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(57) Abstract: Approaches for natural language processing include a multi-layer
encoder for encoding words from a context and words from a question in parallel,
a multi-layer decoder for decoding the encoded context and the encoded question, a
pointer generator for generating distributions over the words from the context, the
words from the question, and words in a vocabulary based on an output from the
decoder, and a switch. The switch generates a weighting of the distributions over the
words from the context, the words from the question, and the words in the vocabu-
lary, generates a composite distribution based on the weighting of the distribution
over the first words from the context, the distribution over the second words from
the question, and the distribution over the words in the vocabulary, and selects words
for inclusion in an answer using the composite distribution.
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MULTITASK LEARNING AS QUESTION ANSWERING
Inventors: Bryan McCann, Nitish Shirish Keskar, Caiming Xiong, and Richard Socher

RELATED APPLICATIONS

[0001] The present application claims priority to U.S. Provisional Patent Application No.
62/673,606, filed May 18, 2017, entitled “Multitask Learning As Question Answering,”; and
U.S. Patent Application No. 16/006,691 filed June 12, 2018. entitled “Multitask Learning As

Question Answering,” which are hereby incorporated by reference in their entirety.

TECHNICAL FIELD

[0002] The present disclosure relates generally to natural language processing and more

specifically to answering natural language questions about a natural language context.
BACKGROUND

[0003] Natural language processing and the ability of a system to answer natural language
questions about the content of a natural language sample is a benchmark to test for context-
specific reasoning about information provided in natural language form. This can be a complex
task because there are many different types of natural language questions that can be asked and

whose answering may require different types of reasoning and/or different types of analysis.

[0004] Accordingly, it would be advantageous to have unified systems and methods for

simultaneously being able to answer different kinds of natural language questions.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005]  Figure 1 is a simplified diagram of examples of natural language processing task types

characterized as question answering according to some embodiments.

[0006] Figure 2 is a simplified diagram of a computing device according to some

embodiments.

[0007]  Figure 3 is a simplified diagram of an encoder according to some embodiments.
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[0008] Figure 4 is a simplified diagram of an attention network according to some

embodiments.

[0009]  Figure 5 is a simplified diagram of a layer for an attention-based transformer network

according to some embodiments.
[0010]  Figure 6 is a simplified diagram of a decoder according to some embodiments.

[0011]  Figure 7 is a simplified diagram of a method of multitask learning according to some

embodiments.

[0012]  Figure 8 is a simplified diagram of a summary of training sets according to some

embodiments.

[0013]  Figure 9 is a simplified diagram of results from single task and multitask learning

according to some embodiments.

[0014]  Figure 10 is a simplified diagram of results for different training strategies according

to some embodiments.

[0015]  Figure 11 is a simplified diagram of source for word selection for answers according

to some embodiments.

[0016] Figures 12A and 12B are simplified diagrams of results from different training

approaches according to some embodiments.

[0017] In the figures, elements having the same designations have the same or similar

functions.

DETAILED DESCRIPTION

[0018]  Context specific reasoning, including context specific reasoning regarding the content
of natural language information, is an important problem in machine intelligence and learning
applications. Context specific reasoning may provide valuable information for use in the
interpretation of natural language text and can include different tasks, such as answering

questions about the content of natural language text, language translation, semantic context
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analysis, and/or the like. However, each of these different types of natural language processing

tasks often involve different types of analysis and/or different types of expected responses.

[0019] Multitask learning in natural language processing has made progress when the task
types are similar. However, when tackling different types of tasks, such as language translation,
question answering and classification, parameter sharing is often limited to word vectors or
subsets of parameters. The final architectures are typically highly optimized and engineered for

each task type, limiting their ability to generalize across task types.

[0020] However, many of these task types can be handled by the same architecture and model
when framed as a single type of task. For example, it is possible to treat many, if not all, natural
language processing tasks as question answering tasks. For example, the task types of question
answering, machine translation, document summarization, database query generation, sentiment
analysis, natural language inference, semantic role labeling, relation extraction, goal oriented
dialogue, and pronoun resolution may be framed as question answering tasks. Figure 1 is a
simplified diagram of examples of natural language processing task types characterized as
question answering according to some embodiments. Each of the examples in Figure 1 is shown
in three column format with a question, a context, and a ground truth answer. Example 105 is an
example of a question answering task where a question is asked about the content of a context.
Example 110 is an example of a machine translation task from English to German where the
question is posed in the form “what is the translation. ...” Example 115 is an example of a
document summarization task where the question is posed as “what is the summary?” Example
120 is an example of a natural language inference task where the question is posed using a
hypothesis and a query as to whether the hypothesis entails, contradicts, or is neutral to the
context. Example 125 is an example of a sentiment analysis task where the question is posed as
to whether the context is positive or negative. Example 130 is an example of a semantic role
labeling task where the question is posed as which entity plays an indicated role in the context.
Example 135 is an example of a relation extraction task where the question is posed about the
relationship of one of the entities mentioned in the context. Example 140 is an example of a goal
oriented dialog task where the question is posed about knowledge that may be learned from the
context. Example 145 is an example of a database query generation task where the question asks

for a translation to a database query language (e.g., SQL). Example 150 is an example of a
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pronoun resolution task where the question is directed to answering a question about a pronoun

appearing in the context.

[0021]  Figure 2 is a simplified diagram of a computing device 200 according to some
embodiments. As shown in Figure 2, computing device 200 includes a processor 210 coupled to
memory 220. Operation of computing device 200 is controlled by processor 210. And although
computing device 200 is shown with only one processor 210, it is understood that processor 210
may be representative of one or more central processing units, multi-core processors,
microprocessors, microcontrollers, digital signal processors, field programmable gate arrays
(FPGASs), application specific integrated circuits (ASICs), graphics processing units (GPUs)
and/or the like in computing device 200. Computing device 200 may be implemented as a stand-

alone subsystem, as a board added to a computing device, and/or as a virtual machine.

