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Lecture plan
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1. What is question answering? (10 mins)


2. Reading comprehension (50 mins)

✓  How to answer questions over a single passage of text


3. Open-domain (textual) question answering (20 mins)

✓   How to answer questions over a large collection of documents

Your default final project!



1. What is question answering?
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Answer (A)Question (Q)

The goal of question answering is to build systems that automatically 
answer questions posed by humans in a natural language

The earliest QA systems 
dated back to 1960s!

(Simmons et al., 1964)



Question answering: a taxonomy
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Answer (A)Question (Q)

• What information source does a system build on?


• A text passage, all Web documents, knowledge bases, tables, images..


• Question type


• Factoid vs non-factoid, open-domain vs closed-domain, simple vs compositional, ..


• Answer type


• A short segment of text, a paragraph, a list, yes/no, …



Lots of practical applications
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Lots of practical applications
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Lots of practical applications
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IBM Watson beated Jeopardy champions
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IBM Watson beated Jeopardy champions
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Image credit: J & M, edition 3

(1) Question processing, (2) Candidate answer generation, (3) Candidate answer scoring, and 
(4) Confidence merging and ranking.



Question answering in deep learning era
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Almost all the state-of-the-art question answering systems are built on top of end-
to-end training and pre-trained language models (e.g., BERT)!

Image credit: (Lee et al., 2019)



Beyond textual QA problems

Today, we will mostly focus on how to answer questions based on unstructured text.
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Knowledge based QA

Image credit: Percy Liang
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Visual QA

(Antol et al., 2015): Visual Question Answering

Today, we will mostly focus on how to answer questions based on unstructured text.

Beyond textual QA problems



Reading comprehension = comprehend a passage of text and answer questions 
about its content  (P, Q)  A ⟶
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Tesla was the fourth of five children. He had an older brother 
named Dane and three sisters, Milka, Angelina and Marica. 
Dane was killed in a horse-riding accident when Nikola was 
five. In 1861, Tesla attended the "Lower" or "Primary" School 
in Smiljan where he studied German, arithmetic, and 
religion. In 1862, the Tesla family moved to Gospić, Austrian 
Empire, where Tesla's father worked as a pastor. Nikola 
completed "Lower" or "Primary" School, followed by the 
"Lower Real Gymnasium" or "Normal School."

Q: What language did Tesla study while in school?

A: German

2. Reading comprehension



2. Reading comprehension
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Kannada language is the official language of Karnataka and 
spoken as a native language by about 66.54% of the people 
as of 2011. Other linguistic minorities in the state were Urdu 
(10.83%), Telugu language (5.84%), Tamil language 
(3.45%), Marathi language (3.38%), Hindi (3.3%), Tulu 
language (2.61%), Konkani language (1.29%), Malayalam 
(1.27%) and Kodava Takk (0.18%). In 2007 the state had a 
birth rate of 2.2%, a death rate of 0.7%, an infant mortality 
rate of 5.5% and a maternal mortality rate of 0.2%. The total 
fertility rate was 2.2.

Q: Which linguistic minority is larger, Hindi or Malayalam?

Reading comprehension: building systems to comprehend a passage of text and 
answer questions about its content  (P, Q)  A ⟶

A: Hindi



Why do we care about this problem?
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• Useful for many practical applications
• Reading comprehension is an important testbed for evaluating how well computer systems 

understand human language


• Wendy Lehnert 1977: “Since questions can be devised to query any aspect of text 
comprehension, the ability to answer questions is the strongest possible demonstration of 
understanding.”

• Many other NLP tasks can be reduced to a reading comprehension problem:

Information extraction  
(Barack Obama, educated_at, ?)

Passage: Obama was born in Honolulu, Hawaii. 
After graduating from Columbia University in 1983, 
he worked as a community organizer in Chicago.

Question: Where did Barack Obama graduate from?

(Levy et al., 2017)

Semantic role labeling

(He et al., 2015)



Stanford question answering dataset (SQuAD)

• 100k annotated (passage, question, answer) triples
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Large-scale supervised datasets are also a key ingredient for 
training effective neural models for reading comprehension!

This is a limitation— not all the questions can be 
answered in this way!

• Passages are selected from English Wikipedia, usually 100~150 words.

• Questions are crowd-sourced.

• Each answer is a short segment of text (or span) in the passage.

• SQuAD still remains the most popular reading 
comprehension dataset; it is “almost solved” today and the 
state-of-the-art exceeds the estimated human performance.

