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Scaling to Very Very Large Corpora for
Natural Language Disambiguation

Michele Banko and Eric Brill
Microsoft Research
1 Microsoft Way
Redmond, WA 98052 USA

{mbanko,brill}@microsoft.com

potentially large cost of annotating data for

Abstract those learning methods that rely on labeled text.
The empirical NLP community has put
The amount of readily available on-line substantial effort into evaluating performance of
text has reached hundreds of billions of a large number of machine learning methods
words and continues to grow. Yet for over fixed, and relatively small, data sets. Yet
most core natural language tasks, since we now have access to significantly more
algorithms continue to be optimized, data, one has to wonder what conclusions that
tested and compared after training on have been drawn on small data sets may carry
corpora consisting of only one million over when these learning methods are trained
words or less. In this paper, we using much larger corpora.
evalnate the nerformance of different In thic naner we nrecent a ctnidv of the

We propose that a logical next step for the research community would
be to direct efforts towards increasing the size of annotated training
collections
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A Neural Probabilistic Language Model

Yoshua Bengio et al.

http://goo.gl/977AQp
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Reducing the Dimensionality of Data
with Neural Networks

G. E. Hinton et al.

https://www.cs.cmu.edu/~tom/10701
11/slides/DeepNets science2006.pdf
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Generating Text
with Recurrent Neural Networks

Ilya Sutskever et al.

http://www.cs.utoronto.ca/

~ilya/pubs/2011/LANG-RNN.pdf %
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Figure 1. A Recurrent Neural Network is a very deep feedforward
neural network whose weights are shared across time. The non-
linear activation function used by the hidden units is the source of
the RNN’s rich dynamics.
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Linguistic Reqgularities in Continuous
Space Word Representations

Tomas Mikolov et al.

https://www.microsoft.com/en-
us/research/wp-

content/uploads/2016/02/rvecs.pdf
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Vector Offset Method
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King - Man + Woman = Queen

Vector Offset Method
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W(“woman")—=W('man") + W(king") ~ W(“queen")
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Sequence to Sequence Learning
with Neural Networks

Ilya Sutskever et al.

https://arxiv.org/pdf/1409.

3215.pdf



https://arxiv.org/pdf/1409.3215.pdf
https://arxiv.org/pdf/1409.3215.pdf

2014412, Ilya Sutskever bl O—45 2 REV—5 2V RIZE

#9 HRNN(LSTM)DEEN AN HEMEFRERICIS R TS 4LV X

ZHRLET,

[(BRDAETIEAID—H U REBTERITDANIRILIC

IVvTTBHDIZ, ZEMDLong Short-Term Memory (LSTM)

’HMH%T% ZDZ. ADEVDLSTMAY, CORIRILNSBHID
U=V RETIA—FT S, |

TN TIE, ZD2MSequence ZFEUDITTLSDIEIZATLED,
ZFNIEZDOMDSequenceMIELEKRI1ZFDELNDZETY , |
XD A F1dDSequenceMtEnn., RERDH 1DSequencez
BRI ADIZFASNAIBEERITDOANINILIEE, ZDDXXHN
RICEKRIZEHDIEFTRELTLAXDEKRDARYILLERIFICZ
thzUEE A,




Sequence to Sequence

ZDMIXDIDEZRTHLLY,

»
»
>~
»

T T I - % ¥ % e

A n C <LO4A> w x Y P 4

DAL COVRATLH, ABCELNSLU—H U AMNEZ onT=FF.
XyzEWIV— U AR 2EEFRLTLVS, <EOS>I(E, End
of Sequence TO—7 UV ADEDHOYZERT HFAlEEEE THD,
;Q):*Ub‘l U= ADBEISEEON-TR/INEDRIHRITH

o)



RDE( https://goo.gl/IJGckBP Mn)id, ZH5LI=AHh=X LA
T.RNNA, 3 "Echt dicke Kiste" & XM"Awesome
sauce" IZFERT A FERL TS, (CZTlE. XEDEDHY
&I <EOS>IF. ABREINTLVS)

1

0000 [0.0:0] L.::.J

I

l :

Encoder : Awesome sauce :

: i

(B N N B N N N N §N & N N _§B § N B N § N B N | r--------ql yx y} I

I 0 ! ’_L '__L I

| I ! |

: : 1 | @ O !

