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* Academic profile
* PhD in Natural Language Processing (NLP) applied in Tehnology Enhanced Learning - 2013

* Generating feedback to learners engaged in multi-party computer supported collaborative conversations
* Research projects involving NLP, information extraction and machine learning

* Conversational agents, question-answering, natural language interfaces to databases, opinion mining,
information extraction from public data about companies and persons
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e Co-founded Roboself in 2019, a technological startup developing virtual personal assistants
* Innovation grant for startups - EU funded Open Data Incubator in Europe (Wholi)
* Two research projects in collaboration with companies (Bitdefender, Autonomous Systems)

* Community
e Co-founder of Bucharest Deep Learning meetup
» Co-organizer of Eastern European Machine Learning (EEML) summer school 2019
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Introduction to Question Answering (QA)

* QA is one of the most studied topics in Natural Language Processing and
Information Retrieval

e Several flavours
* Factoid /
* Closed /

Using other types of data
* VisualQA
* MovieQA

Multimodal QA
* E.g. RecipeQA

Knowledge-base QA
e E.g. QALD (QA over Linked Data)

Reading Comprehension vs QA? Reasoning Challenge?
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Factoid vs Non-factoid

who is the first man on the moon $ Q What was the role of Portugal in World War 11? § Q
All Images Videos Maps BN ¢ Mor Settings Tools . )
= Elimages B Wideo 9 Men e B2 e 2 Q al K mages @ Maps B News [ Videos  } More Settings  Tools

About 1,010,000,000 results (0.93 seconds)
About 237,000,000 results (0.79 seconds)

S5
Vs. View all
Commander Neil Armstrong _ _ _ _
) . ) . Portugal managed to remain neutral despite extraordinary pressures from both sides.

Commander Neil Armstrong and lunar module pilot Buzz Aldrin f°rm9d_ the American Both the Allies and the Axis sought to control the strategically located Azores islands
crew et landed therpollcsLimar Module Eggleion:Ju20, 1969, aF 2047 UIC. during World War Il. ... In August 1943, Portugal signed the Luso-British agreement,
Armstrong became the first person to step onto the lunar surface six hours and 39 hich | db in the Az to the British
minutes later on July 21 at 02:56 UTC; Aldrin joined him 19 minutes later. which leased bases In the Azores 1o the British.
en.wikipedia.org > wiki > Apollo_11 en.wikipedia.org > wiki > Portugal_during_World_War_|I
Apollo 11 - Wikipedia Portugal during World War Il - Wikipedia

© About Featured Snippets M Feedback @ About Featured Snippets B Feedhack
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Factoid vs Non-factoid

L L 4

Sample Questions and Answers in TREC QA Track Data

Query 201:

Question: What was the name of the first Russian astronaut to do a spacewalk?

Answer: Aleksei A. Leonov

Answer Document ID: LA072490-0034

Query 202:

Question: Where is Belize located?

Answer: Central America

Answer Document ID: FT934-14974

Query 203:

Question: How much folic acid should an expectant mother get daily?
Answer: 400 micrograms

Answer Document ID: LA061490-0026

vs.

Sample Questions and Answer Sentences with Labels in WebAP Data

Query 704:

Question: What are the goals and political views of the Green Party?

Answer:

(Perfect) The Green Party promotes an ecological vision which understands that all life on our planet is intercon-
nected; that cooperation is more essential to our well-being than competition; and that all people are connected to
and dependent upon one another and upon the natural systems of our world.

(Excellent) The need for fairness for people and local communities in developing economic opportunities, instead of
continually favoring big corporations and other concentrations of wealth and power; and a fair, equitable, progressive
tax system.

(Non{) Statements were supplied by the political parties and have not been checked for accuracy by any official
agency.

Query 847:

Question: What was the role of Portugal in World War I1?

Answer:

(Perfect) The Allies began this economic war with some advantages, most notably a centuries-old Anglo-Portuguese
alliance, coupled with close economic and trade relations (Britain was Portugal’s leading trade partner), as well as
Portugal’s dependence on U.S. petroleum, coal, and chemical supplies.

(Good) Portugal, Spain, Sweden, and Turkey all sold Nazi Germany resources critical to sustaining its wartime indus-
try.

