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	class	FM(Model):

				def	__init__(self,	input_dim=None,	output_dim=1,	factor_order=10,	

init_path=None,	opt_algo='gd',	learning_rate=1e-2,

																	l2_w=0,	l2_v=0,	random_seed=None):

								Model.__init__(self)

								#	

https://pan.baidu.com/s/1eDwOxweRDPurI2fF51EALQ


4. FM   

FM

								init_vars	=	[('w',	[input_dim,	output_dim],	'xavier',	dtype),

																					('v',	[input_dim,	factor_order],	'xavier',	dtype),

																					('b',	[output_dim],	'zero',	dtype)]

								self.graph	=	tf.Graph()

								with	self.graph.as_default():

												if	random_seed	is	not	None:

																tf.set_random_seed(random_seed)

												self.X	=	tf.sparse_placeholder(dtype)

												self.y	=	tf.placeholder(dtype)

												self.vars	=	init_var_map(init_vars,	init_path)

												w	=	self.vars['w']

												v	=	self.vars['v']

												b	=	self.vars['b']

												#	[(x1+x2+x3)^2	-	(x1^2+x2^2+x3^2)]/2

												#	 ( )

												X_square	=	tf.SparseTensor(self.X.indices,	tf.square(self.X.values),	

tf.to_int64(tf.shape(self.X)))

												xv	=	tf.square(tf.sparse_tensor_dense_matmul(self.X,	v))

												p	=	0.5	*	tf.reshape(

																tf.reduce_sum(xv	-	tf.sparse_tensor_dense_matmul(X_square,	

tf.square(v)),	1),

																[-1,	output_dim])

												xw	=	tf.sparse_tensor_dense_matmul(self.X,	w)

												logits	=	tf.reshape(xw	+	b	+	p,	[-1])

												self.y_prob	=	tf.sigmoid(logits)

												self.loss	=	tf.reduce_mean(

																tf.nn.sigmoid_cross_entropy_with_logits(logits=logits,	

labels=self.y))	+	\

																								l2_w	*	tf.nn.l2_loss(xw)	+	\

																								l2_v	*	tf.nn.l2_loss(xv)

												self.optimizer	=	get_optimizer(opt_algo,	learning_rate,	self.loss)

												#GPU

												config	=	tf.ConfigProto()

												config.gpu_options.allow_growth	=	True

												self.sess	=	tf.Session(config=config)

												#	 variable

												tf.global_variables_initializer().run(session=self.sess)
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	class	FNN(Model):

				def	__init__(self,	field_sizes=None,	embed_size=10,	layer_sizes=None,	

layer_acts=None,	drop_out=None,

																	embed_l2=None,	layer_l2=None,	init_path=None,	opt_algo='gd',	

learning_rate=1e-2,	random_seed=None):

								Model.__init__(self)

								init_vars	=	[]

								num_inputs	=	len(field_sizes)

								for	i	in	range(num_inputs):

												init_vars.append(('embed_%d'	%	i,	[field_sizes[i],	embed_size],	

'xavier',	dtype))

								node_in	=	num_inputs	*	embed_size

								for	i	in	range(len(layer_sizes)):

												init_vars.append(('w%d'	%	i,	[node_in,	layer_sizes[i]],	'xavier',	

dtype))

												init_vars.append(('b%d'	%	i,	[layer_sizes[i]],	'zero',	dtype))

												node_in	=	layer_sizes[i]

								self.graph	=	tf.Graph()

								with	self.graph.as_default():

												if	random_seed	is	not	None:

																tf.set_random_seed(random_seed)

												self.X	=	[tf.sparse_placeholder(dtype)	for	i	in	range(num_inputs)]

												self.y	=	tf.placeholder(dtype)

												self.keep_prob_train	=	1	-	np.array(drop_out)

												self.keep_prob_test	=	np.ones_like(drop_out)

												self.layer_keeps	=	tf.placeholder(dtype)

												self.vars	=	init_var_map(init_vars,	init_path)

												w0	=	[self.vars['embed_%d'	%	i]	for	i	in	range(num_inputs)]

												xw	=	tf.concat([tf.sparse_tensor_dense_matmul(self.X[i],	w0[i])	for	i	

in	range(num_inputs)],	1)