[0022] Memory 220 may be used to store software executed by computing device 200 and/or
one or more data structures used during operation of computing device 200. Memory 220 may
include one or more types of machine readable media. Some common forms of machine readable
media may include floppy disk, flexible disk, hard disk, magnetic tape, any other magnetic
medium, CD-ROM, any other optical medium, punch cards, paper tape, any other physical
medium with patterns of holes, RAM, PROM, EPROM, FLASH-EPROM, any other memory
chip or cartridge, and/or any other medium from which a processor or computer is adapted to

read.

[0023] Processor 210 and/or memory 220 may be arranged in any suitable physical
arrangement. In some embodiments, processor 210 and/or memory 220 may be implemented on
a same board, in a same package (e.g., system-in-package), on a same chip (e.g., system-on-
chip), and/or the like. In some embodiments, processor 210 and/or memory 220 may include
distributed, virtualized, and/or containerized computing resources. Consistent with such
embodiments, processor 210 and/or memory 220 may be located in one or more data centers

and/or cloud computing facilities.

[0024]  As shown, memory 220 includes a question answering module 230 that may be used
to implement and/or emulate the question answering systems and models described further

herein and/or to implement any of the methods described further herein. In some examples,
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question answering module 230 may be used to answer natural language questions about natural
language contexts. In some examples, question answering module 230 may also handle the
iterative training and/or evaluation of a question answering system or model used to answer
natural language questions about natural language contexts. In some examples, memory 220 may
include non-transitory, tangible, machine readable media that includes executable code that when
run by one or more processors (€.g., processor 210) may cause the one or more processors to
perform the counting methods described in further detail herein. In some examples, question
answering module 230 may be implemented using hardware, software, and/or a combination of
hardware and software. As shown, computing device 200 receives a natural language context
240 and a natural language question 250 about natural language context 240, which are provided
to question answering module 230, question answering module 230 then generates a natural
language answer 260 to natural language question 250 based on the content of natural language

context 240.

[0025]  Figure 3 is a simplified diagram of an encoder 300 according to some embodiments.
Encoder 300 receives a natural language context ¢ and a natural language question g, which each
consist of a sequence of ordered words in a natural language, such as English, French, German,
Spanish, and/or the like. Both the context ¢ and the question q are encoded using respective
encoding layers 310 and 315 into matrix form where the ith row of the matrix corresponds to a
demb-dimensional embedding for the ith token or word in the sequence as indicated according to
Equation 1, where 1 corresponds to the number of words or tokens in the context and m
corresponds to the number of words or tokens in the question. In some examples, the encoding of
each word is based on the GloVe encodings where each word is encoded as an element of R3%°,
In some examples, the encoding of each word is based on the character n-gram encodings where
each word is encoded as an element of R, In some example, the encoding of each word is
based on a concatenation of GloVe and character n-gram encodings. In some examples, when
there is no GloVe and/or character n-gram encoding for a word (e.g., the word is not in English),
a random encoding is selected from a Normal distribution having a mean and standard deviation
that is the same as the GloVe encodings (e.g., mean of zero and standard deviation of 0.4), with
the same random encoding used consistently for each occurrence of the respective word. In some

examples, when there is no GloVe and/or character n-gram encoding for a word (e.g., the word is
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not in English) a value of zero is used. In some examples, during training, the ground truth
answer is encoded similarly as also shown in Equation 1, where n corresponds to the number of

words or tokens in the ground truth answer.

Ce ]Rleemb
[0026] Q € R™xdemb Equation 1

A€ ]RnXdemb

[0027] Independent Representations In some examples, independent representations Cproj
and Qproj for the encoded context and question, respectively, are generated using respective linear
networks 320 and 325 according to Equation 2. In some examples, the respective linear networks
320 and 325 may also reduce the dimensionality of the encoded context and question to d. In
some examples, the dimensionality d is 200. As shown in Equation 2, both of linear networks
320 and 325 use a same weight matrix W1 and a same bias by so the independent representations
Coroj and Qproj are projected onto the d dimensional space consistently. In some examples, the
bias bi is optional and may be omitted. In some examples, weight matrix W1 and bias b are

trained along with the rest of encoder 300.

W, +by = Cproj € R

0028
[ ] QW; + b, = Qproj e RMxd

Equation 2
[0029] The projected representations for the context, Cproj, and the question, Qproj, are passed
to a shared, one-layer bidirectional Long Short-Term Memory Network (BiLSTM) 330 to form

Cind and Qind according to Equation 3.

BiLSTM (Cproj) = Cing € R™

[0030] ,
BiLSTM (mej) = Qi,qg € R™d

Equation 3

[0031] BiLSTM 330 generates an output at each time step i as h, as the concatenation of h,”

and h{ according to Equation 4, where x is the input to biLSTM 330 and LSTM corresponds to

a long-term short-term memory network. In some examples, BILSTM 330 uses a dropout of 0.2

on inputs.
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h,> = LSTM(x,h .,

1

[0032] Equation 4
h{ =LSTM(x,h;,

i+1

[0033] Alignment. The outputs Cina and Qing of biLSTM 330 are used to generate coattended
representations Cprojs Qprojs Csum, Qsum, Ceoa, and Qeoa using a coattention network 340.
Coattention network 340 first aligns the encoded representations of the context and question
sequences. In some examples, because some tokens from the question or the context sequence
might not align well with any tokens in the other of the question and context sequences, a

separate trained, dummy embedding is added to each of Cj,q and Qj,q, which are now in RU+1Dxd

and Rm+Dxd,

[0034] Coattention network 340 then generates normalized dot-product similarity scores
between each of the encoded tokens for the question and the context according to Equation 5,
where softmax(X) denotes a column-wise softmax that normalizes each column of the matrix X

to have entries that sum to 1.

softmax (CingQMg) = Seq € RIKVX (m+1)

0035
[0035] softmax (QindaCihq) = Sqc € RM¥LXA+TD)

Equation 5
[0036] Dual Coattention. Coattention network 340 then uses the normalized dot-product
similarity scores Scq and Sqc as weights to determine summaries of the information from the
context and question sequences that is relevant to each token in the other of the context and

question sequences according to Equation 6.