(Fair) During WWII, Switzerland served as a curtain for other countries by creating multinational gold depository
for neutral and non-aligned national states — Sweden, Portugal, Spain and Turkey — to use in trading money with
the Axis.
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Stanford Question Answering Dataset

(SQUAD)

* Closed reading comprehension dataset

 Some questions are factoid
* Others are simple non-factoid

 Articles from Wikipedia

* Several crowdsourced questions and spans
from the article containing the answer

SQuAD 1.1 | SQuAD 2.0
Train
Total examples 87,599 130,319
Negative examples 0 43,498
Total articles 442 442
Articles with negatives 0 285
Development
Total examples 10,570 11,873
Negative examples 0 5,945
Total articles 48 35
Articles with negatives 0 35
Test
Total examples 9,533 8,862
Negative examples 0 4,332
Total articles 46 28
Articles with negatives 0 28

* SQUAD 2.0: added more complex questions,
added negative examples

* https://rajpurkar.github.io/SQuUAD-
explorer/

Article: Endangered Species Act

23th Mar 2021 The Evolution of Deep Learning Models for Question Answer

Paragraph: “ ... Other legislation followed, including
the Migratory Bird Conservation Act of 1929, a 1937
treaty prohibiting the hunting of right and gray whales,
and the Bald Eagle Protection Act of 1940. These later
laws had a low cost to society—the species were rela-
tively rare—and little opposition was raised.”

Question 1: “Which laws faced significant opposition?”
Plausible Answer: larer laws

Question 2: “What was the name of the 1937 treaty?”
 Plausible Answer: Bald Eagle Protection Act
ing



https://rajpurkar.github.io/SQuAD-explorer/

Stanford Question Answering Dataset

SQUAD

Rank Model EM Fl
Human Perfermance 86.831 89.452
Stanford University
{Rajpurkar & Jia et al. "18)
1 Retro-Reader on ALBERT {ensemble} 90.115 92,580
Jan 10, 2020 Shanghai Jioo Tong University
http: #arxiv.org/abs/2001.09694
2 ALBERT + DAAF +Verifier (ensemble) 20.002 $2.425 ) ) )
o 61 BiDAF + Self Attention + ELMa (single madel} 63372 66.251
Nov 05, 2017 PINGAN QOmni-Sinitic Aller [nstitute for Artificial Inteligence [modified
by Stonford]
3 ALBERT {ensemble model) 89.731 92.215
TR e Google Research & TTIC 62 BiDAF + Self Attention (single model) 56.332 62.305
S — . May 30, 2018 Allen Institute for Artificial Intelligence [modified
https: /arxiv.org/abs/1909.11942 by Stanford]
albert+transform-+verify (ensemble) 89.528 92.059 63 BiDAF-No-Answer (single madel) 59174 62.093
Jan 23, 2020 qianxin Uriversity of Washington {modified by Stanford]
63 Tree-LSTM + BiDAF + ELMa (single model) 57.707 62.341
ALBERT+Entailment DA (ensemble} 88.761 91.745 Carregie Mellon Urniversity
CloudWalk
Tuned ALBERT {ensemble model} 88.637 91.230
Feb 20, 2020 Group Dota & Analytics Cell | Aditya Birlg
Group)
https: #www.adityabirla.com/About/group-
data-and-analytics
6 Retro-Reader an ALBERT (single model) 88.107 91.419

Jan 1%, 2020 Shorighoi Jioo Tong University

httrn-
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HotpotQA

23th Mar 2021

More complex QA dataset
Factoid questions requiring multi-hops
Articles from Wikipedia
Two versions

* Open (all Wikipedia)

* Closed (added several distractors)
Two tasks

* Finding the correct answer
* Providing supporting facts

Questions split into easy/medium/hard
https://hotpotqa.github.io/

Paragraph A, Return to Olympus:

[1] Return to Olympus is the only album by the alterna-
tive rock band Malfunkshun. |2| It was released after
the band had broken up and after lead singer Andrew
Wood (later of Mother Love Bone) had died of a drug
overdose in 1990. |3] Stone Gossard, of Pearl Jam, had
compiled the songs and released the album on his label,
Loosegroove Records.

Paragraph B, Mother Love Bone:

|4] Mother Love Bone was an American rock band that
formed in Seattle, Washington in 1987. |5] The band
was active from 1987 to 1990. |6] Frontman Andrew
Wood's personality and compositions helped to catapult
the group to the top of the burgeoning late 1980s/early
1990s Seattle music scene. |7] Wood died only days be-
fore the scheduled release of the band’s debut album,
“Apple”, thus ending the group's hopes of success. 8]
The album was finally released a few months later.