1 ‘ .

| I |

| h1 oy h2 — |h; — —:'-"' . > . I

I o W 6] W o] (@ - l
O I

: Xy X, Xy : : -!
I L _ 8 B B BN B BN B | ﬁl
: |
: |
: |
: |
: |

|


https://goo.gl/JGckBP

ZZTl&. EncoderZih’. XENExZIZEDRNNDRERIKEE h
M. FDOFEFEDecoderEfEINAZEIREINTLNS, AT
—H O ZADERD IV AN, CORBFIREE h

LWAHEZZNIELWY,

Encode

(TR D E#E)

Awesome
Y;

eoo00|
=

0000 [o:oo] [0900]

o=

Z/é’i’ﬂﬁ‘c“h’(

sauce
Y;

o=




Autoencoder®DecoderEpht. EfESN=1EHRMSITDIEER
#ETLESETBESIC,. Z2TIE. FDEHRHI LS. TRICEKRIE
D ADEBEBDXEZETLELIET S,

Awesome sauce
Y Y;
B 1
[») [¥]
hy T h, T " : " :
bl tud >
X X,
l000e| (e00e| (eco0 Decode

Echt dicke Kiste (5D 1ET)



Ilya Sutskever bl&. COT7—FTIUFv—T. HFEEITVA
SEICHIER T AV AT LZE{ERL. BLEUDRO7 T, 34.81&00V5
SfemE--=HLT-,

CDEDUATLIZ. SERERDLSTMTHERB N, TNEFNRH
8,000 RITTDIKREMN LT A3BAMBE D /I \NTA—E2—ZFDHD
f=o71-=,




RNN®D A EB&==7E 7
RNNIFIGEZEAEL TS

2015%




The Unreasonable Effectiveness
of Recurrent Neural Networks”

Andrej Karpathy

http://karpathy.github.io/2015/0
5/21/rnn-effectiveness/

2015 MO ChatGPT
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For @,_, .. where £, = 0, hence we can find a closed subset H in H and
any sets F on X, U is a closed immersion of S, then U — T is a separated algebraic
space.

Proof. Proof of (1). It also start we get
S=SpeC(R) = XxU X x U

and the comparicoly in the fibre product covering we have to prove the lemma
generated by [[Z xy U — V. Consider the maps M along the set of points
Schyyny and U — U is the fibre category of S in U in Section, 77 and the fact that
any U affine, see Morphisms, Lemma 77?7. Hence we obtain a scheme § and any
open subset W C U in Sh{G) such that Spec(R’) — § is smooth or an

U=|JUixs U

which has a nonzero morphism we may assume that f; is of finite presentation over
S. We claim that Oy . is a scheme where z, z', " € §’ such that Ox .- — O, . is

separated. By Algebra, Lemma 7?7 we can define a map of complexes GLg {z'/S")
and we win, =

To prove study we see that F|y is a covering of A", and 7 is an object of Fy g for
i > 0 and F, exists and let F; be a presheaf of Ox-modules on C as a F-module.
In particular F = U/F we have to show that

M*=71° Rspec(k) Og.s — i)—(l-r)
is a unique morphism of algebraic stacks. Note that
Arrows = (Sch/ S)?;f, Iz (SchfS) ppps

and
V =I'(S,0) — (U, Spec( A))
is an open subset of X. Thus U is affine. This is a continuous map of X is the

inverse, the groupoid scheme S.
AR ° Stack Theory O E%
28 ISE-50

Proof. See discussion of sheaves of sets.



Proof. Omitted. O

Lemma 0.1. Let C be a set of the construction.
Let C be a gerber covering. Let F be a quasi-coherent sheaves of O-modules. We
have to show that
Oo, = O0x(L)

Proof. This is an algebraic space with the composition of sheaves F on Xz, we
have

Ox (F) = {morphy xo, (G, F)}
where G defines an isomorphism F — F of O-modules, O
Lemma 0.2. This is an integer Z is injective,
Proof. See Spaces, Lemma 27, O

Lemma 0.3. Let S be a scheme. Let X be a scheme and X is an affine open
covering. Let U C X be a canonical and locally of fimite type. Let X be a scheme,
Let X be a scheme which is equal to the formal complex.

The follounng to the construction of the lernma follows.
Let X be a scheme. Let X be a scheme covering. Let

b: X =Y a0 Y Y a2Y xxY = X.
be a morphism of algebraic spaces over S and Y.