Sg‘qcind = Ceum € R(m+1)Xd

[0037]
Sgchnd = Qsum € R (+1)xd

Equation 6
[0038]  Coattention network 340 then uses the coattended representations Csum and Qsum along
with the use the normalized dot-product similarity scores S¢q and Sqc to transfer information

gained from the alignments back to the original sequences according to Equation 7.

T —
gcsum — Ccoa

ququm = Qcoa € R (m+1)xd

[0039] Equation 7
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[0040] The first column of the coattended representations Ceoa and Qeoa correspond to the
dummy embeddings previously added. Because this information is not needed, coattention

network 340 drops that column of the matrices to get C.o, € R!*9 and Q.o € R™* 9,

[0041] Compression. Two biLSTMs 350 and 355 are used to compress the outputs from
coattention network 340 in two separate groups. The outputs from coattention network 340 are
concatenated into two groups, with each group being processed by biLSTMs 350 and 355,
respectively, according to Equations 8 and 9. In some examples, BILSTMs 350 and 355 use a

dropout of 0.2 on inputs.

[0042]  BiLSTMcomc ([Cproj; Cind; Qsumi Ceoa]) = Ceom € R4 Equation 8

[0043] BiLSTM¢omq ([Qproj; Qind; Csums Qcoa]) = Qcom € R m>d Equation 9

[0044] Self-Attention. The outputs Ceom and Qcom of biLSTMs 350 and 355 are then passed
to encoder portions of respective multi-layer self-attention based transformers. More specifically,
the Ccom output of biLSTM 350 is passed to a self-attention encoder 360 and the output Cseir1 of
self-attention encoder 360 is passed to a self-attention encoder 370 to generate an output Cseir2. In
parallel, the Qcom output of biLSTM 355 is passed to a self-attention encoder 365 and the output
Qseir1 of self-attention encoder 365 is passed to a self-attention encoder 375 to generate an output
Cseir2. In some examples, the self-attention encoders 360 and 370 capture long distance
dependencies within the context and self-attention encoders 365 and 375 capture long distance
dependencies within the question. And although encoder 300 is shown with two self-attention
encoders for each of the context and question, encoder 300 may include only a single self-
attention encoder or three or more self-attention encoders for one or both of the context and
question. Each self-attention encoder 360, 365, 370, and 375 includes multi-head self-attention
mechanisms that are followed by a position-wise fully connected feed-forward network along
with a residual connection and layer normalization as is described in further detail below with

respect to Figures 4 and 5.

[0045]  Figure 4 is a simplified diagram of an attention network 400 according to some
embodiments. As shown in Figure 4, attention network 400 receives a query q € R%, akey k €

R%, and a value v € R%. Each of the q, k, and v are subject to respective weights W2 410, WX
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420, and W" 430 according to Equation 10. The weights W? 410, WX 420, and W" 430 are

altered during training using back propagation.

Q=qW?2e R%

[0046] K = kWK € R Equation 10
V=vW"' € R%

[0047] The resulting Q, K, and V vectors are passed through an attention transfer

function 440, which generates a dot product of Q and K, which is then applied to V according to
Equation 11.

T
[0048]  Attention(Q.K,V) = softmax (%) Ve RS Equation 11
k
[0049]  An addition and normalization module 450 is then used to combine the query q with
the output from the attention transfer function to provide a residual connection that improves the
rate of learning by attention network 400. Addition and normalization module 450 implements
Equation 12 where p and ¢ are the mean and standard deviation, respectively, of the input vector

and gj is gain parameter for scaling the layer normalization. The output from addition and

normalization module 450 is the output of attention network 400.

LayerNorm(Attention(Q,K,V)+q)

[0050] aj—|L Equation 12

LayerNorm (a;) = g;

[0051]  Attention network 400 is often used in two variant forms. The first variant form is a
multi-head attention network where multiple attention networks consistent with attention
network 400 are implemented in parallel, which each of the “heads” in the multi-head attention
network having its own weights WQ410, WK 420, and WY 430, which are initialized to different
values and thus trained to learn different encodings. The outputs from each of the heads are then
concatenated together to form the output of the multi-head attention network. The second variant
form is a self-attention network that is a multi-head attention network where the g, k, and v

inputs are the same for each head of the attention network.
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[0052] Self-attention based layers are further described in Vaswani, et al., “Attention is All
You Need,” arXiv preprint arXiv:1706.03762, submitted June 12, 2017, which is hereby

incorporated by reference in its entirety.

[0053]  Figure 5 is a simplified diagram of a layer 500 for an attention-based transformer
network according to some embodiments. As shown in Figure 5, layer 500 includes an encoder

510 and a decoder 520.

[0054] Encoder 510 receives layer input (e.g., from an input network for a first layer in an
encoding stack or from layer output of a next lowest layer for all other layers of the encoding
stack) and provides it to all three (q, k, and v) inputs of a multi-head attention network 511, thus
multi-head attention network 511 is configured as a self-attention network. Each head of multi-
head attention network 511 is consistent with attention network 400. In some examples, multi-
head attention network 511 includes three heads, however, other numbers of heads such as two
or more than three are possible. In some examples, each attention network has a dimension of
200 and a hidden size of 128. The output of multi-head attention network 511 is provided to a
feed forward network 512 with both the input and output of feed forward network 512 being
provided to an addition and normalization module 513, which generates the layer output for
encoder 510. In some examples, feed forward network 512 is a two-layer perceptron network
with a rectified linear unit (ReLU) activation, which implements Equation 13 where vy is the input
to feed forward network 512 and M; and b; are the weights and biases respectively of each of the
layers in the perceptron network. In some examples, addition and normalization module 513 is

substantially similar to addition and normalization module 450.
[0055] FF(y) = max(0,yM, + b, )M, +b, Equation 13