(Rajpurkar et al., 2016): SQuAD: 100,000+ Questions for Machine Comprehension 



Stanford question answering dataset (SQuAD)

• Evaluation: exact match (0 or 1) and F1 (partial credit).


• For development and testing sets, 3 gold answers are collected, because there could be 
multiple plausible answers.


• We compare the predicted answer to each gold answer (a, an, the, punctuations are 
removed) and take max scores. Finally, we take the average of all the examples for both 
exact match and F1.


• Estimated human performance: EM = 82.3, F1 = 91.2
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Q: What did Tesla do in December 1878?

A: {left Graz, left Graz, left Graz and severed all relations with his family}

Prediction: {left Graz and served}

Exact match: max{0, 0, 0}  = 0

F1: max{0.67, 0.67, 0.61}  = 0.67



Neural models for reading comprehension

• A family of LSTM-based models with attention (2016-2018)
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• Fine-tuning BERT-like models for reading comprehension (2019+)

Attentive Reader (Hermann et al., 2015), Stanford Attentive Reader (Chen et al., 2016), Match-
LSTM (Wang et al., 2017), BiDFA (Seo et al., 2017), Dynamic coattention network (Xiong et 
al., 2017), DrQA (Chen et al., 2017),  R-Net (Wang et al., 2017), ReasoNet (Shen et al., 2017)..

N~100, M ~15
answer is a span in the passage

• Problem formulation


• Input:  , , 


• Output:  start   end  

C = (c1, c2, …, cN) Q = (q1, q2, …, qM) ci, qi ∈ V
1 ≤ ≤ ≤ N

How can we build a model to solve SQuAD?
(We are going to use passage, paragraph and context, as well as question and query interchangeably)



LSTM-based vs BERT models
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Image credit: (Seo et al, 2017) Image credit: J & M, edition 3



Recap: seq2seq model with attention
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• Instead of source and target sentences, 
we also have two sequences: passage and 
question (lengths are imbalanced) 

• We need to model which words in the 
passage are most relevant to the 
question (and which question words)
Attention is the key ingredient here, similar to which 
words in the source sentence are most relevant to 
the current target word…

• We don’t need an autoregressive decoder to 
generate the target sentence word-by-word. 
Instead, we just need to train two classifiers to 
predict the start and end positions of the answer!



BiDAF: the Bidirectional Attention Flow model
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(Seo et al., 2017): Bidirectional Attention Flow for Machine Comprehension




BiDAF: Encoding
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• Then, use two bidirectional LSTMs separately to produce contextual embeddings for 
both context and query. 

<latexit sha1_base64="efSazN90UgRgfhZV7HhCCHj4f0I="></latexit>�!c i = LSTM(�!c i�1, e(ci)) 2 RH

<latexit sha1_base64="FLBFRfms8zVfCj88YWFsZg+Sw0M="></latexit> �c i = LSTM( �c i+1, e(ci)) 2 RH
<latexit sha1_base64="hTNU1mSPrJP0xKj7KFHRK047I7I="></latexit> �q i = LSTM( �q i+1, e(qi)) 2 RH

<latexit sha1_base64="LXJlOT4UEQod1cvhrjy72DlhZrE="></latexit>�!q i = LSTM(�!q i�1, e(qi)) 2 RH

<latexit sha1_base64="SEPDflPcFjcooCs43v4ID+V2MMM="></latexit>

ci = [�!c i;
 �c i] 2 R2H

<latexit sha1_base64="F54xIiIIjUhDgq+/e7N+pH1hqHQ="></latexit>

qi = [�!q i;
 �q i] 2 R2H

• Use a concatenation of word embedding (GloVe) and character embedding 
(CNNs over character embeddings) for each word in context and query.

f: high-way networks omitted here

<latexit sha1_base64="4PVh6O3jLv1261Lgfb64cJgVlUM=">AAACIXicbVDLSgMxFM3UV62vUZdugqXQbsqMiBZEKIrosoJ9QDuUTHqnDc08SDJCGforbvwVNy4U6U78GTNtBW09EDick8s997gRZ1JZ1qeRWVldW9/Ibua2tnd298z9g4YMY0GhTkMeipZLJHAWQF0xxaEVCSC+y6HpDq9Tv/kIQrIweFCjCByf9APmMUqUlrpmBYq0y0r4EnvFdscnaiD85JaHDRhPjQv8I9IBETe+O5OdUtfMW2VrCrxM7DnJozlqXXPS6YU09iFQlBMp27YVKSchQjHKYZzrxBIiQoekD21NA+KDdJLphWNc0EoPe6HQL1B4qv6eSIgv5Uinw4U0rlz0UvE/rx0rr+IkLIhiBQGdLfJijlWI07pwjwmgio80IVQwnRWnRRCqdKk5XYK9ePIyaZyU7bOydX+ar17N68iiI3SMishG56iK7lAN1RFFT+gFvaF349l4NT6MyexrxpjPHKI/ML6+AR6kokk=</latexit>