												l	=	xw

												#

												for	i	in	range(len(layer_sizes)):

																wi	=	self.vars['w%d'	%	i]

																bi	=	self.vars['b%d'	%	i]

																print(l.shape,	wi.shape,	bi.shape)

																l	=	tf.nn.dropout(

																				activate(

																								tf.matmul(l,	wi)	+	bi,

																								layer_acts[i]),

																				self.layer_keeps[i])

												l	=	tf.squeeze(l)

												self.y_prob	=	tf.sigmoid(l)

												self.loss	=	tf.reduce_mean(

																tf.nn.sigmoid_cross_entropy_with_logits(logits=l,	labels=self.y))

												if	layer_l2	is	not	None:
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																self.loss	+=	embed_l2	*	tf.nn.l2_loss(xw)

																for	i	in	range(len(layer_sizes)):

																				wi	=	self.vars['w%d'	%	i]

																				self.loss	+=	layer_l2[i]	*	tf.nn.l2_loss(wi)

												self.optimizer	=	get_optimizer(opt_algo,	learning_rate,	self.loss)

												config	=	tf.ConfigProto()

												config.gpu_options.allow_growth	=	True

												self.sess	=	tf.Session(config=config)

												tf.global_variables_initializer().run(session=self.sess)

def	model_fn(features,	labels,	mode,	params):

				"""Bulid	Model	function	f(x)	for	Estimator."""

				#------ ----

				field_size	=	params["field_size"]

https://pan.baidu.com/s/1eDwOxweRDPurI2fF51EALQ


				feature_size	=	params["feature_size"]

				embedding_size	=	params["embedding_size"]

				l2_reg	=	params["l2_reg"]

				learning_rate	=	params["learning_rate"]

				#batch_norm_decay	=	params["batch_norm_decay"]

				#optimizer	=	params["optimizer"]

				layers	=	map(int,	params["deep_layers"].split(','))

				dropout	=	map(float,	params["dropout"].split(','))

				#------ ------

				FM_B	=	tf.get_variable(name='fm_bias',	shape=[1],	

initializer=tf.constant_initializer(0.0))

				FM_W	=	tf.get_variable(name='fm_w',	shape=[feature_size],	

initializer=tf.glorot_normal_initializer())

				#	F

				FM_V	=	tf.get_variable(name='fm_v',	shape=[feature_size,	embedding_size],	

initializer=tf.glorot_normal_initializer())

				#	F	*	E				

				#------build	feaure-------

				feat_ids		=	features['feat_ids']

				feat_ids	=	tf.reshape(feat_ids,shape=[-1,field_size])	#	None	*	f/K	*	K

				feat_vals	=	features['feat_vals']

				feat_vals	=	tf.reshape(feat_vals,shape=[-1,field_size])	#	None	*	f/K	*	K

				#------build	f(x)------

				with	tf.variable_scope("First-order"):

								feat_wgts	=	tf.nn.embedding_lookup(FM_W,	feat_ids)	#	None	*	f/K	*	K

								y_w	=	tf.reduce_sum(tf.multiply(feat_wgts,	feat_vals),1)

				with	tf.variable_scope("Second-order"):

								embeddings	=	tf.nn.embedding_lookup(FM_V,	feat_ids)	#	None	*	f/K	*	K	*	E

								feat_vals	=	tf.reshape(feat_vals,	shape=[-1,	field_size,	1])	#	None	*	f/K	

*	K	*	1	

								embeddings	=	tf.multiply(embeddings,	feat_vals)	#vij*xi		

								sum_square	=	tf.square(tf.reduce_sum(embeddings,1))	#	None	*	K	*	E

								square_sum	=	tf.reduce_sum(tf.square(embeddings),1)

								y_v	=	0.5*tf.reduce_sum(tf.subtract(sum_square,	square_sum),1)		#	None	*	1

				with	tf.variable_scope("Deep-part"):

								if	FLAGS.batch_norm:

												#normalizer_fn	=	tf.contrib.layers.batch_norm

												#normalizer_fn	=	tf.layers.batch_normalization

												if	mode	==	tf.estimator.ModeKeys.TRAIN:

																train_phase	=	True

																#normalizer_params	=	{'decay':	batch_norm_decay,	'center':	True,	

'scale':	True,	'updates_collections':	None,	'is_training':	True,	'reuse':	None}

												else:

																train_phase	=	False



																#normalizer_params	=	{'decay':	batch_norm_decay,	'center':	True,	

'scale':	True,	'updates_collections':	None,	'is_training':	False,	'reuse':	True}

								else:

												normalizer_fn	=	None

												normalizer_params	=	None

								deep_inputs	=	tf.reshape(embeddings,shape=[-1,field_size*embedding_size])	

#	None	*	(F*K)

								for	i	in	range(len(layers)):

												#if	FLAGS.batch_norm:

												#				deep_inputs	=	batch_norm_layer(deep_inputs,	

train_phase=train_phase,	scope_bn='bn_%d'	%i)

																#normalizer_params.update({'scope':	'bn_%d'	%i})

												deep_inputs	=	tf.contrib.layers.fully_connected(inputs=deep_inputs,	

num_outputs=layers[i],	\

																#normalizer_fn=normalizer_fn,	normalizer_params=normalizer_params,	

\

																weights_regularizer=tf.contrib.layers.l2_regularizer(l2_reg),	

scope='mlp%d'	%	i)

												if	FLAGS.batch_norm:

																deep_inputs	=	batch_norm_layer(deep_inputs,	

train_phase=train_phase,	scope_bn='bn_%d'	%i)			# RELU 	

https://github.com/ducha-aiki/caffenet-benchmark/blob/master/batchnorm.md#bn----

before-or-after-relu

												if	mode	==	tf.estimator.ModeKeys.TRAIN:

																deep_inputs	=	tf.nn.dropout(deep_inputs,	keep_prob=dropout[i])					

																									#Apply	Dropout	after	all	BN	layers	and	set	

dropout=0.8(drop_ratio=0.2)

																#deep_inputs	=	tf.layers.dropout(inputs=deep_inputs,	

rate=dropout[i],	training=mode	==	tf.estimator.ModeKeys.TRAIN)

								y_deep	=	tf.contrib.layers.fully_connected(inputs=deep_inputs,	

num_outputs=1,	activation_fn=tf.identity,	\

																weights_regularizer=tf.contrib.layers.l2_regularizer(l2_reg),	

scope='deep_out')

								y_d	=	tf.reshape(y_deep,shape=[-1])

								#sig_wgts	=	tf.get_variable(name='sigmoid_weights',	shape=[layers[-1]],	

initializer=tf.glorot_normal_initializer())

								#sig_bias	=	tf.get_variable(name='sigmoid_bias',	shape=[1],	

initializer=tf.constant_initializer(0.0))

								#deep_out	=	tf.nn.xw_plus_b(deep_inputs,sig_wgts,sig_bias,name='deep_out')

				with	tf.variable_scope("DeepFM-out"):

								#y_bias	=	FM_B	*	tf.ones_like(labels,	dtype=tf.float32)		#	None	*	1		

warning; label predict/export train/evaluate

estimator label

								y_bias	=	FM_B	*	tf.ones_like(y_d,	dtype=tf.float32)					#	None	*	1

								y	=	y_bias	+	y_w	+	y_v	+	y_d

								pred	=	tf.sigmoid(y)



				predictions={"prob":	pred}

				export_outputs	=	

{tf.saved_model.signature_constants.DEFAULT_SERVING_SIGNATURE_DEF_KEY:	

tf.estimator.export.PredictOutput(predictions)}

				#	Provide	an	estimator	spec	for	`ModeKeys.PREDICT`

				if	mode	==	tf.estimator.ModeKeys.PREDICT:

								return	tf.estimator.EstimatorSpec(

																mode=mode,

																predictions=predictions,

																export_outputs=export_outputs)

				#------bulid	loss------

				loss	=	tf.reduce_mean(tf.nn.sigmoid_cross_entropy_with_logits(logits=y,	

labels=labels))	+	\

								l2_reg	*	tf.nn.l2_loss(FM_W)	+	\

								l2_reg	*	tf.nn.l2_loss(FM_V)	#+	\	l2_reg	*	tf.nn.l2_loss(sig_wgts)

				#	Provide	an	estimator	spec	for	`ModeKeys.EVAL`

				eval_metric_ops	=	{

								"auc":	tf.metrics.auc(labels,	pred)