Q: What was the former band of the member of Mother
Love Bone who died just before the release of “Apple”?

A: Malfunkshun

Supporting facts: 1.2, 4, 6,7

Name Desc. Usage # Examples
train-easy single-hop training 18,089
train-medium  multi-hop training 56,814
train-hard hard multi-hop  training 15,661
dev hard multi-hop  dev 7,405
test-distractor ~ hard multi-hop  test 7.405
test-fullwiki hard multi-hop  test 7.405
Total 112,779
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https://hotpotqa.github.io/

HotpotQA

Dec1, 2019

Oct18, 2019

Mow 19, 2019

Oct1, 2019

24

har 1, 2019

25

Mar 4, 2019

26

May 18, 2019

Model

HGN-large (single model)

ARCrmMous

C2F Reader (single model)
Joint Loboratory of HIT and IFLYTER Research

SAE-large (single model)
JO Al Research
Tu, Huang et al., A44AT 2020

HGN (single model)
Microsoft Dynamics 265 Al Research
Fang et al., 2019

TAP 2 {ensemble)

EPS + BERT(wwm) (single model)

Anorymous

DFGN + BERT (single model)

AnGHmous

BERT Flus (single model)
Cis Lob

KGNN (single model)
Tsinghuo University
{¥e et al, 2019}
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Code

Ans

EM

69.22

G798

66.92

66.07

G6.64

6575

55.17

55.84

50.81

82,18

81.24

79.62

79.36

79.82

75.05

65.48

69.76

6575

Sup

6276 8847

G60.81 8763

61.53 B86.86

60.33 8733

5721 B6.69

58.50 B86.26

49.85 8106

42.88 8074

3874 TBTS9

Joint

EM

4711

44 67

45.36

4357

41.21

42 .47

74.21

V273

71.45

71.03

70.65

70.48

3187 5B.23

2713 58.23

22.40 52.82

Model

1 GAT-ALBERT (single model)
Feb 11, 2020 Microsoft Dynamics 265 Al Research

Robustly Fine-tuned Graph-based

Recurrent Retriever (single model)

Mav 6, 2019 Salesforce Research & University of Washingtorn
{Asai et al., ICLR 2020}

HGN-large + SemanticRetrieval MRS IR
(single model)

Dec 1, 2019
Anorymous
HGN + SemanticRetrieval MRS IR
(single model)
Oct 7, 2019 Microsoft Dynamics 265 Al Research
Fang et al,, 2019

5 DR model (single model)
0 Ancrymous
19 GRN + BERT (single model)
Aroimous
20 Entity-centric IR (single model)
2 AnciymoLs

KGNN (single model)
Tsinghua University
{Ye et al, 2019}

21

hiay 19, 2019
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Ans Sup Joint
Code
EM F EM F EM F
@ 5874 741 b1.03 TLIY 3782 B62.26
@ 60.04 7286 49.08 7641 3535 6113
@ 5785 6993 51.01 76.82 3717 6074
@ 5671 6916 49.97 7638 35.63 59.86
@ 58.82 T1.68 4155 7254 2934 DHE.B2
@ 2887 33914 1316 4967 8.26 25.84
@ 3536 4626 0.06 4316 0.02 2547
@ 2765 37189 12.85 4715 T.03 2466
10



Al2 Reasoning Challenge (ARC)

* “Think you have Solved Question Answering?
Try ARC, the Al2 Reasoning Challenge”

* Grade-school science questions (authored for human tests)
* Multiple choice, most of them with 4 candidate answers
* Open QA, mixed factoid and non-factoid

e Largest public-domain set of this kind (7,787 questions)

* Challenge Set (2590 questions): questions answered incorrectly by an IR (Information
Retrieval) ranker and a word co-occurrence algorithm (PMl)

* Easy Set (5197 guestions): rest of them

Which property of a mineral can be determined just by
looking at it? (A) luster [correct] (B) mass (C) weight
(D) hardness

A student riding a bicycle observes that it moves
faster on a smooth road than on a rough road. This
happens because the smooth road has (A) less gravity
(B) more gravity (C) less friction [correct] (D) more
[friction

23th Mar 2021 The Evolution of Deep Learning Models for Question Answering



Al2 Reasoning Challenge (ARC

* ARCis a refinement of previous science
reasoning challenge datasets proposed
by Al2