e(ci) = f([GloVe(ci); charEmb(ci)])
<latexit sha1_base64="D2aKreMfig7rQIbB4n680TMIzDo=">AAACIXicbVDLSgMxFM34rPU16tJNsBTaTZkR0YIIRRFdVrAPaIeSSe+0oZmHSUYoQ3/Fjb/ixoUi3Yk/Y6atoK0HAodzcrnnHjfiTCrL+jSWlldW19YzG9nNre2dXXNvvy7DWFCo0ZCHoukSCZwFUFNMcWhGAojvcmi4g6vUbzyCkCwM7tUwAscnvYB5jBKlpY5ZhsJDhxXxBfYKrbZPVF/4yQ0P6zCaGOf4R6R9Iq59dyo7xY6Zs0rWBHiR2DOSQzNUO+a43Q1p7EOgKCdStmwrUk5ChGKUwyjbjiVEhA5ID1qaBsQH6SSTC0c4r5Uu9kKhX6DwRP09kRBfyqFOh/NpXDnvpeJ/XitWXtlJWBDFCgI6XeTFHKsQp3XhLhNAFR9qQqhgOitOiyBU6VKzugR7/uRFUj8u2acl6+4kV7mc1ZFBh+gIFZCNzlAF3aIqqiGKntALekPvxrPxanwY4+nXJWM2c4D+wPj6BmMAonM=</latexit>

e(qi) = f([GloVe(qi); charEmb(qi)])



BiDAF: Attention
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(Slides adapted from Minjoon Seo)

• Context-to-query attention: For each context word, choose the most relevant words 
from the query words.



BiDAF: Attention
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(Slides adapted from Minjoon Seo)

• Query-to-context attention: choose the context words that are most relevant to 
one of query words.



BiDAF: Attention

25

• First, compute a similarity score for every pair of             : 
<latexit sha1_base64="MmYvTVUqltPKToRJV8CuLdVKf98=">AAACBXicbVDLSsNAFL3xWesr6lIXg0WoICURUZdFNy4r2Ae0IUymk3bs5OHMRCghGzf+ihsXirj1H9z5N07aCtp6YODMOfdy7z1ezJlUlvVlzM0vLC4tF1aKq2vrG5vm1nZDRokgtE4iHomWhyXlLKR1xRSnrVhQHHicNr3BZe4376mQLApv1DCmToB7IfMZwUpLrrlX7gRY9T0/JZnLjtDP7y5zbw9ds2RVrBHQLLEnpAQT1Fzzs9ONSBLQUBGOpWzbVqycFAvFCKdZsZNIGmMywD3a1jTEAZVOOroiQwda6SI/EvqFCo3U3x0pDqQcBp6uzJeU014u/ue1E+WfOykL40TRkIwH+QlHKkJ5JKjLBCWKDzXBRDC9KyJ9LDBROriiDsGePnmWNI4r9mnFuj4pVS8mcRRgF/ahDDacQRWuoAZ1IPAAT/ACr8aj8Wy8Ge/j0jlj0rMDf2B8fAMfq5hW</latexit>

(ci,qj)
<latexit sha1_base64="TeBKii0Giip9S6p6S0E6l+TbZck=">AAACFHicbVDLSgNBEJz1GeMr6tHLYBAEIeyKRI9BLzlGMQ/IxjA7mTVDZmeXmV41DPsRXvwVLx4U8erBm3/j5HFQY0FDUdVNd1eQCK7Bdb+cufmFxaXl3Ep+dW19Y7Owtd3Qcaooq9NYxKoVEM0El6wOHARrJYqRKBCsGQzOR37zlinNY3kFw4R1InIjecgpASt1C4d+RKAfhOYu6xof2D0YzaMswz6XeOIF5jK7NuVq1i0U3ZI7Bp4l3pQU0RS1buHT78U0jZgEKojWbc9NoGOIAk4Fy/J+qllC6IDcsLalkkRMd8z4qQzvW6WHw1jZkoDH6s8JQyKth1FgO0dn6r/eSPzPa6cQnnYMl0kKTNLJojAVGGI8Sgj3uGIUxNASQhW3t2LaJ4pQsDnmbQje35dnSeOo5JVL7sVxsXI2jSOHdtEeOkAeOkEVVEU1VEcUPaAn9IJenUfn2Xlz3ietc850Zgf9gvPxDXZon68=</latexit>