[0056] Decoder 520 receives layer input (e.g., from an input network for a first layer in a
decoding stack or from layer output of a next lowest layer for all other layers of the decoding
stack) and provides it to all three (q, k, and v) inputs of a multi-head attention network 521, thus
multi-head attention network 521 is configured as a self-attention network. Each head of multi-
head attention network 521 is consistent with attention network 400. In some examples, multi-
head attention network 521 includes three heads, however, other numbers of heads such as two

or more than three are possible. The output of multi-head attention network 511 is provided as

10
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the q input to another multi-head attention network 522 and the k and v inputs of multi-head
attention network 522 are provided with the output from the encoder. Each head of multi-head
attention network 521 is consistent with attention network 400. In some examples, multi-head
attention network 522 includes three heads, however, other numbers of heads such as two or
more than three are possible. In some examples, each attention network has a dimension of 200
and a hidden size of 128. The output of multi-head attention network 522 is provided to a feed
forward network 523 with both the input and output of feed forward network 523 being provided
to an addition and normalization module 524, which generates the layer output for encoder 510.
In some examples, feed forward network 523 and addition and normalization module 524 are
substantially similar to feed forward network 512 and addition and normalization module 513,

respectively.

[0057] Referring back to Figure 3, each of self-attention encoders 360, 365, 370, and/or 375
are consistent with encoder 510 and generate self-attention based encodings according to
Equation 14, where SAEncode(X) corresponds to the encoding performed by encoder 510 and X

corresponds to the input received by multi-head attention network 511.

SAEncode(C o) =Csqey € R
SAEncode(Cyei) =Cserr, € R4
SAEncode(Qcom)=Qser1 € R™*4
SAEncode(Qseir) =Qserr, € R™4

[0058] Equation 14

[0059] Final Encodings. Final encodings for the context are then generated from the Cse
output from self-attention encoder 370 by integrating the context information over time using a
BiLSTM 380 according to Equation 15. Similarly, final encodings for the question are then
generated from the Qs> output from self-attention encoder 375 by integrating the question
information over time using a BiLSTM 385 according to Equation 15. In some examples,

BiLSTMs 380 and 385 use a dropout of 0.2 on inputs.

BILSTMginc(Cserr2) = Cgin € R™

[0060] .
BiLSTMfinq(Qserr2) = Qfin € R™

Equation 15

[0061]  Figure 6 is a simplified diagram of a decoder according to some embodiments.

Decoder 600 uses an iterative approach to generate an answer a single word or token at a time.

11
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Figure 6 represents temporal/positional relationships using subscripts that indicate which
iteration in the generation of the answer is being referred to. (E.g., X refers to the value for X
from the t-th iteration and X1 refers to the value for X from the (t-1)st iteration, that is the
iteration previous to the t-th iteration.) As described above with respect to Equation 1, when
decoder 600 is used during training, the ground truth answer is initially encoded using the same

encoding used for the context and the question.

[0062] Answer Representations. An embedding and encoder 610 is used to project the
partially formed answer onto a d-dimensional space similar to the embeddings for the context

and question according to Equation 16.
[0063] AW, +b, = Ay € R™ Equation 16

[0064] Because the words or tokens in the answer lack both recurrence and convolution,

positional encodings PE are added to Apj according to Equation 17.

PE [t k] _ Sil’l(t/lOOOOk/Zd) kis even
" cos(t/10000K-D/2dy  kis odd Equation 17
Aproj + PE = Ap,, € R™

[0065]

[0066] MultiHead Decoder Attention. The output of embedding and encoder 610 is then
passed to a self-attention decoder 620 whose output is then passed to a self-attention decoder 630
to generate ASELF according to Equation 18, where SADecode(A,B) corresponds to the
decoding performed by decoder 520, A corresponds to the layer input received by multi-head
attention network 521 and B corresponds to the encoding input received by multi-head attention
network 522. Self-attention is used so that decoder 600 is aware of previous outputs and attention
over the context to prepare for the next word or token to be added to the answer. However,
during training and because the decoder operates step by step, appropriate entries of the
embedded and encoded ground truth answer are set to a large negative number to prevent

decoder 600 from seeing future time-steps when applying Equation 18.

SADecode(Appr, Can)=A; € R1¥d

[0067]
SADecode(A,Cp,)=ASELF € R!*d

Equation 18

12
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[0068] Intermediate Decoder State. A LSTM 640 generates an intermediate state h¢ for the
current iteration using the previous answer word or token ASELF;_;, the context-decoder state
Ci—1 from the previous iteration, and the intermediate state he1 from the previous iteration

according to Equation 19. In some examples, LSTM 640 uses a dropout of 0.2 on inputs.
[0069] LSTM([ASELF_;;%_4],h_;) = h € R¢ Equation 19

[0070] Context and Question Attention. The intermediate state h; from LSTM 640 is
provided to a context and question attention network 650 that is first generates attention weights
ace and oqe over the final encoding of the context Crin and the final encoding of the question Qfin,
respectively, according to Equation 20, where W2 and W3 are trainable weight matrices. In some
examples, context and question attention network 650 may optionally include trainable biases bz
and bs within Equation 20. The attention weights allow decoder 600 to focus on encoded

information relevant to each iteration t.

softmax (Cgn(Wohy)) = ac, € R!

0071
[ ] softmax (Qﬁn(W3ht)) = ag, ER™

Equation 20
[0072] Recurrent Context State. Context and question attention network 650 then combines
the final encoding of the context Csn and the final encoding of the question Qfin as weighted by
the attention weights act and agqt, respectively, with the hidden state h; according to Equation 21
to generate context representation C, and question representation Q, where W4 and Ws are
trainable weights and tanh is the hyperbolic tangent transfer function. In some examples, context
and question attention network 650 may optionally include trainable biases b4 and bs within

Equation 21. In some examples, other non-linear transfer functions may be used with Equation

21.

tanh(W4CEn(XCt; ht) = Ct € Rd

[0073] -
tanh(WsQfi,aq,;he) = Q; € R

Equation 21
[0074] Multi-Pointer-Generator A pointer generator 660 is used to not only generate
distributions over the words or tokens in the context and the words or tokens in the question, but
also a distribution over words or tokens v from a generative vocabulary. The distributions assign

likelihoods that each of the words or tokens from the context, question, and vocabulary are the
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next word or token to be selected by decoder 600 in the current iteration t. The distributions are
generated according to Equation 22, where Wy is a trainable weight matrix. In some examples,
pointer generator 660 may optionally include a trainable bias by within Equation 22 to generate

the distribution py over the generative vocabulary within Equation 22.