Proof. Let X be a nonzero scheme of X. Let X be an algebrai
quasi-coherent sheaf of Ox-modules. The following are equivalent

(1) F is an algebraic space over S.

(2) If X is an affine open covering.
Consider a common structure on X and X the functor Ox(U) v Stack Theory DHEMEZE
finite type. r%%‘]éﬂ'f:%@



This since F € F and r € G the diagram

S—_—

ror,

=a ———san X
Spec(Ky) Morse, d(Ox,,,.0)

is a limit. Then € i a Anite type and assume S is a flat and F and € s a finite
type f.. This is of finite type diagriuns, and

e the composition of § is a regular sequence,

o Oy is a sheal of rings.

O

Proof, We have see that X = Spec{R) and F is a Anite type representable by
algebraic space. The property F is a nite morphism of algebraic stacks. Then the
cobomology of X s an open neighbourbood of U

Proof, This is clear that G is a finite presentation, soe Lemmas 77,

A reduced above we conclixde that U is an open covering of C. The §
“field

Oxx = Fr -UOx,,,.) = OF10x,(0%))
is an isomorphisn of covering of Oy, If F is the unique element of F such that X
= an Bomorphisom.
The property F is a disjoint union of Proposition 77 and we can filtered set of
presemtations of a scheme O x-algebra with F are opens of finite type on
If F is a scheme theoretic image points. StaCk Theory 0)#5[*4%%
If F is a finite direct sum Ox, is a closed immersion, see Lenona 77 r%%‘ ] é-ﬂ-f::bd)
sequence of F is a similar morphism,
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\begin{proof}

We may assume that $\mathcal{l}$ is an abelian sheaf on $\mathcal{C}$.
\item Given a morphism $\Delta : \mathcal{F} \to \mathcal{l}$

is an injective and let $\mathfrak q$ be an abelian sheaf on $X$.

Let $\mathcal{F}$ be a fibered complex. Let $\mathcal{F}$ be a category.
\begin{enumerate}

\item \hyperref[setain-construction-phantom]{Lemma}
\label{lemma-characterize-quasi-finite}

Let $\mathcal{F}$ be an abelian quasi-coherent sheaf on $\mathcal{C}$.
Let $\mathcal{F}$ be a coherent $\mathcal{0}_X$-module. Then
$\mathcal{F}$ is an abelian catenary over $\mathcal{C}$.

\item The following are equivalent

\begin{enumerate}

\item $\mathcal{F}$ is an $\mathcal{0}_X$-module.

\end{lemma}



/*

* Increment the size file of the new incorrect UL_FILTER group information

* of the size generatively.
*/
static int indicate_policy(void)
{
int error;
if (fd == MARN_EPT) {
/*
* The kernel blank will coeld it to userspace.
w/
if (ss->segment < mem_total)
unblock_graph_and_set_blocked();
else
ret=1;
goto bail;
}
segaddr = in_SB(in.addr);
selector =seg / 16;
setup_works = true;
for (i = O; i < blocks; i++) {
seq = buf[i++];
bpf = bd->bd.next + i * search;
if (fd) {
current = blocked;

}

Linux®yY—Xa—k%
R=oREN S e ek 1))



/*
* If this error is set, we will need anything right after that BSD.
o
static void action_new_function(struct s_stat_info *wb)
{
unsigned long flags;
int lel_idx_bit = e->edd, *sys & ~((unsigned long) *FIRST_COMPAT);
buf[0] = OxFFFFFFFF & (bit << 4);
min(inc, slist->bytes);
printk(KERN_WARNING "Memory allocated %02x/%02x, "
"original MLL instead\n"),
min{(min(multi_run - s->len, max) * num_data_in),
frame_pos, sz + first_seg);
div_u64_w(val, inb_p);
spin_unlock(&disk->queue_lock);
mutex_unlock(&s->sock->mutex);
mutex_unlock(&func->mutex);
return disassemble(info->pending_bh);

}

static void num_serial_settings(struct tty_struct *tty)

{

if (tty == tty)
disable_single_st_p(dev);
pci_disable_spool(port); Linux®yY—Xa—k%

RIS M8 S E140



NLDEMSNT=TF AT

B | ZRINTWLNBDE=A., ...

