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Abstract. Language model pre-training has led to significant success in a wide range of
natural language processing problems. It was shown that modern deep contextual language
models need only a small number of new parameters for fine-tuning due to the power of the
base model. Nevertheless, the statement of the problem itself makes it possible to search the
new approaches. Our experiments relate to the span-based question answering, one of machine
reading comprehension (MRC) tasks. Recent works use loss functions that require the model
to predict start and end positions of the answer in a contextual document. We propose a new
loss that additionally requires the model to correctly predict whether each token is contained in
the answer. Our hypothesis is that explicit using of this information can help the model to learn
more dependencies from data. Our solution also includes a new span’s ranking and a no-answer
examples selection scheme. We also propose approaches of accounting for information about
relative positions of tokens in the dependency trees and the types of dependencies in relation to
syntax-guided attention. The experiments showed that our approaches increase the quality of
BERT-like models on SQuAD datasets.
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Annoramus. Vicnonb3oBaHue Tpeo0OyUYeHHBIX SI3IKOBBIX MOJIEIE MPUBEJIO K 3HAUNTEb-
HOMY yCTIeXy B peIlIeHUU IMUPOKOTO Kpyra 3a71a4 00paboTKM ecTeCTBEHHOTO s13biKa. [TokaszaHo,
YTO COBPEMEHHBIM [NTyOOKUM SI3bIKOBBIM MOJIEJISIM I0OCTATOUHO JIMIIb HEOOIBIIIOTO KOJTNYECTBa
JIOTIOJHUTEbHBIX TAPAMETPOB JIsI JOOOYUEHUsI, YTO JOCTUTAETCS 32 CUET MOLIHOCTU 6a30BOM
monenu. TeM He MeHee cama MOCTaHOBKA 3a/auu JOOOyJYeHMs MTO3BOJISIET UCKATh HOBBIE IO/ -
XoJbl. Halmm akcrepuMeHTHI CBSI3aHbI € 3aa4eli TorcKa arara3oHa paBUIbHOTO OTBETA, OJ1-
HUM U3 BApUAHTOB 33/1a4¥ MAIlIMHHOTO TOHWMAaHUS MPOYUTAHHOTO. BO MHOTUX COBpEMEHHBIX
paboTax sl TaHHOU 3a/lauu UCTOJIb3YIOTCS (DYHKIIMU TIOTEPh, KOTOPbIE MPEAIOIAraloT, YTo
MOJIEJIb MpecKa3blBaeT TOJIHKO MO3UIIMY Havyajla U KOHIIA TPABUJIbHOTO OTBETA B JOKYMEHTE.
B manHoIi cTaThe mpeaioxeHa HoBasl (yHKIIMS MOTephb, HallpaBAeHHasl Ha TO, YTOObI MOJAEb
MpaBWJILHO TIPeACKa3bIBasia, COACPXKUTCS JIM KaXKIblii TOKEH B TIpaBUJIbHOM oTBeTe. Harra ru-
1oTe3a COCTOUT B TOM, YTO SIBHOE MCITOJIb30BaHME 3TOW MH(MOPMAIIMU MOXKET MTOMOYb MOJIe-
JI U3BJIeYb OOJIbIIIE 3aBUCUMOCTEN U3 MaHHBIX. [IpeiokeHHOe pelieHre TakKe BKITIoUaeT B
ce0s HOBYIO CXeMy PaHXXMPOBAHUS IUATIA30HOB 1 CXeMY BbIOOpA MTPUMEPOB 0€3 TPaBUIBLHOTO
otBeTa. [IpeanoxeHbl MOAXOABl K YUeTy MH(MOPMALIMM O B3AUMHOM PACITOJIOXEHUN TOKEHOB
B JIEPEBbSIX 3aBUCUMOCTEN W THUIAaX 3aBUCMMOCTEN BMECTE C MCITOJb30BAHUEM CUHTaKCUYe-
CKM YIIPaBJISIEMOTO MeXaHM3Ma BHUMaHUsI. DKCIIEPUMEHTBI TOKa3bIBAIOT, YTO MPEITOXKCHHBIE
MOAXOMAbI MOBBILIAIOT PE3YyIbTaT IJIs pellieHuil, ocHoBaHHbIX Ha Moneau BERT (Bidirectional
Encoder Representations from Transformers), Ha Habopax ganHEIX SQUAD (Stanford Question
Answering Dataset).