z"ii(ii:wt(O(Ct )i = p.(W) ER"
[0075] Zi:qi= Wt(aQt )i = pq(Wt) eERM™ Equation 22
softmax (W,C,) = py(Wp) € RV

[0076] Pointer generator 660 then extends the distributions pc, pg, and pv over the union of the
tokens in the context, question, and generative vocabulary by setting missing entries in each

distribution to 0 so that each distribution pe, pq, and pv is in RH#™x Y,

[0077] A switch 670 is then used to determine the importance of the context and the question
in determining the next word or token for the current iteration according to Equation 23, where

is a sigmoid transfer function, such as logsig, tansig, and/or the like.

o(Wpy[Ce; he; ASELF_4]) = v € [0,1]

100781 0(Weq[Qe; he; ASELF_4]) = A € [0,1]

Equation 23
[0079] Switch 670 then generates a composite distribution according to Equation 24 and the
next word or token for the current iteration is selected based on the word or token from the
composite distribution having the greatest likelihood. The selected word or token is then
appended to the answer and fed back to embedding and encoder 610 where another iteration of
decoder 600 begins. Decoder 600 continues to iterate until a maximum number or words or

tokens are selected and/or a sentinel word or token indicating the end of the answer is selected.
[0080] v P, (w) + (1 —V)[Ap, (W) + (1 —Dpg(wp)] = p(wy) € R¥*™V  Equation 24

[0081]  According to some embodiments, during training, encoder 300 and decoder 600 are
trained by back propagation using a token-level negative log-likelihood loss function £ over each

time-step according to Equation 25, where a; corresponds to the t-th word or token in the answer.

[0082] L= —Y Ilog p(ap) Equation 25
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[0083] Because the networks of Figures 3-6 are used for multiple tasks (e.g., question
answering, machine translation, document summarization, database query generation, sentiment
analysis, natural language inference, semantic role labeling, relation extraction, goal oriented
dialogue, and pronoun resolution) and shares its parameters for the various layers and networks
across each of the task types, it may be susceptible to catastrophic forgetting if it is not trained
carefully. To address this, in some embodiments, the networks of Figures 3-6 may be trained
according to a modified joint strategy where the networks of Figures 3-6 are trained using an
ordering where training samples are presented so as to train the networks of Figures 3-6 against a
balanced mix of each of the task types concurrently. That is, the order in which training samples
are presented to the networks of Figures 3-6 selects consecutive training samples or consecutive
small groups (e.g., 2-10 or so) training samples from different task types. In some examples, the
joint strategy includes selecting a training sample (context c, questions q, and ground truth
answer a) from a different one of the task types with each iteration of the training. The goal of
the joint strategy is to train against each of the task types concurrently without overly focusing

on one task type over another.

[0084]  Figure 7 is a simplified diagram of a method of multitask learning according to some
embodiments. One or more of the processes 710-780 of method 700 may be implemented, at
least in part, in the form of executable code stored on non-transitory, tangible, machine-readable
media that when run by one or more processors may cause the one or more processors to perform
one or more of the processes 710-780. In some embodiments, method 700 may be used as a
hybrid training strategy for training the networks of Figures 3-6, however, method 700 may also
be used to train other multitasking systems other than the networks of Figures 3-6. In some
examples, method 700 may be consistent with a curriculum and/or an anti-curriculum strategy.
In some embodiments, the task types trained by method 700 may include any of various natural
language processing task types, such as question answering, machine translation, document
summarization, database query generation, sentiment analysis, natural language inference,
semantic role labeling, relation extraction, goal oriented dialogue, pronoun resolution, and/or the

like.

[0085] At a process 710, a training sample is selected according to a first training strategy. In

some embodiments, the first training strategy is a joint training strategy where training samples

15



WO 2019/222206 PCT/US2019/032207

are selected from a subset of task types for which the network is being trained. In some
examples, the subset of task types may be selected from a full set of task types. In some
examples, the full set of task types may include one or more task types selected from question
answering, machine translation, document summarization, database query generation, sentiment
analysis, natural language inference, semantic role labeling, relation extraction, goal oriented

dialogue, pronoun resolution, and/or the like.

[0086] In some embodiments, the subset of task types may be selected according to a
curriculum strategy where the training sample is selected from those task types whose training
converges in a relatively small number of training iterations. In some examples, the subset of
task types for the curriculum training may include one or more task types selected from database
query generation, sentiment analysis, semantic role labeling, relation extraction, goal oriented

dialogue, pronoun resolution, and/or the like.

[0087] In some embodiments, the subset of task types may be selected according to an anti-
curriculum strategy where the training sample is selected from those task types which are
characterized as being more difficult to learn, have longer answer sequences, and/or involve
different types of decoding. In some examples, the subset of task types for the anti-curriculum
training may include one or more task types selected from question answering, summarization,

machine translation, and/or natural language inference.

[0088] In some examples, the selected training sample includes a natural language context
and a natural language question corresponding to the context and the question, respectively, as

well as a ground truth natural language answer.

[0089] At a process 720, the selected training sample is presented to a system. In some
examples, the system includes encoder 300 and decoder 600. When the training sample is
applied to the system it is fed forward through the various layers of the system according to the
currently trained parameters (e.g., weights and biases) and an answer is generated. In some

examples, the answer is a natural language phrase.

[0090] At a process 730, the system is adjusted based on error. The answer generated by the

system during process 720 is compared to the ground truth answer for the selected training
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sample and the error for the selected training sample is determined. The error may then be fed
back to the system using back propagation to update the various parameters (e.g., weights and
biases) of the layers. In some examples, the back propagation may be performed using the
stochastic gradient descent (SGD) training algorithm, the adaptive moment estimation (ADAM)
training algorithm, and/or the like. In some examples, the meta parameters of ADAM are set to
(B1, P2, €) = (0.9, 0.98, 10?). In some examples, the learning rate is increased linearly from O to
2.5x107 for the first 800 iterations before being decayed at k™2, where k is the iteration count. In

some examples, the gradients used for the back propagation may be clipped to 1.0.

