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Through the algorithm analysis and case study of MRC task, we confirm the issues of existing models and propose a two-level approach + Source:
for integrating token features and grammatical structure of token-pairs into sentence encoding. + SQuAD1.1: StandFord Question Answering Datasets
* For token-level, we select the valid features from the candidates for different tokens according to the actual context, sentinel vector is * ReCoRD: Reading Comprehension with Commonsense Reasoning Datasets
added. And for sentence level, \We transform the dependency tree of sentence inte m-hop matrixes, and then integrate the information * Content:
through multi-head attention mechanism. . SQuADI 1
‘We combine different features that need to be intreduced to conduct experiments, find that the impact of features varies on different . guestions based on 500 articles in Wikipedia

datasets. We choose DocQA, pre-trained model Google BERT_base, KT NET_base as baseline methods. Our mode! achieves 0 63 - queshons are in the form of interrogative sentences
improvements in SQuAD1.1 dataset and +£ 43 '+ \mprnvamﬂnts in ReCoRD dataset than the best result of = the 11 types of samples are summarized in following table
baseline methed, better than the curmrent state-of-the-art models.

Number

56905 40!
9300 1671
i Which 6620 1353
Modeling Fch £ez9 3
How many 5735 350
How 4893
. . N N + ReCoRD
+ Task: Span extraction of MR task, which predicts the answer by locating the start and the end position in a context 110,750 sarpl withalrge porion of queries raquirng cormrcnene ressaring
- Given a question (| = |71}, 7y, ., J with Dtokens and a context [ = 47,7, ., ,n? with 7 tokens: 0,740 52 - ¢ reas
M N - questions are a sentence with @placeholder instead of the mlssmg text span that needs to be predicted
= The extracted answer is a span in 0.
+ Construction: TLE-BERT model is based on BERT, and enhance the BERT embedding in two levels: token-level and sentence-level.
= Inloken-level, for each token [ € 0 u 0, we add external knowledge (|1 from the synonym dictionary and the semantic features .
of the token. The features are introduced by sentinel mechanism.
+ In=entence-level, the dependency relations [1 is fused by multi-head attention ism with the token - Data P rep rocessi ng
Stan probubilities End probabilities P ——— -
I I | ! - Method:
Output Layer [N Eel BN *  Features of the sentences we used are mainly obtained through the spaCy tool.
+ Modify the tokenized method of spaCy to make it consistent with BERT.
] Mubi-head attention - Analysis:
T —— L S - The tokenization mechanism of the pre-trained language model BERT is differant from the spaCy’s.
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Original:  For .|\~ glery did Father O'Hara helieved that the Notre Dame foothall team played !

ronet == T - BERT:  Faor glory did Father 0'Haza believed that the Notre Dame football team pliyed !
Syntactic Self:Matching Layer Syntacic erl‘su;t:wmg spaCy:  For - glory did Father O Hars believed that the Notre Dame football team played
Features = *
Concat
- Tokenlevel Intogration Layer .
Model Evaluation
Semantic G N
Feawes Encoding Layer 7 «  Standard: MRC task usually needs [ value and Extract Match (1 ) for comprehensive evaluation
Synsets . : calculate the degree of overlap between the predicted and the correct answer

Question + Paragraph

. 11 the ration of the number of overapped characters to the number of correct answer characters

« 0o Jl he ration of the number of overlapped characters to the predicted answer characters
Encoding Layer based on BERT Model ¢ o=

Input: | = {_y, }, U is the number of tokens. + [ :precise ITIE‘[(LNFIQ i 7

T "",”"".";‘ aasioaton mbatuaed in e dasahiaton ek T ree (208 LA FEC). WAE). " Tne SCUAD! 1 daasel, sach queston ay rave il candicate answers o
. is the classification label used in the classification tas! . g
+ [00] s used to distinguish the question and the context sequence + the predicted answer only needs to exactly match one of the candidate answers

1= [|000 0, [, a1
* Encoding: for each token [;, the initial text embedding
to obtain the initial input [
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position embedding (¥ and segment embedding (7% are added together

Result Analysis

QOutput: input em‘beddlnb t passes through the N-layer encoder of BERT to get context-aware representation _ and the output
embedding sequence | of this layer.
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Environment And Setup

Token-level Integration Layer + Environment:

+ python3.5.2 ™
This layer integrates the semantic features O and & nal kn with the context-aware embedding representation [}, - PaddlePaddie-gpul.8.2 I
- Semantic features [ are identified from input sequence = NLTK3.5 =T L -
+ include three embedding sequences, POS tag s, %) entity type tag 7, = {7} and noun phrase tag [, : - spaCy224 ™ LS S—
+ enhance semantics on the basis of BERT embadding + CUDA10.0.130 -
- External knowledge (1] are synonyms retrieved from WordMet « experiments are performed on 2 20801 GPUs - -
+ enrich the BERT ion with external k * Setup: £w =
Input: semantic features{_{ '"}. some synonyms |00 | and BERT embedding [ Y. (for @ach token [ in 1) + parameters of the BERT_base in PaddlePaddle version = B
Integration: + the trained model has 12 layers with 768 hidden layer dimension -
- calculate twn attention weights of [+token betwaen [-semantic feature and (1-Synonym, Jand Y * maximum sequence length is set to 384 L leds
-+ token-level feature's dimension is 20 L Leld
« leaming rate is 3e-05 i o Lr Soit
: + epoch 3 < N Epoch -
* ftokenized mechanism is WordPiece
.
Output: | °"ca.te"a‘i Ie + General result: compared TLE-BERT with three models DocQA, Google BERT base and KT-NET (based on BERT base) in our
N v ! environment.
. + On 5QuAD1.1, TLE-BERT gets a gain of +0.63 (+0.68  over the BERT base
Self—Matchlng Layer + On ReCoRD, TLE-BERT achieves +£.43 1+6.79 improvements.
+ Input: token-level enriched representation {1:}1-, as input.
+  Method: use self-attenti ism to interact context- & embedding {{ ?}.semnticfeatures{ 11} and external knowledge {
This operation mainly discovers the direct and indirect interactions between tokens.
- Output: [ =05 DocQA(ELMa} - 44.13 45.39

Google BERT_base{ours) 8125 8841 5598 5799
Sentence-level Layer KT-NET_base(ours) 8156 88.75 60.79 6281

TLE-BERT(ours) 81.88 89.09 62.42 64.78
This layer introduces the dependencies of sentence-level into token embedding to get the structure message of the tokens.
Input: Self-Matching layer output 1~ and multi-hop dependency matrices - Different feature result: Introduce different features to the model to compare results
2 + NAN in following tabel is the KT-NET_base model containing synset knowledge, without any token or sentence level features.

+ convert the pair-wise dependency of tokens into a 1-hop dependency matrix [ ?

. ”zl e ——
L + exist N : "‘”"5_ NAN 81.56 B88.75 60.79 62.81
s dependency matrix based on ! S +POS B191  89.06 6206 6455
* "= ' b *ET 81.64 88.91 62.33 64.67
. The exa mple of multi-hop matrices is on the right \_ Buston_ +NP B169 8890 6170 6421
. getlhree |nput-based}engar 1, s througr: +DEP 81.83 89.05 62.23 64.69
e e ALL 81.88 89.09 6242 6478
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- Analysis:
Token-level
+ POS achieve better performance in SQuAD1.1 than in ReCoRD, while ET is the opposite
+ POS provides grammatical information that the SQuAD1.1 dataset lacks, and ReCoRD needs entity information for reasoning.
Sentence-level
- Depandency relation improves the parformance of the model on both datasets, which alse confirms our previous conjecture that
the pre-trained language model does not obiain the sentence dependency as well.

[
]l

o

calculate the [-th head self-attention based on [-hop matrix

concatenale a\l heads to get the embedding representation
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Ourpul‘ pmdud Ine oulpul = {s} through [

Token Embedding Multihop Matrices

_tp t Layer
L Conclusion
« Input: sentence layer output [

+  Output: start probabllltyr..‘I and end probability I} for each token
1

= This paper proposes a new meihod of enhancing language representation through token-level and sentence-level features.
* We can select appropriate features as extemal information according to the characteristics of the dataset or the application

background to improve the model performance.
Objectwe Function We employ an attention mechanism to fuse multiple token-level features and make the model learn to pick a valid feature set by

5 sentinel vectors
= Objective function is the log- ood - The sentence-level features enhance the language representation with syntactic infarmation of the sentence

. D=- #E?—, [log =ty +log .25} «  Experiments have shown that our method is better than the curent SOTA BERT base models.