* Challenge dataset requires various types
of reasoning

 Some of them are multi-hop

analogy qn logic
spatial ;
explanation
counterfactual linguistic
algebraic

multihop r

comparison

23th Mar 2021

Reasoning Type

Example

Question logic

Linguistic
Matching

Multihop
Reasoning

Comparison

Algebraic

Hypothetical /
Counterfactual

Explanation /
Meta-reasoning

Spatial / Kinematic

Analogy

Which item below is not made from a material grown in nature? (A) a cotton shirt (B) a
wooden chair (C) a plastic spoon (D) a grass basket

Which of the following best describes a mineral? (A) the main nutrient in all foods (B) a
type of grain found in cereals (C) a natural substance that makes up rocks (D) the decom-
posed plant matter found in soil

Which property of a mineral can be determined just by looking at it? (A) luster (B) mass
(C) weight (D) hardness

Compared to the Sun, a red star most likely has a greater (A) volume. (B) rate of rotation.
(C) surface temperature. (D) number of orbiting planets

If a heterozygous smooth pea plant (Ss) is crossed with a homozygous smooth pea plant
(58), which are the possible genotypes the offspring could have? (A) only S5 (B) only Ss
(C) Ss or S5 (D) ss or 88

If the Sun were larger, what would most likely also have to be true for Earth to sustain life?
(A) Earth would have to be further from the Sun. (B) Earth would have to be closer to the
Sun. (C) Earth would have to be smaller. (D) Earth would have to be larger.

Why can steam be used to cook food? (A) Steam does work on objects. (B) Steam is a
form of water. (C) Steam can transfer heat to cooler objects. (D) Steam is able to move
through small spaces.

Where will a sidewalk feel hottest on a warm, clear day? (A) Under a picnic table (B) In
direct sunlight (C) Under a puddle (D) In the shade

Inside cells, special molecules carry messages from the membrane to the nucleus. Which
body system uses a similar process? (A) endocrine system (B) lymphatic system (C) ex-
cretory system (D) integumentary system

The Evolution of Deep Learning Models for Question Answering 12




Strong Baselines for ARC

* Challenge dataset was very difficult to solve
not only by the co-occurrence baselines (IR,

PI\/II),. but also by state of the art deep — e B
learning models from 2018 Set ___Set
] . IR (dataset defn) (1.02)!  (74.48)!
* BiDAF and Decomposable Attention are deep PMI (dataset defn) 203! (77.82)

1 IR (using ARC Corpus) 20.26 62.55

learnlng ljno.dels . . . . Tuplucll:t&crcncc o 23.83 60.81

* TablelPL is simbolic using integer linear DecompAtn® 2434 5827

. . . . Guess-all (“random™) 25.02 25.02
programming, DGEM is a mix of deep learning and DGEM-OpeniE! 2641 745
statistical/rules (OpenlE) ?‘L’.’*{[‘p 3, Al

i ablell. 26.¢ 36.1°

* Most models with very good performance of Easy DGEM 2711 5897

"These solvers were used to define the dataset, affecting scores.
set have poqr r?S.UItS on Cha”enge set *Code available at https:/github.com/allenai/arc-solvers
* No models significantly better than random guess

baseline
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Two-Stage Inference Model

* Premise: Complex questions require models that should be able to
(partially) understand the context of the question and to perform
some kind of inference to determine the correct answer

* Two-stage model that combines an information retrieval (IR) engine
with several deep learning architectures (called solvers)

All organisms depend on the transfer of energy to survive. Which best shows the energy transfer
between animals in a shoreline ecosystem?

1. Fish -z Plants -== Birds
2. Plants - Birds -= Fish

3. Plants - Fish -= Birds

4. Fish -> Birds -= Plants

\ v

23th Mar 2021 The Evolution of Deep Learning Models for Question Answering 14



Two-Stage Inference Model — Stage 1

e Extract relevant contexts for each
(question, candidate answer) pair
using an IR engine

* Use Lucene for indexing and searching
English Wikipedia, science books
collected from CK-12, and ARC Corpus

Lo

0.8

0.5

0.2

* Term-based weighting for Lucene ool —
. . . i &F
using a semantic essentialness score <
CO m p Ute d by a Si m p I e N N t ra i n e d O n Fssentialness scores for the question “What happens at the boiling point of a substance?”

semantic and syntactic word features
(2.2k questions manually annotated
with term essentialness)
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Two-Stage Inference Model — Stage 1

* Term-based weighting for querying Lucene for support contexts

Semaniic/Syntactic

features FR——
' .