				}

				if	mode	==	tf.estimator.ModeKeys.EVAL:

								return	tf.estimator.EstimatorSpec(

																mode=mode,

																predictions=predictions,

																loss=loss,

																eval_metric_ops=eval_metric_ops)

				#------bulid	optimizer------

				if	FLAGS.optimizer	==	'Adam':

								optimizer	=	tf.train.AdamOptimizer(learning_rate=learning_rate,	beta1=0.9,	

beta2=0.999,	epsilon=1e-8)

				elif	FLAGS.optimizer	==	'Adagrad':

								optimizer	=	tf.train.AdagradOptimizer(learning_rate=learning_rate,	

initial_accumulator_value=1e-8)

				elif	FLAGS.optimizer	==	'Momentum':

								optimizer	=	tf.train.MomentumOptimizer(learning_rate=learning_rate,	

momentum=0.95)

				elif	FLAGS.optimizer	==	'ftrl':

								optimizer	=	tf.train.FtrlOptimizer(learning_rate)

				train_op	=	optimizer.minimize(loss,	global_step=tf.train.get_global_step())

				#	Provide	an	estimator	spec	for	`ModeKeys.TRAIN`	modes

				if	mode	==	tf.estimator.ModeKeys.TRAIN:

								return	tf.estimator.EstimatorSpec(

																mode=mode,

																predictions=predictions,
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																loss=loss,

																train_op=train_op)

def	model_fn(features,	labels,	mode,	params):

				"""Bulid	Model	function	f(x)	for	Estimator."""

				#------hyperparameters----

				field_size	=	params["field_size"]

				feature_size	=	params["feature_size"]

				embedding_size	=	params["embedding_size"]

				l2_reg	=	params["l2_reg"]

				learning_rate	=	params["learning_rate"]

				#optimizer	=	params["optimizer"]

https://pan.baidu.com/s/1eDwOxweRDPurI2fF51EALQ


				layers	=	map(int,	params["deep_layers"].split(','))

				dropout	=	map(float,	params["dropout"].split(','))

				#------bulid	weights------

				Global_Bias	=	tf.get_variable(name='bias',	shape=[1],	

initializer=tf.constant_initializer(0.0))

				Feat_Bias	=	tf.get_variable(name='linear',	shape=[feature_size],	

initializer=tf.glorot_normal_initializer())

				Feat_Emb	=	tf.get_variable(name='emb',	shape=[feature_size,embedding_size],	

initializer=tf.glorot_normal_initializer())

				#------build	feaure-------

				feat_ids		=	features['feat_ids']

				feat_ids	=	tf.reshape(feat_ids,shape=[-1,field_size])

				feat_vals	=	features['feat_vals']

				feat_vals	=	tf.reshape(feat_vals,shape=[-1,field_size])

				#------build	f(x)------

				with	tf.variable_scope("Linear-part"):

								feat_wgts	=	tf.nn.embedding_lookup(Feat_Bias,	feat_ids)									#	None	*	F	

*	1

								y_linear	=	tf.reduce_sum(tf.multiply(feat_wgts,	feat_vals),1)

				with	tf.variable_scope("BiInter-part"):

								embeddings	=	tf.nn.embedding_lookup(Feat_Emb,	feat_ids)									#	None	*	F	

*	K

								feat_vals	=	tf.reshape(feat_vals,	shape=[-1,	field_size,	1])

								embeddings	=	tf.multiply(embeddings,	feat_vals)																	#	vij	*	xi

								sum_square_emb	=	tf.square(tf.reduce_sum(embeddings,1))

								square_sum_emb	=	tf.reduce_sum(tf.square(embeddings),1)

								deep_inputs	=	0.5*tf.subtract(sum_square_emb,	square_sum_emb)			#	None	*	K

				with	tf.variable_scope("Deep-part"):

								if	mode	==	tf.estimator.ModeKeys.TRAIN:

												train_phase	=	True

								else:

												train_phase	=	False

								if	mode	==	tf.estimator.ModeKeys.TRAIN:

												deep_inputs	=	tf.nn.dropout(deep_inputs,	keep_prob=dropout[0])										