wsim 2 R6H<latexit sha1_base64="5qXjNgBEH536go4DHUJyCK1DrjM="></latexit>

Si,j = w|
sim[ci;qj ; ci � qj ] 2 R

• Query-to-context attention (which context words are relevant to some question words):

<latexit sha1_base64="cCbs5fR+oX8jmrzayaesncogDdo="></latexit>

�i = softmaxi(maxMj=1(Si,j)) 2 RN

<latexit sha1_base64="LJ4sG0E7B4hz+05FmbZDdp2Jqz8="></latexit>

b =
NX

i=1

�ici 2 R2H

• Context-to-query attention (which question words are more relevant to ):ci
<latexit sha1_base64="Kac644myYW1t/UAzxkrGSiZVtQU="></latexit>

↵i,: = softmax(Si,:) 2 RM ,ai =
MX

j=1

↵i,jqj 2 R2H
<latexit sha1_base64="FnvPxr2PcsywvL9BNWG+BD8w60E="></latexit>

↵i,j = softmaxj(Si,j) 2 RM

The final output is  
<latexit sha1_base64="NMT2jT4EgNr00+a/Mv0DGTfypfE="></latexit>

gi = [ci;ai; ci � ai; ci � b] 2 R8H



BiDAF: Modeling and output layers
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Modeling layer: pass  to another two layers of bi-directional LSTMs.


• Attention layer is modeling interactions between query and context


• Modeling layer is modeling interactions within context words

gi

<latexit sha1_base64="4ZcDowDMHAjDhC636VLCJe9Jjsg="></latexit>

mi = BiLSTM(gi) 2 R2H

Output layer: two classifiers predicting the start and end positions:
<latexit sha1_base64="vALL+mlhhkIQTpmPBf0lxCaetiI="></latexit>

pstart = softmax(w|
start[gi;mi])

<latexit sha1_base64="pjDLhc1r2Y5yH+Aohlq3u6LMjtw="></latexit>

m0
i
= BiLSTM(mi) 2 R2H

<latexit sha1_base64="Z4vqM6A+fn41qoqf4Ak0efYK7O4="></latexit>

wstart,wend 2 R10H

<latexit sha1_base64="TTOj7/SZdY3tWln4w/kTknkQVYU="></latexit>

pend = softmax(w|
end[gi;m

0
i])

The final training loss is  
<latexit sha1_base64="PLlH7Es6LHmMUauviD3r3rkCZvU="></latexit>

L = � log pstart(s
⇤)� log pend(e

⇤)



BiDAF: Performance on SQuAD

This model achieved 77.3 F1 on SQuAD v1.1.


• Without context-to-query attention  67.7 F1


• Without query-to-context attention  73.7 F1


• Without character embeddings  75.4 F1

⟹
⟹

⟹

27
(Seo et al., 2017): Bidirectional Attention Flow for Machine Comprehension
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Attention visualization



BERT for reading comprehension

29

• BERT is a deep bidirectional Transformer encoder pre-trained on large amounts of text 
(Wikipedia + BooksCorpus)


• BERT is pre-trained on two training objectives:


• Masked language model (MLM)


• Next sentence prediction (NSP)


• BERTbase has 12 layers and 110M parameters, BERTlarge has 24 layers and 330M parameters



BERT for reading comprehension
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Question = Segment A

Passage = Segment B

Answer = predicting two endpoints in segment B

Image credit: https://mccormickml.com/

<latexit sha1_base64="PLlH7Es6LHmMUauviD3r3rkCZvU="></latexit>

L = � log pstart(s
⇤)� log pend(e

⇤)
<latexit sha1_base64="YsCNERiClndrdpBQGkLrxwRKxps="></latexit>

pstart(i) = softmaxi(w
|
starthi)

<latexit sha1_base64="enZ9OngQ2aM+cxt9qAACFinWHAM="></latexit>

pend(i) = softmaxi(w
|
endhi)

where  is the hidden vector of , returned by BERThi ci



BERT for reading comprehension
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<latexit sha1_base64="PLlH7Es6LHmMUauviD3r3rkCZvU="></latexit>

L = � log pstart(s
⇤)� log pend(e

⇤)

• All the BERT parameters (e.g., 110M) as well as the 
newly introduced parameters                    (e.g., 768 
x 2 = 1536) are optimized together for    . 