Dropout ] [ LSTM l [
} .

Dense ‘ [

}

owes ] |

}

Dense ‘ l
H“““-—__._ﬂ T

Concalenate

Dense

Dense (output, 60)
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Features 6-way accuracy
Is science term only 59.42%
Concreteness rating only 54.05%
POS only 59.40%
All above 60.50%
Is stop term 58.40%
Centrality measures (all 3) 60.80%
All above 62.50%
PMI + all above 63.40%
DEP + NER + all above 64.30%
LSTM only 65.21%
LSTM + all above 68.29%

The Evolution of Deep Learning Models for Question Answering




Two-Stage Inference Model — Stage 1

* Term-based weighting for querying Lucene for support contexts

* Using term boosting computed with the simple essentialness score
predictor increases the performance on the ARC Easy dataset

Table 5. QA system accuracy on ARC-Easy test dataset using term essentialness

Lucene backend | Without boosting With boosting Delta

English Wikipedia 43.50% 47.18% +3.68%
Science books 50.02% 53.91% +3.89%
ARC Corpus 53.06% 56.99% +3.93%

23th Mar 2021
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Two-Stage Inference Model — Stage 2

e Construct several (more complex)
based on additional information inferred from the contexts
e Called

e Several deep learning models fed with a
triplet and trained to predict the likelihood that the answer is correct
given the question and the current context

* Models pretrained on different NLP tasks and fine-tuned for multiple-
choice QA

with a simple voting NN that computes the final
score



Two-Stage Inference Model - Solvers

* First solver computes a more efficient semantic
similarity using word embeddings and RNNs

* Adapted the Bidirectional Attention Flow (BIDAF)
arcflﬂtecture proposed for SQUAD to process (Q, A, C)
triplets

* Pre-trained on SQUAD v1.1, after transforming it into a
dataset suitable for multiple-choice QA by generating
wrong candidate answers

* Second solver employs neural models for natural
language inference (NLI)

* Reframe (Q, A, C) triples as NLI: Transform the pair
(Q, A) into an affirmative sentence that forms the
hypothesis. The context from the IR engine will act as
the premise.

* BiDAF architecture to perform NLI by modifying the
output layer to a 3-way softmax layer: entailment,
neutral, or contradiction

* Pre-trained on three large NLI datasets: SNLI, MultiNLI,
and SciTail

1

Feed forward + dropouts |

T

bIiLSTM

I —

biLSTM

t

Question

BiDAF without the output layer ‘ Concatenate at each timesiamp
Context Char-CNMN GloVe
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Bidirectional Attention Flow (BiDAF

23th Mar 2021

Output Layer
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Figure 1: BiDirectional Attention Flow Model (best viewed in color)
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Two-Stage Inference Model - Results

* The

that obtained good performance for both

Challenge and Easy datasets

; 8t place for Challenge (but with no BERT and no symbolic)

* Possible improvements

* Using a better knowledge base to find candidate contexts
* Adding additional solvers (more powerful, e.g. BERT based)

23th Mar 2021

Model ARC Easy ARC Challenge
Individual solvers

Random choice 25.00% 25.00%
IR solver 61.10% 23.78%
QA-BiDAF (SQuAD) 26.80% 22.15%
NLI-BiDAF (MultiNLI) 32.18% 25.67%
Other models

TableILP 36.15% 26.97%
KG? N/A 31.70%
Decomposable Attention 58.2T% 24.34%
Two-stage model (ours) 61.10% 26.86%

The Evolution of Deep Learning Models for Question Answering
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Attentive Ranker (BERT)

Improve previous model

1. Introduce a self-attention based neural network, called Attentive
Ranker, that latently learns to rank documents (answering questions
by L2R) by their importance related to a given question, whilst
optimizing the objective of predicting the correct answer (L2R by
answering questions)

Adding several candidate contexts for each candidate answer
Use BERT to combine (Q, A) and all candidate contexts

23th Mar 2021 The Evolution of Deep Learning Models for Question Answering 22



Attentive Ranker: Answering Questions by L2R

* The Attentive Ranker latently learns to rank
supporting documents (contexts) for each
candidate answer at a semantic level

* Semantically rank the first N retrieved
documents vs. sort them by a lexical metric
(e.g. TF-IDF, BM25) => improves question
answering

* Computing if a document is relevant given a
(C}uestlon,. candidate answer) pair uses a set
of weak discriminators:

* Document Relevance Discriminator (DRD,
trained on modified SQUAD)

* Answer Verifier Discriminator (AVD, trained on
RACE)

* TF-IDF Discriminator

IR

Discriminators

AVD

Q&A - - Do - = -
: Index — ]

(QADoc) ®
SCOoras =

AVD

T, T,
] L]

F‘Et.?-_m:::!]