#	None	*	K

								for	i	in	range(len(layers)):

												deep_inputs	=	tf.contrib.layers.fully_connected(inputs=deep_inputs,	

num_outputs=layers[i],	\

																weights_regularizer=tf.contrib.layers.l2_regularizer(l2_reg),	

scope='mlp%d'	%	i)

												if	FLAGS.batch_norm:



																deep_inputs	=	batch_norm_layer(deep_inputs,	

train_phase=train_phase,	scope_bn='bn_%d'	%i)			# RELU 	

https://github.com/ducha-aiki/caffenet-benchmark/blob/master/batchnorm.md#bn----

before-or-after-relu

												if	mode	==	tf.estimator.ModeKeys.TRAIN:

																deep_inputs	=	tf.nn.dropout(deep_inputs,	keep_prob=dropout[i])					

																									#Apply	Dropout	after	all	BN	layers	and	set	

dropout=0.8(drop_ratio=0.2)

																#deep_inputs	=	tf.layers.dropout(inputs=deep_inputs,	

rate=dropout[i],	training=mode	==	tf.estimator.ModeKeys.TRAIN)

								y_deep	=	tf.contrib.layers.fully_connected(inputs=deep_inputs,	

num_outputs=1,	activation_fn=tf.identity,	\

												weights_regularizer=tf.contrib.layers.l2_regularizer(l2_reg),	

scope='deep_out')

								y_d	=	tf.reshape(y_deep,shape=[-1])

				with	tf.variable_scope("NFM-out"):

								#y_bias	=	Global_Bias	*	tf.ones_like(labels,	dtype=tf.float32)		#	None	*	1		

warning; label predict/export train/evaluate

estimator label

								y_bias	=	Global_Bias	*	tf.ones_like(y_d,	dtype=tf.float32)						#	None	*	1

								y	=	y_bias	+	y_linear	+	y_d

								pred	=	tf.sigmoid(y)

				predictions={"prob":	pred}

				export_outputs	=	

{tf.saved_model.signature_constants.DEFAULT_SERVING_SIGNATURE_DEF_KEY:	

tf.estimator.export.PredictOutput(predictions)}

				#	Provide	an	estimator	spec	for	`ModeKeys.PREDICT`

				if	mode	==	tf.estimator.ModeKeys.PREDICT:

								return	tf.estimator.EstimatorSpec(

																mode=mode,

																predictions=predictions,

																export_outputs=export_outputs)

				#------bulid	loss------

				loss	=	tf.reduce_mean(tf.nn.sigmoid_cross_entropy_with_logits(logits=y,	

labels=labels))	+	\

								l2_reg	*	tf.nn.l2_loss(Feat_Bias)	+	l2_reg	*	tf.nn.l2_loss(Feat_Emb)

				#	Provide	an	estimator	spec	for	`ModeKeys.EVAL`

				eval_metric_ops	=	{

								"auc":	tf.metrics.auc(labels,	pred)

				}

				if	mode	==	tf.estimator.ModeKeys.EVAL:

								return	tf.estimator.EstimatorSpec(

																mode=mode,

																predictions=predictions,
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																loss=loss,

																eval_metric_ops=eval_metric_ops)

				#------bulid	optimizer------

				if	FLAGS.optimizer	==	'Adam':

								optimizer	=	tf.train.AdamOptimizer(learning_rate=learning_rate,	beta1=0.9,	

beta2=0.999,	epsilon=1e-8)

				elif	FLAGS.optimizer	==	'Adagrad':

								optimizer	=	tf.train.AdagradOptimizer(learning_rate=learning_rate,	

initial_accumulator_value=1e-8)

				elif	FLAGS.optimizer	==	'Momentum':

								optimizer	=	tf.train.MomentumOptimizer(learning_rate=learning_rate,	

momentum=0.95)

				elif	FLAGS.optimizer	==	'ftrl':

								optimizer	=	tf.train.FtrlOptimizer(learning_rate)

				train_op	=	optimizer.minimize(loss,	global_step=tf.train.get_global_step())

				#	Provide	an	estimator	spec	for	`ModeKeys.TRAIN`	modes

				if	mode	==	tf.estimator.ModeKeys.TRAIN:

								return	tf.estimator.EstimatorSpec(

																mode=mode,

																predictions=predictions,

																loss=loss,

																train_op=train_op)
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	class	PNN1(Model):

				def	__init__(self,	field_sizes=None,	embed_size=10,	layer_sizes=None,	

layer_acts=None,	drop_out=None,

																	embed_l2=None,	layer_l2=None,	init_path=None,	opt_algo='gd',	

learning_rate=1e-2,	random_seed=None):