KiioueBbie cioBa: MalliHHOE 00yYeHUe, 00pabOTKa eCTeCTBEHHOTO SI3bIKa, BOIIPOCHO-OTBETHHIE
CHCTEMBI, MAIIMHHOE TTOHMMAaHWe ITPOYNTAHHOTO, CHHTAKCUYECKUIA pa300p 3aBUCHUMOCTEM

Jlna nutupoBanus: Pismenny A.A., Sokolov E.A. Token-wise approach to span-based question
answering // Computing, Telecommunications and Control. 2022. T. 15, Ne 4. C. 64—72. DOI:
10.18721/JCSTCS.15405

Introduction

Question Answering (QA) is an important natural language understanding problem. One of examples
of related tasks is span-based QA, where an answer is looked up as a sub-sequence in a contextual docu-
ment. Selecting the span of the answer to a question might be used as a final step in the open-domain QA
pipeline, therefore, advances in span-based QA can be applied for real-world question-answering prob-
lems [1]. Also, this task is one of the options of Machine Reading Comprehension (MRC) problem, where
the task is to read the text and answer questions based on it (in this case the answering form is span se-
lection). In this paper, we focus on a span-based QA task. Given a question and a passage containing the
information for understanding, the task is to predict the contiguous span of answer text in this passage.
Additional difficulty may lie in identifying those examples in which the passage does not contain a right
answer (no-answer examples). We propose new a training objective and suitable answer selection scheme.
Our approach is applied to a pre-trained BERT model [2]. Evaluation on challenging question answering
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tasks shows than the proposed solution benefits the model performance. Our additional experiments focus
on using information from dependency parsing. Our contributions are as follows:

1. We propose a new approach for span-based QA that takes into account more supervised information
from the dataset.

2. We propose new approaches of accounting for information about relative positions of tokens in the
dependency trees and the types of dependencies.

3. We validate our approaches on both SQUAD datasets and show that they are significantly better than
BERT baseline.

Related work

Contextual language model pre-training has significantly improved performance in a wide range of
NLU tasks including question-answering benchmarks. Some important examples are Embedding from
Language models (ELMo) [3], Bidirectional Encoder Representations from Transformers (BERT) [2]
and BERT-based approaches, such as RoOBERTa [4] and ALBERT [5]. Many of these models use the
self-attention mechanism proposed in Vaswani et al. [6]. For span-based QA, this mechanism can provide
bidirectional cross attention between the passage and the question. Many works have been devoted to the
inclusion of syntactic/semantic information for solving NLP tasks. For example, Zhang et al. [7] exper-
imented with adding explicit syntactic constraints to the attention mechanism by focusing on ancestors
in the dependency-parsing tree. Zhang et al. [8] used an additional module that processes information
received from semantic role labeling.

Proposed methods

Training objective and prediction. The standard training objective function for span-based question an-
swering is the negative sum of the log probabilities of the predicted distributions indexed by true start and
end indices averaged over all the training examples (Seo et al. [9], Yu et al. [10], Devlin et al. [2], Liu et al.
[4], Lan et al. [5] and others). On the one hand, the information about tokens between the start and end
answer tokens is also used in these models. On the other hand, it is possible to take this information into
account more explicitly. Our hypothesis is that using token-wise labels can help the model to learn more
dependencies from data. Our model predicts whether each particular token is contained in the answer. The
important question in this case is how to select answer on test data. The proposed solution is described
below.

Similarly to Devlin et al. [2], we use a start vector S € RY and an end vector E € R (fully connected
layers over the encoder output) during fine-tuning. The start and end logits for one example are computed
by

s=SH", e=EH'",
where H € R™ is encoder output,  is input length, d is hidden size.
We use the additional vector B € R for binary classification task. Suppose the correct answer is
spanned from i* to /™ token. Denote logits for the new vector by b = BH " The loss function is
‘C = 7\'S‘Cs + 7\'e‘Ce + 7\'bLb’

where XS, ?»e, Xb are hyperparameters. The components of the loss function are defined as follows

L = —log(softmax(s)i), L, = —log(softmax(e)j),
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Fig. 1. DT-BERT model
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The DT-BERT (Double Task BERT) model is shown in Fig. 1. The score of a candidate span from
position 7 to position j is defined as

2 bes

kei,j

T(i,j)=s+e+——
( ’ ) j—i+l
where a is a hyperparameter that is selected on the validation set. The maximum scoring span where j > i

is used as a prediction.
We also experimented with maximizing the following function:

P(i,j)=s+e, L Dlog(o(b))+ D, log(l-a(b,))|,
n\ ieij keOn—Lkei,;

which is equivalent to finding the span with the minimal value of the loss function (similarly to s, + e
maximizing for the base model). In this case, the model performed worse. Replacing 1/n coefficient with
a hyperparameter, which is selected on the validation set, gives comparable results.