ERSNERFLHFHRXLY —RAO—-FLE, BERKZ
ESTELN,

INLbDEREIN-TFR M TEKR] ZRNTWS,

==L, T30GER) THEEXRIL (21X, ELWESIZRA
B

RNNIE., XGEZFESEETETLWS!



Part 2 KRS 8"




ERODTHRIRMD RE
Agenda

Part 2 XBEEREREZBETILA

® 20164 : Attention Mechanism

® 20164 :Google =—a1—3 )L EER
® 20174 :Transformer

® 20194 :BERT



Attention Mechanism




Neural machine translation by jointly
learning to align and translate

Bahdanau, D., Cho, K., and Bengio, Y

https://arxiv.org/pdf/1409.0473.pdf
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Google’s Neural Machine Translation
System: Bridging the Gap between
Human and Machine Translation

Yonghui Wu et al.

https://arxiv.org/pdf/1609.08144.pdf
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Google’s Multilingual Neural Machine
ranslation System:
Enabling Zero-Shot Translation

Melvin Johnson et al.

https://arxiv.org/pdf/1611.04558.pdf
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Attention Is All You Need

Ashish Vaswani et al.

https://papers.nips.cc/paper files/paper/20
17/file/3f5ee243547dee91fbd053c1c4a845a
a-Paper.pdf
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Abstract

The dominant sequence transduction models are
based on complex recurrent or convolutional neural
networks that include an encoder and a decoder.

The best performing models also connect the encoder
and decoder through an attention mechanism.

We propose a new simple network architecture, the
Transformer, based solely on attention mechanisms,
dispensing with recurrence and convolutions entirely.



Background

The goal of reducing sequential computation also
forms the foundation of the Extended Neural GPU
[20], ByteNet [15] and ConvS2S [8], all of which use
convolutional neural networks as basic building block,
computing hidden representations in parallel for all
input and output positions.

In these models, the number of operations required
to relate signals from two arbitrary input or output
positions grows in the distance between positions,
linearly for ConvS2S and logarithmically for ByteNet.
This makes it more difficult to learn dependencies
between distant positions [11].



In the Transformer this is reduced to a constant
number of operations, albeit at the cost of reduced
effective resolution due to averaging attention-
weighted positions, an effect we counteract with
Multi-Head Attention as described in section 3.2.

Self-attention, sometimes called intra-attention is an
attention mechanism relating different positions of a

single sequence in order to compute a representation
of the sequence.

Self-attention has been used successfully in a variety
of tasks including reading comprehension, abstractive
summarization, textual entailment and learning task-
independent sentence representations [4, 22, 23, 19].



End-to-end memory networks are based on a
recurrent attention mechanism instead of sequence
aligned recurrence and have been shown to perform
well on simple-language question answering and
language modeling tasks [28].

To the best of our knowledge, however, the
Transformer is the first transduction model relying
entirely on self-attention to compute representations
of its input and output without using sequence
aligned RNNs or convolution.

In the following sections, we will describe the
Transformer, motivate self-attention and discuss its
advantages over models such as [14, 15] and [8].
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Model Architecture
Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N =
6 identical layers. Each layer has two sub-layers. The
first is a multi-head self-attention mechanism, and
the second is a simple, position wise fully connected
feed-forward network. We employ a residual
connection [10] around each of the two sub-layers,
followed by layer normalization [1]. That is, the
output of each sub-layer is LayerNorm(x +
Sublayer(x)), where Sublayer(x) is the function
implemented by the sub-layer itself. To facilitate
these residual connections, all sub-layers in the
model, as well as the embedding layers, produce
outputs of dimension dmodel = 512.



Model Architecture
Encoder and Decoder Stacks

Decoder: The decoder is also composed of a stack of
N = 6 identical layers. In addition to the two sub-
layers in each encoder layer, the decoder inserts a
third sub-layer, which performs multi-head attention
over the output of the encoder stack. Similar to the
encoder, we employ residual connections around each
of the sub-layers, followed by layer normalization. We
also modify the self-attention sub-layer in the
decoder stack to prevent positions from attending to
subsequent positions. This masking, combined with
fact that the output embeddings are offset by one
position, ensures that the predictions for position i
can depend only on the known outputs at positions
less than i.



Scaled Dot-Product Attention

We call our particular attention "Scaled Dot-Product
Attention" (Figure 2). The input consists of queries
and keys of dimension d,, and values of dimension d,,.

