q_table.ix[S, A]
S_ 'terminal’:
q_target - R - GAMMA - g_table.iloc[S_, :].max()

q_target R
is_terminated frue

q_table.ix[S, A) AUPHA « (q_target - q_predict)
S =S

update_env(S, episode, step_counter:1)

step_counter
q_table
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S¥8f2 ( Reward Shaping )

R(s,a,s) = Ry(s,a,s) + ®(s)

- B/e/ZEY ( Potential Function) : 2313 FHA)FB45 ( Local
Objective )
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Actor-Critic

« 5857 Policy Gradient (Actor) #1 Function Approximation

(Critic) BY737%. Actor BFtEE:1%1T A, Critic B2F Actor BU1TAIF
HIITHRI1ES, Actor 1RIE Critic BIESERLEITHRIHEEER

« Actor-model FEMHS N L , BIIIFRE— 1M stateZp) actionfiy

Generative Model

+ Critic-model FEpREEEFINES-HRAgHA THI Q (EEJTRISZRY

Discriminative Model

- B JRERNERIIEETXFRN R RIS TV REFERMIVR
RIRIFIR AR [RZ] HFRPEITrue Positive 148
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« Deep Deterministic Policy Gradient ( DDPG)

« Asynchronous Advantage Actor-Critic (A3C)
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