O [SEP] A[SEF] Doc |
" >
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Attentive Ranker: L2R by Answering Questions

 The Attentive Ranker is trained to
predict the correct answer to a

LAl - o Al

guestion, given a set of top documents - S _ -
supporting each candidate answer, in a | el f
bootstrapping fashion AL |
* In the forward pass, the model first
computes the document importance -
scores, which are further used to predict ~ . ~.
the correct answer. Armiamen|
* During backpropagation, the ranking |
parameters are also optimized, latently | R il
Improving the L2R quality. \o| Aaanihe T T
* In the next iteration, a better L2R | Mt
performance leads to more accurate
guestion answering. | ik
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Attentive Ranker — Results

* The proposed model achieved 1°' place for both Easy and Challenge datasets, at
the moment it was proposed

* Later, it was surpassed by BERT pretrained on larger datasets related to science
texts
* And by more powerful transformers, e.g. ALBERT

* Replacing TF-IDF/doc2vec sorted documents with our Attentive Ranker highly
improves the accuracy of various downstream decision models (e.g. BERT%

Model Easy Acc. (%)  Challenge Acc. (%)

Random guess 25.00 25.00 Ranking 1 docs 410 docs
R Solver 62.55 2500 TFIDF 3193%  37.08%
Rvm_'}mg .Stl‘ii:f(‘glt‘:.«' ?S'm_} 1252 doc2vec 33.90% 37.85%
ARC BERT (ours) 51.67 40.00 Ours 7 51%  40.00%
Microsoft ARC BERT N/A 1462 8 : -
Attentive Ranker (ours) 72.30 44.7:

23th Mar 2021 The Evolution of Deep Learning Models for Question Answering
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Attentive Ranker — Results

 Combining several weak discriminators improves accuracy

Dataset TFD +DRD | +AVD
ARC Easy 63.89% | 67.48% | 72.30%
ARC Challenge | 26.70% | 34.16% | 44.72%

e Using multiple candidate documents is better (~20 for Easy, ~50 for Challenge)

#documents vs ace #documents vs acc

734

72

71 A

Accuracy

=23
W
E
0 A 3
2
53

63

67 4 40

T T T T T T T T T T T T T
a 10 20 30 40 50 B0 o 10 20 Nt} 0 50 ]
Mum. documents Mum. documents
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Attentive Ranker (Multi)

 Add more powerful transformer-based discriminators

 XLNet, RoBERTa, ALBERT
* Their decisions are correlated, but only moderately

ALBERT BERT ROBERTa XLNet ALBERT BERT RoBERTa KLNet
L i n "

100
ALBERT 0.722 0.675 ALBERT
0.95
0.90
BERT 0523 BERT { 0.661
0.85
- 0.80
RoOBERTa RoBERTa 1
F0.75
XLNet + 0.675 0.523 000 XLNet 4 L 0.70

Cohen’s Kappa Coefficient: DRD (left}, AVD (right}
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Attentive Ranker (Multi)

Model ARC Easy Test Accuracy ARC Challenge Test
Accuracy
Without any discriminators 64.01% 25.00%
BERT-based only 72.18% 44 71%
XLNet-based only 74.84% 54.42%
RoBERTa-based only 8046% 56.73%
ALBERT-based only 82.87% 62.57%
All 84.69% 64.54%

Model ARC Easy Test Accuracy | ARC Challenge Test
Accuracy

Without any discriminators 64.01% 25.00%

DRD only (4 values) 70.14% 26.00%

AVD only (4 values) 82.79% 61.45%

All 84 .69% 64.54%
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Attentive Ranker (Multi)

Q: Ahuman CANNOT survive the loss of which of the following?
A} The appendix

B) The liver
C}) Alung
D} AKkidney

Q: Which of the following best describes the mass of a solid block of ice?
Correct Answer: "B"

Predicted Answer: "B" A} The amount of matter in the block

B} The amount of space the block takes up
C} The force of gravity acting on the block
D} The distance between the molecules in the block

Cormrect Answer: "A"

Predicted Answer- "B" Q: Which characteristic of a cheetah is more likely to be leamed rather than inherited?