We compute the dot products of the query with all
keys, divide each by Jd?, and apply a softmax
function to obtain the weights on the values.

. QK"
Attention(Q,K,V) = softmax| — |V

Ja
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Multi-Head Attention

Instead of performing a single attention function with
dmoaer-dimensional keys, values and queries,

we found it beneficial to linearly project the queries,
keys and values h times with different, learned

linear projections to d;, d; and d,, dimensions,
respectively.

On each of these projected versions of queries, keys

and values we then perform the attention function in

parallel, yielding d,-dimensional output values. These
are concatenated and once again projected, resulting
in the final values,



Multi-Head Attention

Multi-head attention allows the model to jointly
attend to information from different representation
subspaces at different positions. With a single
attention head, averaging inhibits this.

MultiHead(Q,K,V) = concat(heady, -, head,)W?°
where head; = Attention(QWiQ, KwkX,vw")

Where the projections are parameter matrices

VViQ = Rdmodelek IWlk = Rdmodelek, WiV = Rdmodelev and
WO = thdemodel _



Multi-Head Attention

Multi-Head Attention

)
Linear dmodel = 512
T WO (= ]thdemodel
Concat
( 1“? ; VViQ - ]Rdmodelek
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Attention | l
- ‘f_t:% WiV (= Rdmodelev
dmodel - 512 Linear rLée.ar Linear PrO.eCtiOn
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MultiHead(Q, K,V) = concat(heady, -, head,)W?
head; = Attention(QW,°, KWK, vw})
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IV E ]Rdmodel VVLQ € Rdmodelek
K € ]Rdmodel Wlk = Rdmodelek
Q = ]Rdmodel WiV = ]Rdmodelev

QW dinoaer RIEDARIMILQ Edmogerxdy DITFIW, DFE
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head; = Attention(QWiQ, KWiK, VWiV)
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Bz,
Sentence A = The man went to the store.
Sentence B = He bought a gallon of milk.

29 5E. COZDDXIE DN TWNALHIBTEE T DT,
"IsNext"&ELVOITRNILEH T HEKIICFIFRLET

Sentence A = The man went to the store.
Sentence B = Penguins are flightless.

12ET5E COZDDOXIFEEMNFLD T, "NotNext" &UyD
INWVEBNTHRIISENELFET
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® GLUE: The General Language Understanding
Evaluation

® SQuUAD v1.1: The Stanford Question Answering
Dataset

® SWAG: Situations With Adversarial Generations
® MNLI: Multi-Genre Natural Language Inference
® QNLI: Question Natural Language Inference
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Pre-training ET L&D

BERT uses a bidirectional Transformer. OpenAl GPT
uses a left-to-right Transformer. BERT representations
are jointly conditioned on both left and right context in

all layers.

OpenAl GPT : left-to-right BERT: bidirectional



BERTTOEMD T HIRIR

~ In this work, we denote the number of layers
(1.e., Transformer blocks) as L, the hidden size as
H, and the number of self-attention heads as A.>
We primarily report results on two model sizes:
BERTgAsg (L=12, H=768, A=12, Total Param-
eters=110M) and BERT srge (L=24, H=1024,
A=16, Total Parameters=340M).

we denote input embedding as £, the final hidder

vector of the special [CLS] token as
d-the-final hidden vector for the i*! input token




Pre-traning BERTMD 42 X%

Masked LM

Masked LM

® 80% of the time: Replace the word with the [MASK]
token,

e.g., my dog is hairy — my dog is [MASK]

® 10% of the time: Replace the word with a random word,
e.g., my dog is hairy — my dog is apple

® 10% of the time: Keep the word unchanged,
e.g., my dog is hairy — my dog is hairy.

The purpose of this is to bias the representation towards the
actual observed word.



Pre-traning BERTMD 42 X%

NSP: Next Sentence Prediction

NSP: Next Sentence Prediction

® QA: Question Answering
® NLI: Natural Language Inference

Many important downstream tasks such as Question
Answering (QA) and Natural Language Inference (NLI) are
based on understanding the relationship between two
sentences, which is not directly captured by language
modeling.



Next Sentence Prediction

Input = [CLS] the man went to [MASK] store [SEP]
he bought a gallon [MASK] milk [SEP]

Label = IsNext

Input = [CLS] the man [MASK] to the store [SEP]
penguin [MASK] are flight ##less birds [SEP]

Label = NotNext



Pre-traning BERTMD 42 X%
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Fine-tuning BERTMD %X %

GLUE

GLUE: The General Language Understanding
Evaluation

a collection of diverse natural language understanding
tasks.