								Model.__init__(self)

								init_vars	=	[]

								num_inputs	=	len(field_sizes)

								for	i	in	range(num_inputs):

												init_vars.append(('embed_%d'	%	i,	[field_sizes[i],	embed_size],	

'xavier',	dtype))

								num_pairs	=	int(num_inputs	*	(num_inputs	-	1)	/	2)

								node_in	=	num_inputs	*	embed_size	+	num_pairs

								#	node_in	=	num_inputs	*	(embed_size	+	num_inputs)

								for	i	in	range(len(layer_sizes)):

												init_vars.append(('w%d'	%	i,	[node_in,	layer_sizes[i]],	'xavier',	

dtype))

												init_vars.append(('b%d'	%	i,	[layer_sizes[i]],	'zero',	dtype))

												node_in	=	layer_sizes[i]

								self.graph	=	tf.Graph()

								with	self.graph.as_default():

												if	random_seed	is	not	None:

																tf.set_random_seed(random_seed)

												self.X	=	[tf.sparse_placeholder(dtype)	for	i	in	range(num_inputs)]

												self.y	=	tf.placeholder(dtype)

												self.keep_prob_train	=	1	-	np.array(drop_out)

												self.keep_prob_test	=	np.ones_like(drop_out)

												self.layer_keeps	=	tf.placeholder(dtype)

												self.vars	=	init_var_map(init_vars,	init_path)

												w0	=	[self.vars['embed_%d'	%	i]	for	i	in	range(num_inputs)]

												xw	=	tf.concat([tf.sparse_tensor_dense_matmul(self.X[i],	w0[i])	for	i	

in	range(num_inputs)],	1)

												xw3d	=	tf.reshape(xw,	[-1,	num_inputs,	embed_size])

												row	=	[]

												col	=	[]

												for	i	in	range(num_inputs-1):

																for	j	in	range(i+1,	num_inputs):

																				row.append(i)

																				col.append(j)

												#	batch	*	pair	*	k

												p	=	tf.transpose(

																#	pair	*	batch	*	k

																tf.gather(

																				#	num	*	batch	*	k

																				tf.transpose(

																								xw3d,	[1,	0,	2]),

																				row),

																[1,	0,	2])



	

												#	batch	*	pair	*	k

												q	=	tf.transpose(

																tf.gather(

																				tf.transpose(

																								xw3d,	[1,	0,	2]),

																				col),

																[1,	0,	2])

												p	=	tf.reshape(p,	[-1,	num_pairs,	embed_size])

												q	=	tf.reshape(q,	[-1,	num_pairs,	embed_size])

												ip	=	tf.reshape(tf.reduce_sum(p	*	q,	[-1]),	[-1,	num_pairs])

												#	simple	but	redundant

												#	batch	*	n	*	1	*	k,	batch	*	1	*	n	*	k

												#	ip	=	tf.reshape(

												#					tf.reduce_sum(

												#									tf.expand_dims(xw3d,	2)	*

												#									tf.expand_dims(xw3d,	1),

												#									3),

												#					[-1,	num_inputs**2])

												l	=	tf.concat([xw,	ip],	1)

												for	i	in	range(len(layer_sizes)):

																wi	=	self.vars['w%d'	%	i]

																bi	=	self.vars['b%d'	%	i]

																l	=	tf.nn.dropout(

																				activate(

																								tf.matmul(l,	wi)	+	bi,

																								layer_acts[i]),

																				self.layer_keeps[i])

												l	=	tf.squeeze(l)

												self.y_prob	=	tf.sigmoid(l)

												self.loss	=	tf.reduce_mean(

																tf.nn.sigmoid_cross_entropy_with_logits(logits=l,	labels=self.y))

												if	layer_l2	is	not	None:

																self.loss	+=	embed_l2	*	tf.nn.l2_loss(xw)

																for	i	in	range(len(layer_sizes)):

																				wi	=	self.vars['w%d'	%	i]

																				self.loss	+=	layer_l2[i]	*	tf.nn.l2_loss(wi)

												self.optimizer	=	get_optimizer(opt_algo,	learning_rate,	self.loss)

												config	=	tf.ConfigProto()

												config.gpu_options.allow_growth	=	True

												self.sess	=	tf.Session(config=config)

												tf.global_variables_initializer().run(session=self.sess)

class	PNN2(Model):



				def	__init__(self,	field_sizes=None,	embed_size=10,	layer_sizes=None,	

layer_acts=None,	drop_out=None,

																	embed_l2=None,	layer_l2=None,	init_path=None,	opt_algo='gd',	

learning_rate=1e-2,	random_seed=None,

																	layer_norm=True):