A} Speed

B} A spotted coat

C} Hunting strategies

D} Claws that do not retract

Comrect Answer: "C"
Predicted Answer: "A"
23th Mar 2021
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Attentive Ranker (Multi

ARC Easy examples where the Attentive Ranker model is correct

Question: "Which technology was developed most recently?"
Choice A: "cellular telephone" /

Choice B: "television"

Choice C: "refrigerator”

Choice D: "airplane"

Correct Answer: "A"

Question: "An anemometer is a tool that measures"
Choice A: "wind direction."

Choice B: "wind speed."” /

Choice C: "air pressure.”

Choice D: "air temperature.”

Correct Answer: "B"

ARC Challenge examples where the Attentive Ranker model is correct

23th Mar 2021

Question: "A human CANNOT survive the loss of which of the following?"
Choice A: "The appendix"

Choice B: "The liver" /

Choice C: "Alung"

Choice D: "A kidney"

Correct Answer: "B"

Question: "What part of the digestive system first causes chemical changes to food?"
Choice A: "teeth in the mouth"

Choice B: "saliva in the mouth" /

Choice C: "enzymes in the stomach"

Choice D: "enzymes in the small intestine"

Correct Answer: "B"

The Evolution of Deep Learning Models for Question Answering
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QA Going Further

* https://leaderboard.allenai.org/arc/submissions/public

23th Mar 2021

_EE Leaderboard

Rank 4

000000000

Submission

UnifiedQA + ARC MC/DA + IR
Aristo team at Allen Institut...

UnifiedQA - v2 (T5-11B)
Daniel Khashabi

ZeroQA
Pirfoaca George Sebastian fio...

UnifiedQA (T5-11B; finetuned)...

Daniel Khashabi, from A2

AMR-5G + AristoRoBERTaV?
anonymous

FreeLB-RoBERTa (single model)
Microsoft Dynamics 365 Al Res...

arcRoberta, erenup
arcRoberta

xInet + roberta (ensemble)
erenup: hitps./fgithub.com/er...

ARCCorpusRoBERTa
Evelyn

AristoRoBERTaV7
Aristo team at Allen Institut..

Created

01/20/2021

10/30/2020

06/29/2020

04/24/2020

01/24/2021

09/27/2019

10/31/2019

08/30/2019

12/08/2019

08/18/2019

The Evolution of Deep Learning Models for Question Answering

Accuracy

0.8140

0.8114

0.7858

0.7850

0.6894

0.6775

0.6715

0.6706

0.6689

0.6647
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QA Going Further

23th Mar 2021

Ebhe New Hork Eimes

A Breakthrough for AL
'Technology: Passing an
8th-Grade Science Test

By Cade Metz

Sept. 4, 2018 f v - m

SAN FRANCISCO — Four years ago, more than 700 computer
scientists competed in a contest to build artificial intelligence that
could pass an eighth-grade science test. There was $80,000 in prize
money on the line.

They all flunked. Even the most sophisticated system couldn’t do
better than 60 percent on the test. A.L couldn’t mateh the language
and logic sKills that students are expected to have when they enter
high school.

But on Wednesday, the Allen Institute for Artificial Intelligence, a
prominent lab in Seattle, unveiled a new system that passed the
test with room to spare. It correctly answered more than 90
percent of the questions on an eighth-grade seience test and more
than 80 percent on a 12th-grade exam.

The Evolution of Deep Learning Models for Question Answering
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QA Going Further

e E.g. science; maybe simpler, but not very easy

* Adding more QA pairs in the dataset?
e Difficult, takes time and human annotators
* Humans are able to learn without looking at any QA pairs, only by reading texts

* This seems to be the current next technological advancement for NLP

* E.g. FreelB - https://arxiv.org/abs/1909.11764 (improves results on several applied
ycl)_zP(;casks, e.g. QA, NLI, semantic similarity); accepted with maximum scores ar ICLR

* Previously, FreeAT obtained very good results for other QA tasks
* Integrate knowledge graphs, common-sense knowledge
* New ideas??? ©
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QA Going Further

