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Need	for	multimodal	conversation

Fashion	/	Retail

Travel

Insurance



Need	for	multimodal	conversation

Fashion	Retail

Travel

Insurance
In	each	of	these	domains,	the	most	intuitive	way	of	

interaction	is	through	conversation
…

And	these	domains	are	becoming	increasingly	
multimodal	in	nature



Multimodal	Conversation	Datasets

Image-Grounded	Conversations:	Multimodal	
Context	for	Natural	Question	and	Response	

Generation	(2017)

Visual	dialog.	
(2016)	

GuessWhat?!	Visual	
object	discovery	through	
multi-modal	dialogue	

(CVPR	2017)



Multimodal	Conversation	Datasets

Image-Grounded	Conversations:	Multimodal	
Context	for	Natural	Question	and	Response	

Generation	(2017)

Visual	dialog.	
(2016)	

GuessWhat?!	Visual	
object	discovery	through	
multi-modal	dialogue	

(CVPR	2017)

Not	truly	multimodal	in	nature

Open-domain	conversation		



WishList for	a	domain-aware	multimodal	
conversation	dataset

• Dialog	context	is	truly	multimodal	in	nature,	with	multiple	text	+	
image	utterances

• Response	generated	should	be	multimodal

• Response	generation	needs	to	leverage	external	domain	knowledge	
as	well	as	the	unstructured	dialog	context



WishList for	a	domain-aware	multimodal	
conversation	dataset

• Dialog	context	is	truly	multimodal	in	nature,	with	multiple	text	+	
image	utterances

• Response	generated	can	be	both	text/image

• Response	generation	needs	to	leverage	external	domain	knowledge	
as	well	as	the	unstructured	dialog	context….	In	our	new	dataset	on	Domain	Aware	Multimodal				

Conversation	(MMD)



Highlights	of	the	MMD	Dataset

• Crawled	a	multimodal	catalog	of	1	million	items	of	over	700	fashion	
categories	from	various	fashion	sites

• Curated	a	large	scale	domain	knowledge	from	the	catalog	data

• Further,	with	domain	experts,	we	designed	an	automata	over	17	
types	of	dialog	states,	for	a	“fashion	shopping”	use-case

• By	instantiating	such	an	automata,	we	created	a	dataset	of	150K	
dialogs	having	around	3	million	question-answers



Link	to	Download	Dataset

Updated	version	of	the	paper	and	results	are	in	https://arxiv.org/abs/1704.00200

https://amritasaha1812.github.io/MMD/



Challenges	in	such	a	Dataset



SHOPPER: Will these espadrilles suit office style?

AGENT: Yes



SHOPPER: Will these espadrilles suit office style?

AGENT: Yes

Parse	the	question	using	domain	semantics	in	order	to	
retrieve	relevant	images



SHOPPER: Will these espadrilles suit office style?

AGENT: Yes

Provide	a	short	description	of	the	displayed	items	in	a	
persuasive	language



SHOPPER: Will these espadrilles suit office style?

AGENT: Yes

Counting	based	quantitative	reasoning

Inference	over	aggregate	of	images



SHOPPER: Will these espadrilles suit office style?

AGENT: Yes

Ellipsis	resolution	for	incomplete	questions

Also	visual	co-reference	resolution	to	understand	
3rd	one	is	w.r.t.	the	2nd row	of	results



SHOPPER: Will these espadrilles suit office style?

AGENT: Yes

Ellipsis	resolution	for	incomplete	questions

Also	visual	co-reference	resolution	to	understand	
3rd	one	is	w.r.t.	the	2nd row	of	results



SHOPPER: Will these espadrilles suit office style?

AGENT: Yes

Logical	inferencing	(along	with	sentiment	analysis)

A	long	term	context	to	know	the	user’s	budget

Quantitative	inference	for	filtering



SHOPPER: Will these espadrilles suit office style?

