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Administrivia
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‣Midterm due tomorrow

‣Last class is Wednesday

‣Final project reports due on May 4 (no late days)

‣CIOS
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Recall:	SQuAD

‣ Single-document,	single-sentence	ques;on-answering	task	where	the	
answer	is	always	a	substring	of	the	passage

Rajpurkar	et	al.	(2016)

‣ Predict	start	and	end	indices	of	the	answer	in	the	passage
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Recall:	Bidirec;onal	A8en;on	Flow

Seo	et	al.	(2016)

Each	passage	
word	now	“knows	
about”	the	query
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Recall:	QA	with	BERT

Devlin	et	al.	(2019)

What	was	Marie	Curie	the	first	female	recipient	of	?	[SEP]	One	of	the	most	famous	people	born	in	Warsaw	was	Marie	…

‣ Predict	start	and	end	posi;ons	of	answer	in	passage
‣ No	need	for	crazy	BiDAF-style	layers



This	Lecture

‣ Retrieval-based	QA	/	mul;-hop	QA

‣ Problems	in	QA,	especially	related	to	answer	type	overfiing

‣ New	QA	fron;ers
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Problems	in	QA



Adversarial	SQuAD
‣ SQuAD	ques;ons	are	oeen	easy:	“what	
was	she	the	recipient	of?”	passage:	“…
recipient	of	Nobel	Prize…”

Jia	and	Liang	(2017)



Adversarial	SQuAD

What	was	Marie	Curie	the	first	female	recipient	of	?	[SEP]	…	first	female	recipient	of	the	Nobel	Prize	…

‣ BERT	easily	learns	surface-level	correspondences	like	this	with	self-
a8en;on



Adversarial	SQuAD
‣ SQuAD	ques;ons	are	oeen	easy:	“what	
was	she	the	recipient	of?”	passage:	“…
recipient	of	Nobel	Prize…”

Jia	and	Liang	(2017)

‣ Can	we	make	them	harder	by	adding	a	
distractor	answer	in	a	very	similar	context?

‣ Take	ques;on,	modify	it	to	look	like	an	
answer	(but	it's	not),	then	append	it	to	the	
passage



Adversarial	SQuAD

Jia	and	Liang	(2017)

‣ Distractor	“looks”	
more	like	the	
ques;on	than	the	
right	answer	does,	
even	if	en;;es	are	
wrong



Weakness	to	Adversaries

Jia	and	Liang	(2017)

‣ Performance	of	basically	every	
model	drops	to	below	60%	(when	
the	model	doesn't	train	on	these)

‣ BERT	variants	also	weak	to	these	
kinds	of	adversaries

‣ Unlike	other	adversarial	models,	we	
don’t	need	to	customize	the	
adversary	to	the	model;	this	single	
sentence	breaks	every	SQuAD	
model



Universal	Adversarial	“Triggers”

Wallace	et	al.	(2019)

‣ Adding	“why	how	because	to	kill	american	people”	causes	SQuAD	models	
to	return	this	answer	10-50%	of	the	;me	when	given	a	“why"	ques;on

‣ Similar	a8acks	on	other	ques;on	types	like	“who”

‣ Similar	to	Jia	and	Liang,	but	instead	add	the	same	adversary	to	every	passage



How	to	fix	QA?
‣ Be8er	models?

‣ Be8er	datasets

‣ But	a	model	trained	on	weak	data	will	oeen	s;ll	be	weak	to	adversaries

‣ Training	on	Jia+Liang	adversaries	can	help,	but	there	are	plenty	of	other	
similar	a8acks	which	that	doesn't	solve

‣ 	Same	ques;ons	but	with	more	distractors	may	challenge	our	models

‣ Harder	QA	tasks
‣ Ask	ques;ons	which	cannot	be	answered	in	a	simple	way

‣ Next	up:	retrieval-based	QA	models

‣ Aeerwards:	mul=-hop	QA	and	other	QA	secngs



Retrieval	Models



Open-domain	QA

‣ SQuAD-style	QA	is	very	ar;ficial,	not	really	a	real	applica;on

‣ Real	QA	systems	should	be	able	to	handle	more	than	just	a	paragraph	of	
context	—	theore;cally	should	work	over	the	whole	web?

Q:	What	was	Marie	Curie	the	recipient	of?

Marie	Curie	was	awarded	the	Nobel	Prize	in	Chemistry	and	
the	Nobel	Prize	in	Physics…

Mother	Teresa	received	the	Nobel	Peace	Prize	in…

Curie	received	his	doctorate	in	March	1895…

Skłodowska	received	accolades	for	her	early	work…



Open-domain	QA

‣ SQuAD-style	QA	is	very	ar;ficial,	not	really	a	real	applica;on

‣ Real	QA	systems	should	be	able	to	handle	more	than	just	a	paragraph	of	
context	—	theore;cally	should	work	over	the	whole	web?