TEChQA Leaderboard Paper My Submissicns Dataset FAQ ContactUs Login/Register

IBM Technical Support QA Leaderboard

What is TechQA? | eaderboard

Welcome to IBM TechQA, a domain-adaptation question Rank Madel F1 HAF1 @ HA_F1@5 BEST F1
answering leaderboard for the technical support domain. ] CAAMA

Oct 29,2019 IBM Research Al 2298 2536 A8 S0
The TechQA leaderboard highlights two real-world issues 2 AP 01
from the automated customer support domain. First, it Oct 21,2019 B Reséarch Al 50.55 9.07 987 50.59
contains actual questions posed by users on a technical Rank Model i HALF1 @1 HA_F1@5 BEST_F-
forum. Second, it has a real-world size 600 training, 310
dev, and 400 test question/answer pairs. Showing 1 to 2 of 2 entries

The TechQA dataset purpose is to stimulate research in
domain adaptation rather than as a resource to build QA
systems from scratch.

Resources

The techQA dataset consists of a collection of 8ook
technical documents, called Technotes, that address
specific technical questions, and of annotated questions
with answers in the collection.

Questions are divided into a training set, containing 450
answerable and 150 non-answerable questions, and a
development set, containing 160 answerable and 150
unanswerable questions.
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QA Going Further: ZeroQA

* |dea: Only use similar QA datasets to solve ARC as a zero-shot task

e Unpublished work (yet)

Questions from muitiple datasets ARC questions
25 a5
® RACE ® ARC
CosmosQA
S CSOA e 4,
» DROP /4
¢ OBQA 3
15 15 4 N
-
"2
,,,,, >3
10 | 10 1 .
5 Z“: >
5 A :
0 0
5 -5
-10 , ~10-
-15 T — T T T -15 T T + T T T T
-15 -10 0 10 15 20 25 -15 -10 -5 0 5 10 15 20 25
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QA Going Further: ZeroQA

* No training needed on specific questions from ARC dataset, just combine
predictions (using models similar to Attentive Reader trained on similar QA
datasets)

Stage 1 - Accumnulating knowledge

Model 1 Trained model 1
) Dataset 1 Dataset 3
Model 2 train on _ results in Trained model 2
Dataset 2 Dataset N
Madel M Trained model MxN

Stage 2 - Transfer Learning {Domain Adaptation)

Trained modal 1

combine
prediston | Downsteam predictions
i dataset

Trained model 2

Final prediction

Trained model MxM

Frozen weights
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QA Going Further: ZeroQA

* No large language models are trained on the ARC dataset

* Only models trained the other QA datasets

* ARC dataset is used to train the combiner
* Implements the Attentive Ranker arhitecture

23th Mar 2021

Evaluation on the ARC dataset (link to leaderboards: Easy, Challenge). Models are sorted
by the ARC Challenge test accuracies. UnifiedQA was the previous SOTA on both datasets.

Here, ZERO T5 includes both the TS 11B and the ALBERT XXLarge predictions.

Model Easy Dev Easy Test Challenge Dev Challenge Test
Reading Strategies [59] N/A 68.90% N/A 42.32%
AristoBERTvV7 N/A 79.29% N/A 57.76%
Attentive Ranker [62] 82.89% 84.82% 65.76% 64.54%
ZeroQA ALBERT (ours) 88.36% 86.77% 73.56% 65.92%
FreelB-RoBERTa [93] 84.91% 85.44% 70.23% 67.75%
UnifiedQA [60] N/A 92.05% N/A 78.50%
ZeroQA TS (ours) 92.59% 92.64% 77.29% 78.71%
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Conclusions

Question Answering comes in various flavors

Deep learning models for text representation (esp. RNNs, transformers) have improved results for
all datasets / tasks

Achieving human-level performance is still far for most tasks
* For some simpler datasets (e.g. SQUAD), there is a claim of surpassing human performance

* For more complex datasets (e.g. ARC, MultihopQA) that require (some) reasoning, top solutions are still (far)
below human performance

* For small datasets, performance is quite poor

Open QA is also particulary hard because we still rely on an IR engine to get supporting
documents (candidate contexts)

* Improve this component by adding new terms to the question (maybe use Reinforcement learning for this?)
Interesting results from adversarial training for NLP

More on QA progress: http://nlpprogress.com/english/question answering.html
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Thank youl!
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traian.rebedea@cs.pub.ro
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