[0091] At a process 740, it is determined whether to switch from training based on the subset
of task types to training based on the full set of task types. In some examples, the decision to
switch to the full set of task types occurs after a predetermined number of training samples have
been presented. In some examples, the predetermined number of training samples may be
300,000, however, other predetermined numbers of training samples are possible. In some
examples, the decision to switch to the full set of task types occurs after each of the training
samples for each of the task types in the subset of task types has been selected a predetermined
number of times. In some examples, the predetermined number of times may be five, although
any other number such as three, four, and/or six or more may also be used. In some examples,
one or more other factors may be used to make the determination about when to switch to
training using the full set of task types. In some examples, the one or other factors may include
monitoring changes in performance metrics for each of the task types in the subset of task types
with each pass through the training samples and making the switch when an improvement in
each of the performance metrics after each pass improves by less than a threshold amount. When
it is determined not to switch to training on the full set of task types, method 700 returns to
process 710 where training samples continue to be selected from the subset of task types. When
it is determined to switch to training from the full set of task types, selection of the training

samples occurs using the full set of task types beginning with a process 750.

[0092] At the process 750, a training sample is selected form the full set of task types. In
some examples, the full set of task types includes one or more tasks selected from question

answering, machine translation, document summarization, database query generation, sentiment
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analysis, natural language inference, semantic role labeling, relation extraction, goal oriented

dialogue, pronoun resolution, and/or the like.

[0093] At a process 760, the selected training sample is presented to the system using

substantially the same process as process 720.

[0094]  Ata process 770, the system is adjusted based on error using substantially the same

process as process 730.

[0095]  Ata process 780, it is determined whether the training is complete. In some examples,
training is complete after a predetermined number of training samples have been presented. In
some examples, the training is complete after the training samples for each of the task types in
the full set of task types has been presented to the system a predetermined number of times. In
some examples, the predetermined number of times may be eight, although any other number
such as two to seven and/or nine or more may also be used. In some examples, one or more other
factors may be used to make the determination about when training is complete. In some
examples, the one or other factors may include monitoring changes in performance metrics for
each of the task types with each pass through the training samples and noting that training is
complete when an improvement in each of the performance metrics after each pass improves by
less than a threshold amount. When it is determined that training is not complete, method 700
returns to process 740 where training samples continue to be selected from the full set of task
types. When it is determined that training is complete, method 700 ends and the trained system

may now be used for any of the tasks for which it is trained.

[0096]  After training is complete, the trained system may be used for any of the task types
using a process substantially similar to process 720 and/or 760 where a context ¢ and a question
g may be presented to the system and fed forward through the various layers of the system
according to the parameters (e.g., weights and biases) trained according to method 700. The

generated answer then corresponds to the response to the presented context ¢ and question q.

[0097]  Figure 8 is a simplified diagram of a summary of training sets according to some

embodiments. More specifically, Figure 8 shows each task type, the dataset used, the number of
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training samples in the dataset, the number of samples in the development/validation samples in

the dataset, the number of test samples in the dataset, and the performance metric used.

[0098] Training samples for the question answering task type are based on the Stanford
Question Answering Dataset (SQuAD), which includes training samples based on questions
related to paragraph samples from Wikipedia articles. The performance metric used for the

question answering task type is the normalized F1 (nF1) score.

[0099] Training samples for the machine translation task type are based on the International
Workshop on Spoken Language Translation English to German (IWSLT EN->DE) training set,
which contains sentence pairs transcribed from TED talks. The performance metric used for the

machine translation task type is the BLEU score.

[00100] Training samples for the summarization task type are selected from the CNN daily
mail (CNN/DM) training set. The performance metric used for the summarization task type is the

ROUGE score.

[00101] Training samples for the natural language interference task type are selected from the
Multi-genre Natural Language Inference Corpus (MNLI) training set. The performance metric

used for the natural language inference task type is the normalized F1 (nF1) score.

[00102] Training samples for the sentiment analysis task type are based on the Stanford
Sentiment Treebank (SST). The SST includes training samples based on movie reviews and their
sentiment. The performance metric used for the sentiment classification task type is the

normalized F1 (nF1) score.

[00103] Training samples for the semantic role labeling task type are selected from the
Question-Answer Semantic Role Labeling (QA-SRL) training set. The performance metric used

for the semantic role labeling task type is the normalized F1 (nF1) score.

[00104] Training samples for the relationship extraction task type are selected from the
Question-Answer Zero-shot Relation Extraction (QA-ZRE) training set. The performance metric

used for the relationship extraction task type is the F1 score.
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[00105] Training samples for the goal oriented dialog task type are selected from the Wizard of
Oz (WOZ) training set. The performance metric used for the goal oriented dialog task type is the

exact match (EM) score.

[00106] Training samples for the database query generation task type are selected from the
WikiSQL training set. The performance metric used for the database query generation task type

is the exact match (EM) score.

[00107] Training samples for the pronoun resolution task type are selected from the Modified
Winograd Schema Challenge (MWSC) training set. The performance metric used for the

pronoun resolution task type is the normalized F1 (nF1) score.

[00108] Figure 9 is a simplified diagram of results from single task and multitask learning
according to some embodiments. More specifically, Figure 8 shows the results of training
systems, such as encoder 300 and decoder 600, against various task types including question
answering, machine translation, document summarization, database query generation, sentiment
analysis, natural language inference, semantic role labeling, relation extraction, goal oriented

dialogue, pronoun resolution.

[00109] Results of the training are further evaluated according to the composite Decathlon
Score (decaScore). The decaScore includes an additive combination of the task-specific
performance metrics. Because each of the individual performance metrics fall between 0 and
100, the decaScore falls between 0 and 1000 for a composite performance score across the ten

task types.