The extra layer B can also be used to predict unanswerable questions. As usual for BERT-based models,
we treat questions that do not have an answer as having an answer span with start and end at the [CLS]
(null) token. We predict a non-null answer when max, ;- G(bi) > (S(b0 ) + 1, where the threshold T is

selected on the validation set (instead of max,_ J {Si +e /} > 5§, +e,+7T in [2]). For the task with unan-
swerable questions we first optimize the EM metric on the answerable questions by choosing a, and then
we choose the optimal threshold T on all questions for fixed a value (also for EM).
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Using information from dependency parsing. We adopt the self-attention layer modification proposed
in [7]. Given input token sequence S = S, S, ... S , where n denotes the sequence length, they derive the
ancestor node set Pi for each word s, according to the dependency tree. Then a nxn mask M is used to add

explicit syntactic constraints into attention mechanism (X is layer input, for example, the batch size is 1):

T
Attention (Q, K, V') = softmax (MJ v,

N

0, if jeP or j=i,
M, = _
7| —oo, otherwise

O=W°eX,K=W*X, V=Ww"X, X eR"™.

We propose to supplement this mechanism with the information about the distance from each token to
the root of the dependency tree corresponding to it (depth in a tree). We assume that this is sufficient in-
formation to understand the relative positions if we use described masking. The embeddings corresponding
to each depth value are added to the input of dependency-based attention module:

Q=W?(X+D), K=Ww*(X+D),V=w"(X+D),

where D € R™. If the level of the i* token is &, then D[i ] =FE [k] , where E € R™“, m is the maxi-
mum depth value, E is the learnable embeddings matrix for all depths, £ [k] is embedding for k™ level.

We are experimenting with two approaches: in the first case X is BERT encoder output (similarly to
[7]), in the second case X is a matrix of relations in dependency trees. Specifically, the i row of the matrix
is the embedding of the dependency between the i*" token and its parent in the dependency tree'.

We use special dependency embeddings for special tokens [CLS], [SEP], and [PAD]. Each of such
tokens corresponds to a separate dependency tree. For proposed approach we assume that each row of
Attention( ) output is some embedding of the path from the “root” of the sentence to the corresponding
token. The depth embeddings and the dependency embeddings are learned together with the model. In
both cases, the additional module repeats the Transformer encoder block's architecture. For the first model
dependency-based module's output is averaged with the BERT encoder output with weights w =w,=0.5,
for the second we use concatenation and slightly increase the dimension of the linear layers S, £ and B.

Experiments

Dataset and evaluation. Our experiments are carried on SQUAD 1.1 and SQuAD 2.0 datasets [11, 12]
for span-based question answering. The SQuAD 2.0 task extends the SQuUAD 1.1 by allowing for the pos-
sibility that no answer exists in the provided passage. The dataset statistics are described in Table 1 and
Table 2. The Dev set is another name for validation set.

Table 1
Dataset statistics of SQuAD 1.1

Train Dev Test
Num of examples 87.599 10.570 9.533

! Most of the dependencies are covered here: https://universaldependencies.org/u/dep/all.html
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Table 2
Dataset statistics of SQuAD 2.0

Train Dev Test

Total examples 130.319 11.873 8.862
Examples with answer 86.821 5.928 4.530
Examples w/o answer 43.498 5.945 4.332

Two official metrics are used to evaluate the model performance on SQuUAD datasets: Exact Match
(EM) and a softer metric of F1 score (they were used in original papers [11, 12] and also in the official
leaderboard). The EM measures the percentage of predictions that match any one of the ground truth an-
swers exactly. The F1 score measures the overlap between the prediction and ground truth answer (for one
example). The prediction and the ground truth are presented as bags of tokens, and their F1 is computed.
The average F1 is calculated for all examples; in each case, the maximum F1 for all ground truth answers
is taken. For unanswerable examples, EM and F1 are equal.