								Model.__init__(self)

								init_vars	=	[]

								num_inputs	=	len(field_sizes)

								for	i	in	range(num_inputs):

												init_vars.append(('embed_%d'	%	i,	[field_sizes[i],	embed_size],	

'xavier',	dtype))

								num_pairs	=	int(num_inputs	*	(num_inputs	-	1)	/	2)

								node_in	=	num_inputs	*	embed_size	+	num_pairs

								init_vars.append(('kernel',	[embed_size,	num_pairs,	embed_size],	'xavier',	

dtype))

								for	i	in	range(len(layer_sizes)):

												init_vars.append(('w%d'	%	i,	[node_in,	layer_sizes[i]],	'xavier',	

dtype))

												init_vars.append(('b%d'	%	i,	[layer_sizes[i]],	'zero',		dtype))

												node_in	=	layer_sizes[i]

								self.graph	=	tf.Graph()

								with	self.graph.as_default():

												if	random_seed	is	not	None:

																tf.set_random_seed(random_seed)

												self.X	=	[tf.sparse_placeholder(dtype)	for	i	in	range(num_inputs)]

												self.y	=	tf.placeholder(dtype)

												self.keep_prob_train	=	1	-	np.array(drop_out)

												self.keep_prob_test	=	np.ones_like(drop_out)

												self.layer_keeps	=	tf.placeholder(dtype)

												self.vars	=	init_var_map(init_vars,	init_path)

												w0	=	[self.vars['embed_%d'	%	i]	for	i	in	range(num_inputs)]

												xw	=	tf.concat([tf.sparse_tensor_dense_matmul(self.X[i],	w0[i])	for	i	

in	range(num_inputs)],	1)

												xw3d	=	tf.reshape(xw,	[-1,	num_inputs,	embed_size])

												row	=	[]

												col	=	[]

												for	i	in	range(num_inputs	-	1):

																for	j	in	range(i	+	1,	num_inputs):

																				row.append(i)

																				col.append(j)

												#	batch	*	pair	*	k

												p	=	tf.transpose(

																#	pair	*	batch	*	k

																tf.gather(

																				#	num	*	batch	*	k

																				tf.transpose(

																								xw3d,	[1,	0,	2]),

																				row),



																[1,	0,	2])

												#	batch	*	pair	*	k

												q	=	tf.transpose(

																tf.gather(

																				tf.transpose(

																								xw3d,	[1,	0,	2]),

																				col),

																[1,	0,	2])

												#	b	*	p	*	k

												p	=	tf.reshape(p,	[-1,	num_pairs,	embed_size])

												#	b	*	p	*	k

												q	=	tf.reshape(q,	[-1,	num_pairs,	embed_size])

												#	k	*	p	*	k

												k	=	self.vars['kernel']

												#	batch	*	1	*	pair	*	k

												p	=	tf.expand_dims(p,	1)

												#	batch	*	pair

												kp	=	tf.reduce_sum(

																#	batch	*	pair	*	k

																tf.multiply(

																				#	batch	*	pair	*	k

																				tf.transpose(

																								#	batch	*	k	*	pair

																								tf.reduce_sum(

																												#	batch	*	k	*	pair	*	k

																												tf.multiply(

																																p,	k),

																												-1),

																								[0,	2,	1]),

																				q),

																-1)

												#

												#	if	layer_norm:

												#					#	x_mean,	x_var	=	tf.nn.moments(xw,	[1],	keep_dims=True)

												#					#	xw	=	(xw	-	x_mean)	/	tf.sqrt(x_var)

												#					#	x_g	=	tf.Variable(tf.ones([num_inputs	*	embed_size]),	

name='x_g')