[00110] The single-task training columns of Figure 9 show the baseline results for each of the
task types against their respective performance metrics when trained in isolation using the
pointer generator sequence-to-sequence model (S2S) of See, et al. “Get to the Point:
Summarization with Pointer-generator Networks,” arXiv preprint arXiv:1704.04368, 2017; a
version of S2S where the lower layers of S2S are replaced with self-attentive encoder and
decoder layers (w/SAtt) of Vaswani, et al., “Attention is All You Need,” arXiv preprint
arXiv:1706.03762, 2017; a version of S2S augmented with a coattention mechanism (+CAtt) that
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builds representations of both the context and question separately and explicitly models how the

two should interact; and a variation of +CAtt with a question pointer added (+QPtr).

[00111] The multitask training columns of Figure 9 further shows the results of training each
of the models using a joint training strategy where training samples are selected from each of the
task types throughout the training. A further result (+ACurr) of training of encoder 300 and
decoder 600 using an anti-curriculum version of the training of method 700 where the initial
subset of task types includes only training samples from the question answering (SQuAD)
training set. As Figure 8 indicates, the anti-curriculum training of method 700 using encoder 300
and decoder 600 yields better overall composite results (as measured by the decaScore) for each

of these models.

[00112] Figure 10 is a simplified diagram of results for different training strategies according
to some embodiments. More specifically, Figure 10 shows the differences between training
encoder 300 and decoder 600 using a fully joint (Fully Joint) strategy; using method 700
employing a curriculum based approach where the subset of task types are limited to database
query generation, sentiment analysis, semantic role labeling, relation extraction, goal oriented
dialogue, and pronoun resolution (Curriculum); and using method 700 employing an anti-
curriculum based approach where the subset of task types are limited to question answering
(SQuAD), question answering, machine translation, and summarization (+IWSLT+CNN/DM),
and question answering, machine translation, summarization, and natural language inference
(+MNLI). As shown the curriculum-based variation of method 700 did not perform as well as the
fully joint strategy. However, the use of method 700 with an anti-curriculum approach using only
question answering training samples in the initial subset (SQuAD) showed an overall
improvement over the fully joint strategy and an improvement or slight degradation against each
of the task types. Overall improvements in performance did not occur when the subset of task

types was extended to include training samples from other task types.

[00113] Figure 11 is a simplified diagram of source for word selection for answers according
to some embodiments. More specifically, Figure 11 shows, for each of the task types, which of
the context, question, or generative vocabulary is more likely to be the source of the words or

tokens selected for the answer based on the y and A values selected by switch 670 and used in
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Equations 23 and 24. As shown, the sentiment analysis (SST), natural language inference
(MNLI), and pronoun resolution (MWSC) task types prefer words or tokens from the question
because the question tends to include the classification options for the answer. The machine
translation (IWSLT) and goal oriented dialog task types (WOZ) prefer words or tokens from the
vocabulary because neither the context nor the question tend to include the desired words for the

dnswer.

[00114] Figure 12A is a simplified diagram of results from different training approaches for a
new machine translation task type according to some embodiments. More specifically, Figure
12A shows the results of training against a new machine translation task type using training
samples from the INSLT English to Czech (IWSLT En->Cs) training set using encoder 300 and
decoder 600 pre-trained according to method 700 (curve 1210) in comparison to encoder 300 and
decoder 600 trained from a random start against only the IWSLT English to Czech training
samples (curve 1220).

[00115] Figure 12B is a simplified diagram of results from different training approaches for a
new classification task according to some embodiments. More specifically, Figure 12B shows
the results of training against a new named entity recognition (NER) task type training samples
using encoder 300 and decoder 600 pre-trained according to method 700 (curve 1230) in
comparison to encoder 300 and decoder 600 trained from a random start against only the NER

training samples (curve 1240).

[00116] As shown, the pretraining using method 700 (curves 1210 and 1230) demonstrate
better performance results than single task training (curves 1220 and 1240), thus demonstrating
the advantages of using the multitask training of method 700 to pretrain for natural language
processing tasks and additionally for adapting an already trained network based on encoder 300

and decoder 600 against new tasks.

[00117] Some examples of computing devices, such as computing device 200 may include
non-transitory, tangible, machine readable media that include executable code that when run by
one or more processors (e.g., processor 210) may cause the one or more processors to perform
the processes of method 700 and/or emulate the structures of Figures 3-6. Some common forms

of machine readable media that may include the processes of method 700 and the emulations of
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Figures 3-6 are, for example, floppy disk, flexible disk, hard disk, magnetic tape, any other
magnetic medium, CD-ROM, any other optical medium, punch cards, paper tape, any other
physical medium with patterns of holes, RAM, PROM, EPROM, FLASH-EPROM, any other
memory chip or cartridge, and/or any other medium from which a processor or computer is

adapted to read.

[00118] This description and the accompanying drawings that illustrate inventive aspects,
embodiments, implementations, or applications should not be taken as limiting. Various
mechanical, compositional, structural, electrical, and operational changes may be made without
departing from the spirit and scope of this description and the claims. In some instances, well-
known circuits, structures, or techniques have not been shown or described in detail in order not
to obscure the embodiments of this disclosure. Like numbers in two or more figures represent the

same or similar elements.

[00119] In this description, specific details are set forth describing some embodiments
consistent with the present disclosure. Numerous specific details are set forth in order to provide
a thorough understanding of the embodiments. It will be apparent, however, to one skilled in the
art that some embodiments may be practiced without some or all of these specific details. The
specific embodiments disclosed herein are meant to be illustrative but not limiting. One skilled in
the art may realize other elements that, although not specifically described here, are within the
scope and the spirit of this disclosure. In addition, to avoid unnecessary repetition, one or more
features shown and described in association with one embodiment may be incorporated into
other embodiments unless specifically described otherwise or if the one or more features would

make an embodiment non-functional.

