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Knowledge retriever retrieves a document (or portion thereof)
from an unlabeled pre-training corpus X (e.g., Wikipedia)
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Knowledge retriever selects a passage of text from the document
(e.g., the passage may be the sentence
"The pound is the currency of the United Kingdom.")
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L Y
Knowledge retriever creates a masked language modeling task x by replacing
one or more words of the selected passage with a masking token
(e.g., x may be "The [MASK] is the currency of the United Kingdom.")
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Knowledge retriever receives or generates a masked language modeling task x
(e.g., x may be a task such as "The [MASK] is the currency of the United Kingdom")
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Knowledge retriever applies tokenization to the text of task x, using prefix and
separator tokens, yielding a tokenized version of x
(e.g., "[CLS] The [SEP] [MASK] [SEP] is [SEP] the [SEP]
currency [SEP] of [SEP] the [SEP] United [SEP] Kingdom [SEP].")
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Knowledge retriever transforms the tokenized version of x using a
Deep Bidirectional BERT-style transformer, yielding a
transformed version of x that includes a vector for each token
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Knowledge retriever performs a linear projection on the
transformed version of x, multiplying it by a projection matrix {o
reduce its dimensionality, yielding a d-dimensional vector, Embed;npu(x)
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Knowledge retriever retrieves a document z from knowledge corpus Z

404
01 ’

Knowledge retriever applies tokenization to z, using
prefix and separator tokens, yielding a tokenized version of z

406 -
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Knowledge retriever transforms the tokenized version of z using a
Deep Bidirectional BERT-style transformer, yielding a
transformed version of z that includes a vector for each token
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Knowledge retriever performs a linear projection on the
transformed version of z, multiplying it by a projection matrix to
reduce its dimensionality, yielding a d-dimensional vector, Embedg.(z)
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Have
Embedgoc(z)
vectors been
computed for all
documents
in Z?

No

412

Knowledge retriever constructs a search index of all Embedg..(2) vectors
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Uéing Embedipu(X) and a search index of all Embedq.c(2) vectors, the knowledge
retriever employs a Maximum Inner Product Search (MIPS) algorithm to identify the
top k documents according to their relevance scores f(x,z) = Embedmput(x)TEmbeddoc(z)
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Knowledge retriever normalizes the relevance scores f{x,z) of the top k documents
using a softmax function, yielding a distribution p(z | x)
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Knowledge retriever retrieves the top k documents from knowledge corpus Z
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Language model receives top k documents
relevant to question x from knowledge retriever
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For each individual document z in the top k documents, language model joins x and z
together using a prefix token before x and a separator token between x and z,
yielding a single tokenized sequence join(x, z)
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Language model feeds join(x, z) into a Deep Bidirectional BERT-style transformer,
yielding a vector TRANSyaskg(join(x, 2)) for each masked token jin x
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For each masked token j in x, language model multiplies TRANSwyaskg(join(x, z))
by the transpose of a learned word-embedding w, for the v"" word in the
vocabulary, and takes the exponential of that product and normalizes it,

yielding distribution p(y; = v| z, x)
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Language model calculates the product of all distributions p(y; = v | z, x) for
all masked tokens jin x, yielding a distribution p(y | z, x)
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Language model calculates the sum of the product p(y | z, x) p(z | x) for every
document z in the top k documents, yielding a distribution p(y | x)
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- Unlabeled text, from pre-training corpus (X') -
E The [MASK] at the top of the pyramid ()

retrieve .
knowledge - - - 'Y% Neural Knowledge Retriever ~ pg(z|:c)]

corpus (Z)

. \
Retrieved document®---------------------
The pyramidion on top allows for less .
material higher up the pyramid. (Z)

_________________________________________

E [CLS] The [MASK] at the top of the pyramid
E[SEP] The pyramidion on top allows for less
: material higher up the pyramid. ﬂr,z)

1

End—to-end backpropagatlon

[Knowledge—Augmented Encoder ~ py(y|z, z)j

= Answer —--"------------ .

0
|
|
|
|
|
|
|
|
|
|
|
i
i
|
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|
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REALM (%, 7F X FOHEk=—/3Z Z (Wikipedia ®{&72 &) 76 Mz 53 %
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HFONELFEETH S,

TRE21FHAMHY 77 A v Fa—= T ERT 7r—F v — FTh D,
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Supervised

-- Input query data

i |
| what’s the angle of an equilateral triangle? (T) |
1 ]

i
(Neural Knowledge Retriever () j<—rel reve

(z,2)
\»[Knowledge—f-\ugmented Encoder (gb)j

knowledge
corpus (Z)

= Answer ------- .
| 60 degrees () |

FHATR L —=2 7 O®%IZ, QRAEDOXZ XAV IS UTHEHV FZEH I 774>
Fa—=r T X5,

TRLT—7 /ML, Open-QA X F~—27 TOT A MEREZRT,

NQ WQ CT

Name Architectures Pre-training Toki4k) (3k/ZK) (1K /1K) # params
BERT-Baseline (Lee et al., 2019) Sparse Retr.+Transformer BERT 26.5 17.7 21.3 110m
T5 (base) (Roberts et al., 2020) Transformer Seq2Seq T5 (Multitask) 27.0 29.1 - 223m
T5 (large) (Roberts et al., 2020) Transformer Seq2Seq T5 (Multitask) 29.8 322 - 738m
T5 (11b) (Roberts et al., 2020) Transformer Seq2Seq T5 (Multitask) 345 37.4 - 11318m
DrQA (Chen et al., 2017) Sparse Retr.+DocReader N/A - 20.7 25.7 34m
HardEM (Min et al., 2019a) Sparse Retr.+Transformer BERT 28.1 - - 110m
GraphRetriever (Min et al., 2019b) GraphRetriever+Transformer ~ BERT 31.8 31.6 - 110m
PathRetriever (Asai et al., 2019) PathRetriever+Transtormer MLM 32.6 - - 110m
ORQA (Lee et al., 2019) Dense Retr.4+Transformer ICT+BERT 333 36.4 30.1 330m
Ours (X' = Wikipedia, Z = Wikipedia)  Dense Retr.+Transformer REALM 39.2 40.2 46.8 330m
Ours (X = CC-News, £ = Wikipedia)  Dense Retr.+Transformer REALM 404 40.7 42.9 330m
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FEIFT—ET, MIT(xHFa—ty Y TRRF) 2 Ea—2F - ATFERT Al =
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