<latexit sha1_base64="EjL/9TsGTRasNyC7thFNvqy5jWo=">AAACG3icbVDLSgNBEJz1GeMr6tHLYBA8SNgNoh6DXjxGMA9IQpid9CZDZmeXmV4xLPsfXvwVLx4U8SR48G+cPA6aWNBQVHXT3eXHUhh03W9naXlldW09t5Hf3Nre2S3s7ddNlGgONR7JSDd9ZkAKBTUUKKEZa2ChL6HhD6/HfuMetBGRusNRDJ2Q9ZUIBGdopW6h3A4ZDvwgHWTdtI3wgKlBpjHLTumiBaqXZd1C0S25E9BF4s1IkcxQ7RY+272IJyEo5JIZ0/LcGDup3SK4hCzfTgzEjA9ZH1qWKhaC6aST3zJ6bJUeDSJtSyGdqL8nUhYaMwp92zk+18x7Y/E/r5VgcNlJhYoTBMWni4JEUozoOCjaExo4ypEljGthb6V8wDTjaOPM2xC8+ZcXSb1c8s5L7u1ZsXI1iyNHDskROSEeuSAVckOqpEY4eSTP5JW8OU/Oi/PufExbl5zZzAH5A+frB3zOo5E=</latexit>

hstart,hend
<latexit sha1_base64="N/42YYiIS9ceD0UWiwS7kiCbxqQ=">AAAB8nicbVBNS8NAFHypX7V+VT16WSyCp5KIqMeiFw8eKlhbSEPZbLft0s0m7L4IJfRnePGgiFd/jTf/jZs2B20dWBhm3mPnTZhIYdB1v53Syura+kZ5s7K1vbO7V90/eDRxqhlvsVjGuhNSw6VQvIUCJe8kmtMolLwdjm9yv/3EtRGxesBJwoOIDpUYCEbRSn43ojhiVGZ301615tbdGcgy8QpSgwLNXvWr249ZGnGFTFJjfM9NMMioRsEkn1a6qeEJZWM65L6likbcBNks8pScWKVPBrG2TyGZqb83MhoZM4lCO5lHNIteLv7n+SkOroJMqCRFrtj8o0EqCcYkv5/0heYM5cQSyrSwWQkbUU0Z2pYqtgRv8eRl8nhW9y7q7v15rXFd1FGGIziGU/DgEhpwC01oAYMYnuEV3hx0Xpx352M+WnKKnUP4A+fzB4KrkWc=</latexit>

L

• It works amazing well. Stronger pre-trained language 
models can lead to even better performance and 
SQuAD becomes a standard dataset for testing pre-
trained models.

F1 EM
Human performance 91.2* 82.3*
BiDAF 77.3 67.7
BERT-base 88.5 80.8
BERT-large 90.9 84.1
XLNet 94.5 89.0
RoBERTa 94.6 88.9
ALBERT 94.8 89.3

(dev set, except for human performance)



Comparisons between BiDAF and BERT models
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• BERT model has many many more parameters (110M or 330M) and BiDAF has 
~2.5M parameters.


• BiDAF is built on top of several bidirectional LSTMs while BERT is built on top of 
Transformers (no recurrence architecture and easier to parallelize). 


• BERT is pre-trained while BiDAF is only built on top of GloVe (and all the remaining 
parameters need to be learned from the supervision datasets).

Pre-training is clearly a game changer but it is expensive..



Comparisons between BiDAF and BERT models
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Are they really fundamentally different? Probably not.


• BiDAF and other models aim to model the interactions between question and passage. 


• BERT uses self-attention between the concatenation of question and passage = 
attention(P, P) + attention(P, Q) + attention(Q, P) + attention(Q, Q)


• (Clark and Gardner, 2018) shows that adding a self-attention layer for the passage 
attention(P, P) to BiDAF also improves performance.

question passage



Can we design better pre-training objectives?

34(Joshi & Chen et al., 2020): SpanBERT: Improving Pre-training by Representing and Predicting Spans

The answer is yes!