AGENT: Yes

Inference	using	domain	knowledge	and	
multimodal	context



Evaluating	State-of-the-art	
models	on	some	of	the	tasks



Sub-Tasks	evaluated	in	the	current	work

•Text	Response	Generation	Task

• Image	Response	Task	simplified	to	Best	Image	
Selection,	given	a	small	subset	of	m images	



Results	

Model	
(domain	
knowledge
agnostic)

Text	Response	
Generation

Select	Best	Image	Response

BLEU m=5 m=50 m=100
Re@1 Re@2 Re@3 Re@1 Re@2 Re@3 Re@1 Re@2 Re@3

Text	Only	
HRED*

14.58 0.46 0.64 0.75 - - - - - -

Multimodal	
HRED**

19.58 0.79 0.88 0.93 0.23 0.37 0.48 0.13 0.22 0.3

*Text	Only	HRED	is	the	Hierarchical	Encoder	Decoder	(HRED)	model	used	for	building	end-to-end	dialog	systems	(Serban
et.	al	2016)
**	Multimodal	HRED	is	a	multimodal	extension	of	the	above	HRED	model



Results	

Poor	performance	because	of	the	domain	
agnostic	nature	of	the	model	
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Results	

Poor	performance	in	image	response	selection	itself,	then	
what	about	image	retrieval	from	a	million	sized	catalog	?	

Model	
(domain	
knowledge
agnostic)

Text	Response	
Generation

Select	Best	Image	Response

BLEU m=5 m=50 m=100
Re@1 Re@2 Re@3 Re@1 Re@2 Re@3 Re@1 Re@2 Re@3

Text	Only	
HRED

14.58 0.46 0.64 0.75 - - - - - -

Multimodal	
HRED

19.58 0.79 0.88 0.93 0.23 0.37 0.48 0.13 0.22 0.3



Conclusion

• Introduced	a	dataset	of	150K	multimodal	conversation	sessions	
consisting	of	around	3	Million	QA	pairs	between	a	user	and	a	
shopping	agent,	covering	17	types	of	dialog	states

• Showcased	the	limitations	of	state-of-the-art	conversation	systems	in	
handling	multimodal	domain-specific	applications

• With	this,	we	hope	to	encourage	research	into	modeling	domain-
aware	multimodal	conversation	systems	



THANK	YOU



Backup	Slides



Data	Collection	Methodology

•Curation	and	representation	of	a	large-scale	domain	
knowledge	

•Developing	a	large	collection	of	multimodal	
conversations,	each	consisting	of	a	series	of	
interactions	employing	this	knowledge	



Show	me	a	dress	in	the	
print	as	this	?

Found	in	mosaic,	not	
geometric

Found	in	mosaic,	not	geometric

Will	this	go	well	
with	the	dress

Yes	it	will	be	a	good	match

Text	utterance	
representation

Context	hidden	
state	

Decoder	hidden	
state Prediction

VGG
Net

VGG
Net

VGG
Net

VGG
Net

VGG
Net…

…

…

Context	hidden	
state	

Decoder	hidden	
state

…

User’s	Utterance	1 System’s	Utterance	1 User’s	Utterance	2

System’s	Utterance	1 System’s	Utterance	2

…

Encoder	
hidden	state

Image	
representation

Multimodal	
representation	by	
concatenation

Multimodal	HRED	Model:	Text	Task



Found	in	mosaic,	not	
geometric

VGG
Net

VGG
Net

VGG
Net

VGG
Net…

Context	hidden	
state	

System’s	Utterance	1 User’s	Utterance	2

…

Negative	Response

Max-Margin	Loss

VGG
NetCos	Sim(x,	yneg)

Cos	Sim(x,	ypos)

Positive	Response

VGG
Net

System’s	Response	2

Show	me	in	the	
color	as	this	one

Cosine	Similarity	between	Positive	image	
and	Multimodal	context	representations

Cosine	Similarity	between	Negative	image	
and	Multimodal	context	representations

Text	utterance	
representation

Encoder	
hidden	state

Image	
representation

Multimodal	
representation	by	
concatenation

Multimodal	HRED	Model:	Image	Task	(Train)



Domain	Knowledge	Curation
• Crawling	over	1	Million	fashion	items

Keep	your	look	lively	wearing	this	pink	coloured
top by	La	Zoire.	Fashioned	using	georgette,	this	
top will	keep	you	at	comfort	all	day	long.	Pair	this	
top	with	black	denims	to	get	endless	compliments.
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Simulating	the	Dialog	Automata	

• Each	state	has	an	associated	set	of	~20	paraphrase	templates	
with	some	variables	and	some	connective	natural	language	
text