Implementation. We adopted the BERT-base-cased and BERT-large-cased-whole-word-masking?
(BERT wwm) as the baselines. We used one training epoch for BERT-wwm model on SQuUAD 1.1. For
BERT-base-cased training, we used 3 epochs on SQuUAD 1.1 and 4 epochs on SQuUAD 2.0. The number
of epochs was chosen from {1, 2, 3, 4} using learning rate 5 - 100> to maximize the performance of our
baselines. The initial learning rate was selected from {3 - 10,4 - 10,5 - 107, 6 - 107, 7.5 - 1075}. We used
the linear warmup for the first 10 % of steps followed by a linear decay to 0; L2 weight decay coefficient was
0.01. Weset A, =A =, = 1/3forproposed lossandA_=A_ = 1/2, A, = 0 for baseline loss; our experiments
with BERT-base on SQUAD 1.1 were done with double (x 2) weights A, A , A,. We used the WordPiece
embeddings [13]; the maximum input length was set to 384. Our implementation was based on the Pytorch
implementation of BERT? and Spacy dependency parser* (from "en_core_web_lg" model). The hidden
size in dependency-based module for syntactic path encoding was set to 30, the number of attention heads
was 3, and the intermediate size was 90.

Results. Table 3 shows SQUAD 1.1 Dev set results. Limited testing on this dataset is due to the fact that
getting results on a test dataset is not currently available. The DT-BERT model outperforms the baselines
in the task of choosing the correct span.

Table 3
SQuAD 1.1 Dev results
System EM F1
BERT-Base [2] 80.8 88.5
BERT-Base (our baseline) 80.94 88.67
DT on BERT-Base 82.04 88.81
BERT wwm (google-research-github®) 86.7 92.9
BERT wwm (our baseline) 87.38 93.36
DT on BERT wwm 87.87 93.54

DT-BERT results on SQUAD 2.0 compared to prior leaderboard "BERT-base" entries and published
BERT-base results are shown in Table 4.

2 https://github.com/google-research/bert/blob/master/README.md
3 https://github.com/huggingface/transformers

4 https:/spacy.io/models/en

° https://github.com/google-research/bert/blob/master/README.md
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Table 4
SQuAD 2.0 results. The results of BERT on the Dev set and Test set taken
from Yang et al. [14] and SQuAD 2.0 leaderboard® respectively
System Dev Test
EM F1 EM F1
BERT-Base [14] 73.66 76.30 — —
BERT-Base (best on leaderboard) — — 73.10 76.24
BERT-Base (our baseline) 73.74 76.71 73.30 76.28
DT on BERT-Base 74.48 77.54 74.77 77.71

We find the proposed way to encode the relative position in dependency trees and the proposed encod-
ing of the syntactic path useful as well.

Table 5
Results of models using dependency parsing, SQuAD 2.0
Dev Test
System
EM F1 EM F1
DT-BERT 74.48 77.54 74.77 77.71
+ Mask layer, input:
relation embs + depth embs 74.96 77.64 — —
BERT output 75.20 78.25 — —
BERT output + depth embs 75.35 78.24 75.47 78.23

We also evaluated the separate contribution of the proposed span’s scoring, no-answer detection and
mask layer over syntactic embeddings.

Table 6
SQuAD 2.0 Deyv, ablation results. In the last version (last row),
additional embeddings are not processed by the mask layer
System EM F1
DT-BERT 74.48 77.54
DT-BERT, w/0 new no-answer detection 74.02 76.93
DT-BERT, w/o new span scoring 74.08 77.44
DT-BERT , w/o both (only new loss) 73.62 76.81
DT-BERT + Mask layer, input: relation embs + depth embs 74.96 77.64
rela‘[iolr?ifmllgals5 Ii{l;)‘%\k/l[ aesrlriéesl?lg’/énr%ggk layer 74.70 77.28

We used the McNemar’s test [15] to test the statistical significance of SQUAD 1.1 and SQuAD 2.0 Dev
set results (SQuAD test data are not publicly available). This test can be adapted for classification tasks
[16], and span-based QA [17]. Our models are better than the baselines with p-value < 0.05.

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

We proposed a new approach for span-based question answering task, including new loss function,
span’s ranking and no-answer examples selection. The experiments on two widely used benchmarks
showed improving performance both for finding correct answers and for identifying unanswerable ques-
tions. The proposed solution requires a minimum number of extra parameters and can also be used for any
model that encodes input sequence tokens. The solution can be further improved by using more powerful
encoders or syntactic information as demonstrated. The proposed approaches to its accounting also allow
improving the results.
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