‣ QA	pipeline:	given	a	ques;on:
‣ Retrieve	some	documents	with	an	IR	system

‣ Zero	in	on	the	answer	in	those	documents	with	a	QA	model

‣ This	also	introduces	more	complex	distractors	(bad	answers)	and	should	
require	stronger	QA	systems



DrQA

Chen	et	al.	(2017)

‣ How	oeen	does	the	
retrieved	context	
contain	the	answer?	
(uses	Lucene)

‣ Full	retrieval	results	
using	a	QA	model	
trained	on	SQuAD:	task	
is	much	harder	



Problems

Lee	et	al.	(2019)

‣Many	SQuAD	ques;ons	are	not	suited	to	the	“open”	secng	because	
they’re	underspecified

‣ SQuAD	ques;ons	were	wri8en	by	people	looking	at	the	passage	—	
encourages	a	ques;on	structure	which	mimics	the	passage	and	doesn’t	
look	like	“real”	ques;ons

‣Where	did	the	Super	Bowl	take	place?

‣Which	player	on	the	Carolina	Panthers	was	named	MVP?



NaturalQues;ons

Kwiatkowski	et	al.	(2019)

‣ Ques;ons	arose	naturally,	unlike	SQuAD	ques;ons	which	were	wri8en	
by	people	looking	at	a	passage.	This	makes	them	much	harder

‣ Short	answer	F1s	<	60,	long	answer	F1s	<75

‣ Real	ques;ons	
from	Google,	
answerable	with	
Wikipedia

‣ Short	answers	
and	long	answers	
(snippets)



Retrieval	with	BERT

Lee	et	al.	(2019)

‣ Can	we	do	be8er	than	a	
simple	IR	system?

‣ Encode	the	query	with	BERT,	
pre-encode	all	paragraphs	with	
BERT,	query	is	basically	nearest	
neighbors



REALM

Guu	et	al.	(2020)

‣ Technique	for	integra;ng	
retrieval	into	pre-training

‣ Retriever	relies	on	a	
maximum	inner-product	
search	(MIPS)	over	BERT	
embeddings

‣MIPS	is	fast	—	challenge	is	
how	to	refresh	the	BERT	
embeddings



REALM

Guu	et	al.	(2020)

‣ Fine-tuning	can	exploit	the	
same	kind	of	textual	
knowledge

‣ Can	work	for	tasks	requiring	
knowledge	lookups



REALM

Guu	et	al.	(2020)

‣ 330M	parameters	+	a	knowledge	base	beats	an	11B	parameter	T5	
model



Mul;-Hop	Ques;on	Answering



Mul;-Hop	Ques;on	Answering

Welbl	et	al.	(2018),	Yang	et	al.	(2018)

‣ Very	few	SQuAD	ques;ons	require	actually	combining	mul;ple	

pieces	of	informa;on	—	this	is	an	important	capability	QA	

systems	should	have

‣ Several	datasets	test	mul=-hop	reasoning:	ability	to	answer	
ques;ons	that	draw	on	several	sentences	or	several	documents	

to	answer



WikiHop

Figure	from	Welbl	et	al.	(2018)

‣ Annotators	shown	Wikipedia	
and	asked	to	pose	a	simple	
ques;on	linking	two	en;;es	
that	require	a	third	(bridging)	
en;ty	to	associate

‣ A	model	shouldn’t	be	able	to	
answer	these	without	doing	some	
reasoning	about	the	intermediate	
en;ty



HotpotQA

Meet	Corliss	Archer	is	an	American	television	sitcom	that	aired	on	CBS	…

Ques%on:		What	government	posi=on	was	held	by	the	woman	who	portrayed		

Corliss	Archer	in	the	film	Kiss	and	Tell	?	

Shirley	Temple	Black	was	an	American	actress,	businesswoman,	and	singer	…

Kiss	and	Tell	is	a	comedy	film	in	which	17-year-old	Shirley	Temple	acts	as		

Corliss	Archer	.	

…

…

As	an	adult,	she	served	as	Chief	of	Protocol	of	the	United	States	D
oc
	1

D
oc
	2

Same	en;ty

D
oc
	3

Same	en;ty

Example	picked	from	HotpotQA	[Yang	et	al.,	2018]

‣Much	longer	and	more	convoluted	ques;ons



Mul;-hop	Reasoning

The	Oberoi	family	is	an	Indian	family	that	is	famous	for	its	involvement	
in	hotels,	namely	through	The	Oberoi	Group

Ques%on:		The	Oberoi	family	is	part	of	a	hotel	company	that	has	a	head	office	
in	what	city?