• Each	template	can	be	converted	to	a	natural	language	query	
by	replacing	the	variables	with	the	actual	values	

Structured	Domain	Knowledge

Celebrity	
Profiles

Attribute	Profile	
of	Fashion	
Synsets

StyleTip
Knowledge
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Simulating	the	Dialog	Automata	

• Each	state	has	an	associated	set	of	~20	paraphrase	templates	
with	some	variables	and	some	connective	natural	language	
text

• Each	template	can	be	converted	to	a	natural	language	query	
by	replacing	the	variables	with	the	actual	values	

Structured	Domain	Knowledge
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Domain	Knowledge	Curation
• Parsing	the	catalog	to	create	a	structured	

Keep	your	look	lively	wearing	this	pink	coloured
top by	La	Zoire.	Fashioned	using	georgette,	this	
top will	keep	you	at	comfort	all	day	long.	Pair	this	
top	with	black	denims	to	get	endless	compliments.



Domain	Knowledge	Curation

man>apparel>layer_3_upper_body>sweater>turtleneck,turtle neck
man>apparel>layer_3_upper_body>jacket>quilted	jacket
man	>	apparel	>	layer-2-lower-body>trouser>formal-trousers,	dressed	pants
man>apparel>layer_2_lower_body>joggers,jogger
man>apparel>layer_2_lower_body>shorts,half-pants
man>apparel>layer_2_upper_body>knit	shirt
man>apparel>layer_3_upper_body>jacket>tuxedo
man>footwear>shoes>formal	shoes>spectators,spectator tip
man>apparel>layer_1_lower_body>socks>dress	socks
man>footwear>shoes>casual	shoes>high	tops
man>footwear>shoes>casual	shoes>boots>harness	boots,harness boot	

woman>apparel>layer_2_upper_body>top>crop	top,midriff top
woman>apparel>layer_2_upper_body>blouse>pullover	blouse
woman>apparel>layer_2_upper_body>woven	shirt>casual	shirt
woman>apparel>layer_2_lower_body>skirt>full	skirt
woman>apparel>layer_2_lower_body>trousers>yoked	pants
woman>apparel>layer_3_upper_body>sweater>argyle	sweater
woman>apparel>layer_2_lower_body>trousers>peplum	pants
woman>apparel>layer_2_whole_body>dress>wrapover dress
woman>footwear>flats>clog,clogs
woman>footwear>heels>platform,platform heels
woman>footwear>boots>tanker	boots,tanker boot

• Creating	a	hand-crafted	taxonomy	of	the	different	types	of	fashion	items.

34

women

skirtkurtit-shirt

casual formal Semi-formal

men

trousersshirtst-shirt

casual formal Semi-formal



Domain	Knowledge	Curation

• Identifying	attributes	for	different	fashion	items

Apparel Collar,	Color,	Cuff,	Cut,	Material,	Fit,	Button,	Shape,	Type,	Style,	Size,	Length,	Jeans	style,	Pleats, Pocket,
Print, Neck,	Sleeves,	Weave

Shoes Sole	Material,	Upper	Material,	Toe,	Tip,	Closure,	Heel,	Fit

Spectacles Lens	material,	Frame	material,	Rim,	Color,	Frame	color

Watch Movement	Type,	Band	color,	Band	material,	Water	Resistance,	Warranty,	Dial	color,	Dial	glass	material

Bag/Wallet Material,	Card	slots,	Pocket,	Dimension,	Color



Domain	Knowledge	Curation
• Constructing	a	distribution	of	attributes	and	their	values	for	each	of	
the	fashion	synsets,	from	the	structured	catalog	data

man>apparel>layer_3_upper_body>sweater>turtleneck,turtle neck
man>apparel>layer_3_upper_body>jacket>quilted	jacket
man>apparel>layer_2_lower_body>joggers,jogger
…
man>apparel>layer_1_lower_body>socks>dress	socks
man>footwear>shoes>casual	shoes>high	tops
man>footwear>shoes>casual	shoes>boots>harness	

woman>apparel>layer_2_upper_body>top>crop	top
woman>apparel>layer_2_upper_body>blouse>pullover	blouse
woman>apparel>layer_2_upper_body>woven	shirt>casual	shirt
…
woman>apparel>layer_2_whole_body>dress>wrapover dress
woman>footwear>flats>clog,clogs
woman>footwear>boots>tanker	boots,tanker boot

