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Two schools of thinking in IR modeling
Generative Retrieval Discriminative Retrieval

Query1

document1

document2

document3

document4

(Query1, document1)

relevance

• Assume	there	is	an	underlying	
stochastic	generative	process	
between	documents	and	queries

• Generate/Select relevant documents
given a query

• Learns	from	labeled	relevant	
judgments

• Predict the	relevance	given	a	query-
document	pair



Three	paradigms	in	Learning	to	Rank	(LTR)

• Pointwise: learn	to	approximate	the	relevance	
estimation	of	each	document	to	the	human	rating
• Pairwise:	distinguish	the	more-relevant	document	
from	a	document	pair
• Listwise:	learn	to	optimise the	(smoothed)	loss	
function	defined	over	the	whole	ranking	list	for	
each	query



IRGAN:	A	minimax	game	unifying	both	models

• Take	advantage	of	both	schools	of	thinking:
• The	generative	model	learns	to	fit	the	relevance	
distribution	over	documents	via	the	signal	from	the	
discriminative	model.
• The	discriminative	model	is	able	to	exploit	the	unlabeled	
data	selected	by	the	generative	model	to	achieve	a	
better	estimation	for	document	ranking.



IRGAN	Formulation

• The	underlying	true	relevance	distribution					
depicts	the	user’s relevance	preference	distribution	
over	the	candidate	documents	with	respect	to	his	
submitted	query
• Training	set:	A	set	of	samples	from
• Generative	retrieval	model
• Goal:	approximate	the	true	relevance	distribution

• Discriminative	retrieval	model
• Goal:	distinguish	between	relevant	documents	and	non-
relevant	documents
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IRGAN	Formulation

• Overall	Objective
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IRGAN	Formulation

• Optimizing	Discriminative	Retrieval
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IRGAN	Formulation

• Optimizing	Generative	Retrieval
• Samples	documents	from	the	whole	document	set	to	
fool	its	opponent

• REINFORCE	(Advantage	Function)

Reward	Term



IRGAN	Formulation

• Algorithm



IRGAN	Formulation

• Extension	to	Pairwise	Case
• It is common that the dataset is a set of ordered
document pairs for each query rather than a set of
relevant documents.
• Capture relative	preference	judgements rather than
absolute	relevance	judgements

• Now, for each query ,we have a	set	of	labelled	
document	pairs

qn
Rn = {hdi, dji|di � dj}



IRGAN	Formulation

• Extension	to	Pairwise	Case
• Discriminator would try to predict if a document pair is
correctly ranked, which can be implemented as many
pairwise ranking loss function:
• RankNet:
• Ranking SVM (Hinge Loss):
• RankBoost:

Rn

z = f�(du, q)� f�(dv, q)
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IRGAN	Formulation

• Extension	to	Pairwise	Case
• Generator would	try	to	generate	document	pairs	that	
are similar	to	those	in	 ,	i.e.,	with	the	correct	ranking.
• A softmax function over the Cartesian Product of the
document sets, where the logits is the advantage of
over in a document pair

Rn

di
dj (di, dj)



An Intuitive Explanation of IRGAN



An Intuitive Explanation of IRGAN

• The	generative	retrieval model	is	guided	by	the	
signal	provided	from	the	discriminative retrieval	
model,	which	makes	it	more	favorable	than	the	
non-learning methods	or	the	Maximum	Likelihood	
Estimation (MLE)	scheme.

• The	discriminative	retrieval	model	could	be	
enhanced	to	better rank	top	documents	via	a	
strategic	negative	sampling	from	the generator.



Experiments: Web Search



Experiments: Web Search



Experiments: Item Recommendation



Experiments: Item Recommendation



Experiments: Question Answering



Summary
• We proposed IRGAN	framework	that	unifies	two
schools	of	information	retrieval	methodologies, via	
adversarial	training	in	a	minimax game, which takes
advantage of both schools of thinking.
• Significant performance gains were observed in
three typical information retrieval tasks.
• Experiments suggest that different equilibria	could	
be	reached	in	the	end	depending	on	the	tasks and	
settings.



Deep	Semantic	Hashing	with	Generative	
Adversarial	Networks
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• A shared	CNN	for learning	image	representations
• An	adversary	stream	for	distinguishing	synthetic
images	from	real	ones
• A hash	stream for	encoding	each	image	into	hash	
codes
• A classification stream	for	leveraging	semantic	
supervision



Semi-supervised GANs

J

D = lc(x) + la(x)

J

G = lc(x)� la(x)
where

A semi-supervised	GANs	is	first	devised	to	leverage	both	
unlabeled	and	labeled	images	for	producing	synthetic	images
conditioning	on	class labels.



Hash Stream
• Hash stream	is	trained	with	the	input	real-synthetic	
triplets	in	a triplet-wise	manner



Adversary Stream
• Adversary	stream	recognizes	the	label of	synthetic	or	
real	for	each	image	example.



Classification	Stream
• Classification	stream	reinforces	the	hash	learning	
to	preserve	semantic structures	on	both	real	and	
synthetic	images.



Joint Optimization
• For shared CNN, the overall objective:

• For the generator network, the overall objective:



Experiments



Top	10	Image	Retrieval	Results	by	different	methods	in	
response	to	two	query	images

Blue	Box:	excellent	ones	whose	annotations	completely	contain	all	the	labels	of	
the	query	images



Top	10	Image	Retrieval	Results	by	different	methods	in	
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Blue	Box:	excellent	ones	whose	annotations	completely	contain	all	the	labels	of	
the	query	images



In	hashing	stream,	the	similar	and	dissimilar	image	can	
be	synthetic	or	real	images.	The	ratio	of	synthetic	images	
affects	the	performance:



Visualization	of	synthetic	images