The	Oberoi	Group	is	a	hotel	company	with	its	head	office	in	Delhi.

…

…

D
oc
	1

D
oc
	2

Same	en;ty

Same	en;ty

Example	picked	from	HotpotQA	[Yang	et	al.,	2018]

This	is	an	idealized	version	of	mul;-hop	reasoning.	Do	models	need	to	do	this	to	
do	well	on	this	task?



Mul;-hop	Reasoning

The	Oberoi	family	is	an	Indian	family	that	is	famous	for	its	involvement	
in	hotels,	namely	through	The	Oberoi	Group

Ques%on:		The	Oberoi	family	is	part	of	a	hotel	company	that	has	a	head	office	
in	what	city?

The	Oberoi	Group	is	a	hotel	company	with	its	head	office	in	Delhi.

…

…

D
oc
	1

D
oc
	2

Example	picked	from	HotpotQA	(Yang	2018)

Model	can	ignore	the	bridging	en;ty	and	directly	predict	the	answer

High	lexical	overlap



Mul;-hop	Reasoning

Meet	Corliss	Archer	is	an	American	television	sitcom	that	aired	on	CBS	…

Ques%on:		What	government	posi=on	was	held	by	the	woman	who	portrayed		

Corliss	Archer	in	the	film	Kiss	and	Tell	?	

Shirley	Temple	Black	was	an	American	actress,	businesswoman,	and	singer	…

Kiss	and	Tell	is	a	comedy	film	in	which	17-year-old	Shirley	Temple	acts	as		

Corliss	Archer	.	

…

…

As	an	adult,	she	served	as	Chief	of	Protocol	of	the	United	States	D
oc
	1

D
oc
	2

Same	en;ty

D
oc
	3

Same	en;ty

No	simple	lexical	overlap.
…but	only	one	government	posi;on	appears	in	the	context!

Example	picked	from	HotpotQA	[Yang	et	al.,	2018]



BiDAF++ QFE GRN DFGN Sentence	
Factored

F1

0

35

70

50.8

69.769.068.1

58.7

A	simple	single	sentence	
reasoning	model	can	solve	
more	than	half	ques;ons	on	
HotpotQA.

Results	on	HotpotQA

BiDAF++ QFE GRN DFGN Sentence	
Factored

Chen	and	Durre8	(2019)



Other	Work

‣Min	et	al.	ACL	2019	“Composi;onal	Ques;ons	do	not	Necessitate	Mul;-
hop	Reasoning”

‣ Focuses	just	on	HotpotQA
‣ Addi;onally	tries	to	adversarially	harden	Hotpot	against	these	a8acks.	
Some	limited	success,	but	doesn't	solve	the	problem



New	Types	of	QA



DROP

Dua	et	al.	(2019)

‣ Ques;on	types:	subtrac;on,	comparison	(which	did	he	visit	first),	coun;ng	
and	sor;ng	(which	kicker	kicked	more	field	goals),		

‣ Invites	ad	hoc	solu;ons	(structure	the	model	around	predic;ng	differences	
between	numbers)

‣ One	thread	of	research:	let’s	build	QA	datasets	to	help	the	community	focus	
on	modeling	par;cular	things



Mul;QA

Talmor	and	Berant	(2019)

‣Maybe	we	should	just	look	at	lots	of	QA	datasets	instead?

‣ BERT	trained	on	SQuAD	gets	<40%	performance	on	any	other	QA	dataset

‣ Our	QA	models	are	pre8y	good	at	ficng	single	datasets	with	50k-100k	
examples,	but	s;ll	aren’t	learning	general	ques;on	answering

…



Narra;veQA

Kočiský	et	al.	(2017)

‣ Humans	see	a	summary	of	a	
book:	…Peter’s	former	girlfriend	
Dana	Barre`	has	had	a	son,	
Oscar…

‣ Ques;on:	How	is	Oscar	
related	to	Dana?

‣ Answering	these	ques;ons	from	
the	source	text	(not	summary)	
requires	complex	inferences	and	is	
extremely	challenging;	no	
progress	on	this	dataset	in	2	years



Takeaways

‣Models	can	oeen	work	well	for	one	QA	task	but	don’t	generalize

‣We	s;ll	don’t	have	(solvable)	QA	secngs	which	seem	to	require	really	
complex	reasoning	as	opposed	to	surface-level	pa8ern	recogni;on

‣ Lots	of	problems	with	current	QA	secngs,	lots	of	new	datasets