Two ideas:

     1) masking contiguous spans of words instead of 15% random words

     2) using the two end points of span to predict all the masked words in between = compressing the 
information of a span into its two endpoints



SpanBERT performance

35

65

73

80

88

95

SQuAD v1.1 SQuAD v2.0 NewsQA TriviaQA SearchQA HotpotQA Natural Questions

82.883.0
84.883.6

73.6

88.7

94.6

80.580.581.8
79.0

71.0

85.9

92.6

79.9
78.3

81.7

77.5

68.8

83.3

91.3

Google BERT
Our BERT
SpanBERT

F1 scores



Is reading comprehension solved?

• We have already surpassed human performance on SQuAD. Does it mean that reading 
comprehension is already solved?

36

Of course not!

• The current systems still perform poorly on adversarial examples or examples from out-of-
domain distributions

(Jia and Liang, 2017): Adversarial Examples for Evaluating Reading Comprehension Systems



Is reading comprehension solved?

37

Systems trained on one dataset can’t generalize to other datasets:

(Sen and Saffari, 2020): What do Models Learn from Question Answering Datasets?




Is reading comprehension solved?

38(Ribeiro et al., 2020): Beyond Accuracy: Behavioral Testing of NLP Models with CheckList

BERT-large model trained on SQuAD



Is reading comprehension solved?

39(Ribeiro et al., 2020): Beyond Accuracy: Behavioral Testing of NLP Models with CheckList

BERT-large model trained on SQuAD



3. Open-domain question answering

40

• Different from reading comprehension, we don’t assume a given passage.

Answer (A)Question (Q)

• Instead, we only have access to a large collection of documents (e.g., Wikipedia). We 
don’t know where the answer is located, and the goal is to return the answer for any 
open-domain questions. 

• Much more challenging but a more practical problem!

In contrast to closed-domain systems that deal with questions 
under a specific domain (medicine, technical support)..



Retriever-reader framework

41

Document

Reader

Document 

Retriever

833,500

https://github.com/facebookresearch/DrQA

Chen et al., 2017. Reading Wikipedia to Answer Open-domain Questions



Retriever-reader framework

42Chen et al., 2017. Reading Wikipedia to Answer Open-domain Questions

• Input: a large collection of documents  and Q


• Output: an answer string A
𝒟 = D1, D2, …, DN

A reading comprehension problem!
K is pre-defined (e.g., 100)• Retriever:  


• Reader:    
f(𝒟, Q) ⟶ P1, …, PK

g(Q, {P1, …, PK}) ⟶ A

In DrQA,


• Retriever = A standard TF-IDF information-retrieval sparse model (a fixed module)


• Reader = a neural reading comprehension model that we just learned


• Trained on SQuAD and other distantly-supervised QA datasets

Distantly-supervised examples: (Q, A)  (P, Q, A)⟶



We can train the retriever too

43Lee et al., 2019. Latent Retrieval for Weakly Supervised Open Domain Question Answering

• Joint training of retriever and reader

•Each text passage can be encoded as a vector using BERT and the retriever score can be 
measured as the dot product between the question representation and passage representation.

•However, it is not easy to model as there are a huge number of passages (e.g., 21M in English Wikipedia)



We can train the retriever too

44Karpukhin et al., 2020. Dense Passage Retrieval for Open-Domain Question Answering

•Dense passage retrieval (DPR) - We can also just train the retriever using question-answer pairs!

•Trainable retriever (using BERT) largely outperforms traditional IR retrieval models



We can train the retriever too

45Karpukhin et al., 2020. Dense Passage Retrieval for Open-Domain Question Answering

http://qa.cs.washington.edu:2020/



Dense retrieval + generative models

46

Recent work shows that it is beneficial to generate answers instead of to extract answers.

Izacard and Grave 2020. Leveraging Passage Retrieval with Generative Models for Open Domain Question Answering

Fusion-in-decoder (FID) = DPR + T5



Large language models can do open-domain QA well

• … without an explicit retriever stage

47Roberts et al., 2020. How Much Knowledge Can You Pack Into the Parameters of a Language Model?



Maybe the reader model is not necessary too!

It is possible to encode all the phrases (60 billion phrases in Wikipedia) using dense 
vectors and only do nearest neighbor search without a BERT model at inference time!

48
Seo et al., 2019. Real-Time Open-Domain Question Answering with Dense-Sparse Phrase Index

Lee et al., 2020. Learning Dense Representations of Phrases at Scale

https://arxiv.org/pdf/2012.12624.pdf


49

DensePhrases: Demo



Thanks!

danqic@cs.princeton.edu

50