To fine-tune on GLUE, we represent the input
sequence (for single sentence or sentence pairs) as
described in Section 3, and use the final hidden
vector ¢ € R¥ corresponding to the first input token
([CLS]) as the aggregate representation.



Fine-tuning BERTMD 2 X%

SQuUAD v1.1

SQUAD v1.1: The Stanford Question Answering
Dataset

a collection of 100k crowd sourced question/answer
pairs.

Given a question and a passage from Wikipedia
containing the answer, the task is to predict the
answer text span in the passage.



SQUAD
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in the question
answering task, we
represent the input
question and passage
as a single packed
sequence, with the
question using the A
embedding and the
passage using the B
embedding. We only
introduce a start
vector S € R" and an
end vector E € R¥
during fine-tuning.



SQUAD v2.0

The SQUAD 2.0 task extends the SQUAD 1.1
problem definition by allowing for the possibility that
no short answer exists in the provided paragraph,
making the problem more realistic.

We use a simple approach to extend the SQUADv1.1
BERT model for this task. We treat questions that do
not have an answer as having an answer span with
start and end at the [CLS] token. The probability
space for the start and end answer span positions is
extended to include the position of the [CLS] token.



SWAG

SWAG: Situations With Adversarial Generations,
contains 113k sentence-pair completion examples
that evaluate grounded commonsense inference.

When fine-tuning on the SWAG dataset, we construct
four input sequences, each containing the
concatenation of the given sentence (sentence A) and
a possible continuation (sentence B).

The only task-specific parameters introduced is a
vector whose dot product with the [CLS] token
representation C denotes a score for each choice
which is normalized with a softmax layer



GLUE Benchmark Experient

MNLI Multi-Genre Natural Language Inference

is a large-scale, crowd sourced entailment
classification task (Williams et al., 2018). Given a pair
of sentences, the goal is to predict whether the
second sentence is an entailment, contradiction, or
neutral with respect to the first one.

QQP Quora Question Pairs

is a binary classification task where the goal is to
determine if two questions asked on Quora are
semantically equivalent (Chen et al., 2018).



QNLI Question Natural Language Inference
Is a version of the Stanford Question Answering
Dataset (Rajpurkar et al., 2016) which has been
converted to a binary classification task (Wang

et al., 2018a). The positive examples are (question,
sentence) pairs which do contain the correct

answer, and the negative examples are (question,
sentence) from the same paragraph which do not
contain the answer.



Multi-Genre Natural Language Inference

MNL1

> Given a pair of sentences,
- BN the goal is to predict
whether the second

BERT sentence is an entailment,
contradiction, or neutral

E RN = | R (= == with respect to the first
- ! B e < one.
E\? ,T:\,[SEP]‘,T:*\... ?
Sentence 1 Sentence 2

(a) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,
RTE, SWAG



SST-2 The Stanford Sentiment Treebank

is a binary single-sentence classification task
consisting of sentences extracted from movie reviews
with human annotations of their sentiment (Socher et
al., 2013).

CoLA The Corpus of Linguistic Acceptability

Is a binary single-sentence classification task, where
the goal is to predict whether an English sentence

is linguistically “acceptable” or not (Warstadt

et al., 2018).



The Stanford Sentiment Treebank

SST-2

AR
BERT
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Single Sentence

(b) Single Sentence Classification Tasks:
SST-2, CoLA

binary single-sentence
classification task
consisting of sentences
extracted from movie
reviews with human
annotations of their
sentiment



STS-B The Semantic Textual Similarity Benchmark

is a collection of sentence pairs drawn from news
headlines and other sources (Cer et al.,2017).

They were annotated with a score from 1 to 5 denoting
how similar the two sentences are in terms of semantic
meaning

MRPC Microsoft Research Paraphrase Corpus

consists of sentence pairs automatically extracted from
online news sources, with human annotations for
whether the sentences in the pair are semantically
equivalent (Dolan and Brockett, 2005).

CoNLL-2003 Named Entity Recognition

results. Hyperparameters were selected using the Dev
set. The reported Dev and Test scores are averaged
over 5 random restarts using those hyperparameters.