Crop	top:		
style:	casual:0.3,	90s:0.3,	stylish:0.3,	…
material:	Cotton:0.5,	silk:0.5

Tanker	boot:
sole	material:	Rubber:0.5,	Leather:0.5
upper	material:	Leather:0.5,	PU:0.5

Aviator	Spects:
frame	material:	Plastic:0.5,	Carbon:0.5
rim	type:	angular:0.5,	aviator:0.5,	funky:0.3



Domain	Knowledge	Curation

• From	the	unstructured	product	description	in	the catalog,	spotting	
and	extracting	style-tip	information	(e.g.	black	trousers	go	well	with	
white	shirt)	

Keep	your	look	lively	wearing	this	pink	coloured
top by	La	Zoire.	Fashioned	using	georgette,	this	
top will	keep	you	at	comfort	all	day	long.	Pair	this	
top	with	black	denims	to	get	endless	compliments. Pink	Top	&	Black	Denims

Pink	Shirt	&	Jeans
Pink	Shirt	&	Pumps
Pink	Shirt	&	Sunglasses
Pink	Shirt	&	Handbag



Domain	Knowledge	Curation
• Creating	fashion	profiles	for	celebrities	based	on	the	type	of	clothes	
and	accessories	worn	or	endorsed	by	them.	

• simulating	a	distribution	of	fashion	synsets that	each	of	these	celebrities	
endorse

• distribution	of	fashion	attributes	preferred	by	these	celebrities	for	each	of	the	
fashion	synsets.	

Celebrity#1	Fashion	Profile:		
Shoes:	

Material:	Vegan	Leather:0.3,	PU:0.3,	Plastic:0.3
Jacket:

Material:	Pseudo	Leather:	0.3,	Wool:0.3,	PU:0.3

Celebrity#2	Fashion	Profile:
Lehenga:	

Color:	Earthy:	0.3,	Dark:	0.3,	Pastel:	0.3…
Saree:

Print:	Monochrome:0.5,	Contrast	Dual:	0.5
Blouse:

Color:	Contrast:	0.5,	Shiny:	0.5
Sandal:

Color:	Silver:0.3,	Gold:	0.3
Material:	Glossy



Domain	Knowledge	Statistics

Statistics	of	the	Domain	Specific	Knowledge	Graph
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Details	of	Automata	States	

Details	of	Automata	States



Complexities	in	the	Dataset

Anecdotal	examples	of	different	aspects	of	complexity	in	the	MMD	Dataset



Dataset	Statistics

Multimodal	Dialog	Dataset	Statistics



Dataset	Quality	Survey

• Participants:	16	domain	experts
• Task:	Asked	to	evaluate	both	whether	the	text	portions	of	the	dialog	are	natural	sounding	and	
meaningful	and	whether	the	images	in	the	dialog	are	appropriate.	

• Rating:	1	– 5
• Types	of	Errors	Recorded:

• minorerrors	i.e.	conversational	mistakes	
• severe	error	being	logical	mistakes

Expert	Ratings	obtained	in	Qualitative	Survey



Proposed	Sub-Tasks	for	Multimodal	Dialog

• Text	Response:	Given	the	context,	generate	the	next	text	response.	

• Image	Response:	Given	the	context,	output	the	most	relevant	image(s).	
• Image	Retrieval:	Further	given	an	image	database,	retrieve	and	rank	n	images	based	on	their	relevance	
• Image	Generation:	Generate	an	image	most	relevant	to	the	context	

• Employing	Domain-knowledge:	Performing	the	above	tasks	using	both	the	unstructured	dialog	
context	along	with	the	structured	domain	knowledge.	

• Modeling	the	User:	Different	uses	have	different	shopping	behavior;	buying	preferences,	speed	of	
decision	making.

• Ideal	Multimodal	Conversation	System

• utilizing	the	context,	decide	the	modality	of	the	response,	i.e.,	text	or	an	image	
• generate	a	text/	image/multimodal	response	as	required
• rank	all	the	images	in	the	catalog	based	on	their	contextual	relevance



Model	Prediction	(Text	Task)









Model	Prediction	(Image	Task)









Example	Simulated	Dialogs




