[00120] Although illustrative embodiments have been shown and described, a wide range of
modification, change and substitution is contemplated in the foregoing disclosure and in some
instances, some features of the embodiments may be employed without a corresponding use of
other features. One of ordinary skill in the art would recognize many variations, alternatives, and
modifications. Thus, the scope of the invention should be limited only by the following claims,
and it is appropriate that the claims be construed broadly and in a manner consistent with the

scope of the embodiments disclosed herein.
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WHAT IS CLAIMED IS:

1. A system for natural language processing, the system comprising:

a multi-layer encoder for encoding first words from a context and second words from a
question in parallel;

a multi-layer decoder for decoding the encoded context and the encoded question;

a pointer generator for generating distributions over the first words from the context, the
second words from the question, and third words in a vocabulary based on an output from the
decoder; and

a switch for:

generating a weighting of the distribution over the first words from the context,
the distribution over the second words from the question, and the distribution over the
third words in the vocabulary;

generating a composite distribution based on the weighting of the distribution
over the first words from the context, the distribution over the second words from the
question, and the distribution over the third words in the vocabulary; and

selecting words for inclusion in an answer using the composite distribution.

2. The system of claim 1, wherein the context and the question correspond to a natural
language processing task type selected from question answering, machine translation, document
summarization, database query generation, sentiment analysis, natural language inference,

semantic role labeling, relation extraction, goal oriented dialogue, and pronoun resolution.

3. The system of claim 1 or 2, wherein the multi-layer encoder comprises:

a coattention network for determining a coattention between the first words in the context
and the second words in the question; and

parallel bi-directional long short term memories to compress outputs from the coattention

network.

4. The system of any one of claims 1-3, wherein the multi-layer encoder comprises:
parallel self-attention encoders for generating an attention across the context and an

attention across the question in parallel; and
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parallel bi-directional long short term memories for generating final encodings of the

context and the question in parallel based on the generated attention.

5. The system of any one of claims 1-4 wherein the multi-layer encoder comprises:

parallel encoding layers for encoding the first words from the context and the second
words from the question in parallel;

parallel linear networks for projecting the encodings of the first words from the context
and the second words from the question in parallel; and

a bidirectional long short term memory for further encoding the projections of the

encodings.

6. The system of any one of claims 1-5, wherein the multi-layer decoder comprises:

an encoding and embedding layer for encoding and embedding an intermediate version of
the answer;

a self-attention decoder for generating an attention between the encoded and embedded
intermediate version of the answer and a final encoding of the context;

a long short term memory for generating an intermediate decoder state from outputs of
the self-attention decoder; and

a context and question attention network for generating context and question decoder
states based on a final encoding of the context, a final encoding of the question, and the

intermediate decoder state.

7. The system of any one of claims 1-6, wherein the system is trained against a subset of
task types before being trained against a full set of task types that the system is designed to

process.

8. The system of claim 7, wherein the subset of task types are selected according to a

curriculum strategy.

9. The system of claim 7, wherein the subset of task types are selected according to an anti-

curriculum strategy.
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10. A method for natural language processing, the method comprising:

encoding first words from a context and second words from a question in parallel using a
multi-layer encoder;

decoding the encoded context and the encoded question using a multi-layer decoder;

generating distributions over the first words from the context, the second words from the
question, and third words in a vocabulary based on an output from the decoder;

generating a weighting of the distribution over the first words from the context, the
distribution over the second words from the question, and the distribution over the third words in
the vocabulary;

generating a composite distribution based on the weighting of the distribution over the
first words from the context, wthe distribution over the second words from the question, and the
distribution over the third words in the vocabulary; and

selecting words for inclusion in an answer using the composite distribution.

11. The method of claim 10, wherein the context and the question correspond to a natural
language processing task type selected from question answering, machine translation, document
summarization, database query generation, sentiment analysis, natural language inference,

semantic role labeling, relation extraction, goal oriented dialogue, and pronoun resolution.

12. The method of claim 10 or 11, further comprising:
determining a coattention between the first words in the context and the second words in

the question.

13. The method of any one of claims 10-12, further comprising:

generating an attention across the context and an attention across the question in parallel;
and

generating final encodings of the context and the question in parallel based on the

attention.

14. The method of any one of claims 10-13, further comprising:
encoding the first words from the context and the second words from the question in

parallel;
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projecting the encodings of the first words from the context and the second words from
the question in parallel; and

further encoding the projections of the encodings.

15. The method of any one of claims 10-14, further comprising:

encoding and embedding an intermediate version of the answer;

generating an attention between the encoded and embedded intermediate version of the
answer and a final encoding of the context;

generating an intermediate decoder state from the generated attention; and

generating context and question decoder states based on a final encoding of the context, a

final encoding of the question, and the intermediate decoder state.

16. The method of any one of claims 10-15, further comprising training the multi-layer
encoder and the multi-layer decoder against a subset of task types before being training the

multi-layer decoder and the multi-layer encoder against a full set of task types.

17. The method of claim 16, wherein the subset of task types are selected according to a

curriculum strategy.

18. The method of claim 16, wherein the subset of task types are selected according to an

anti-curriculum strategy.

19. A non-transitory machine-readable medium comprising executable code which when
executed by one or more processors associated with a computing device are adapted to cause the
one or more processors to perform a method comprising:

encoding first words from a context and second words from a question in parallel using a
multi-layer encoder;

decoding the encoded context and the encoded question using a multi-layer decoder;

generating distributions over the first words from the context, the second words from the
question, and third words in a vocabulary based on an output from the decoder;

generating a weighting of the distribution over the first words from the context, the
distribution over the second words from the question, and the distribution over the third words in

the vocabulary;
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generating a composite distribution based on the weighting of the distribution over the
first words from the context, the distribution over the second words from the question, and the
distribution over the third words in the vocabulary; and

selecting words for inclusion in an answer using the composite distribution.

20. The non-transitory machine-readable medium of claim 19, wherein the context and the
question correspond to a natural language processing task type selected from question answering,
machine translation, document summarization, database query generation, sentiment analysis,
natural language inference, semantic role labeling, relation extraction, goal oriented dialogue,

and pronoun resolution.
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