												#					#	x_b	=	tf.Variable(tf.zeros([num_inputs	*	embed_size]),	

name='x_b')

												#					#	x_g	=	tf.Print(x_g,	[x_g[:10],	x_b])

												#					#	xw	=	xw	*	x_g	+	x_b

												#					p_mean,	p_var	=	tf.nn.moments(op,	[1],	keep_dims=True)

												#					op	=	(op	-	p_mean)	/	tf.sqrt(p_var)

												#					p_g	=	tf.Variable(tf.ones([embed_size**2]),	name='p_g')

												#					p_b	=	tf.Variable(tf.zeros([embed_size**2]),	name='p_b')

												#					#	p_g	=	tf.Print(p_g,	[p_g[:10],	p_b])

												#					op	=	op	*	p_g	+	p_b
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												l	=	tf.concat([xw,	kp],	1)

												for	i	in	range(len(layer_sizes)):

																wi	=	self.vars['w%d'	%	i]

																bi	=	self.vars['b%d'	%	i]

																l	=	tf.nn.dropout(

																				activate(

																								tf.matmul(l,	wi)	+	bi,

																								layer_acts[i]),

																				self.layer_keeps[i])

												l	=	tf.squeeze(l)

												self.y_prob	=	tf.sigmoid(l)

												self.loss	=	tf.reduce_mean(

																tf.nn.sigmoid_cross_entropy_with_logits(logits=l,	labels=self.y))

												if	layer_l2	is	not	None:

																self.loss	+=	embed_l2	*	tf.nn.l2_loss(xw)#tf.concat(w0,	0))

																for	i	in	range(len(layer_sizes)):

																				wi	=	self.vars['w%d'	%	i]

																				self.loss	+=	layer_l2[i]	*	tf.nn.l2_loss(wi)

												self.optimizer	=	get_optimizer(opt_algo,	learning_rate,	self.loss)

												config	=	tf.ConfigProto()

												config.gpu_options.allow_growth	=	True

												self.sess	=	tf.Session(config=config)

												tf.global_variables_initializer().run(session=self.sess)
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DeepFM

	def	get_model(model_type,	model_dir):

				print("Model	directory	=	%s"	%	model_dir)

				#	 checkpoint

				runconfig	=	tf.contrib.learn.RunConfig(

								save_checkpoints_secs=None,

								save_checkpoints_steps	=	100,

				)

				m	=	None

https://pan.baidu.com/s/1eDwOxweRDPurI2fF51EALQ
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				#	

				if	model_type	==	'WIDE':

								m	=	tf.contrib.learn.LinearClassifier(

												model_dir=model_dir,

												feature_columns=wide_columns)

				#	

				if	model_type	==	'DEEP':

								m	=	tf.contrib.learn.DNNClassifier(

												model_dir=model_dir,

												feature_columns=deep_columns,

												hidden_units=[100,	50,	25])

				#	

				if	model_type	==	'WIDE_AND_DEEP':

								m	=	tf.contrib.learn.DNNLinearCombinedClassifier(

												model_dir=model_dir,

												linear_feature_columns=wide_columns,

												dnn_feature_columns=deep_columns,

												dnn_hidden_units=[100,	70,	50,	25],

												config=runconfig)

				print('estimator	built')

				return	m
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task embedding

Shared Lookup Table
 DeepFM DCN

Multi-task learning(MTL) task
task

embedding
(representation learning) head

task
paper “ ” Entire Space Multi-Task 

Model ESMM paper ctr( )
cvr( ) CVR sample selection 

bias data sparsity ESMM
post-view clickthrough&conversion rate

CTCVR

impression → click → 
conversion CVR

pCVR = p(conversion|click,impression)
pCTR pCVR pCTCVR

CVR CTR CTR
1) 2) 3) 



ESMM

EMMS

1. pCVR pCTR pCTCVR
pCTR pCTCVR pCVR 

pCTR pCTCVR pCVR 
ESMM CVR



 1. 

Embedding+MLP FM Attention Resnet

Wide&Deep √ × ×

FNN √ √ ×

DeepFM √ √ ×

NFM √ √ ×

DIN √ × √

AFM × √ √

Deep Cross √ × ×

DCN √ √ ×

2. ESMM multi-task learning
embedding embedding

CTR CVR
ESMM CVR
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