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Reranking corrected sentences with our proposal. Original
Bidirectional Transformer Reranker (BTR). Top-1: Ypase compare Best
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Datasets - : - : :
Comparison between Unidirectional and Bidirectional Decoders
Grammatical error correction: a sequence-to-sequence (seq2seq) task, which
, d , 1 ( 9 q) ’ Dataset Usage Lang  # of data (pairs) . - . A, = BTR
requires a model to correct an ungrammatical sentence. . . A o = R2L
Realnewslike pre-train EN 148,566,392 3 e TSGEC
error correction cLang-8 train EN 2,372,119 2 — RoBERTa
Input: I Output: I CoNLL-13 valid EN 1,381 g 9 Unidirectional decoding: R2L, TSGEC
Thank you for invite me S&%%'Seelq Thank y.ou for inviting me to your party last week . CoNLL-14 test EN 1,312 % Bidirectional decoding: RoBERTa, BTR
to your party last week . %
Left to right decoding (unidirectional) BEA test EN 4,477 ge) 1 /\4 - /\ e B\\
JFLEG test EN 747 T e N7 s
While a fully pre-trained seq2seq model can generate several high-quality Table 1: Dataset sizes. ; O
grammatical sentences using beam search and even achieve state-of-the-art results, . . 3 . ! ? B 7B
. : . Main Results Token position (5)
there may still be a gap between the selected hypothesis and the most grammatical
one due to the unidirectional prediction. Model o T S GrEo Comparison between Seq2seq and Encoder-only Structures
| Output 1 (Model selection) Oracle 55.11 67.87 i 61.13 0.8 | TR o
Thank for inviting ... TSGEC* - 65.13 69.38 - — BTRape —5
Input: _ Beam search T5SGEC 49.36 65.11 70.51 59.04 2 0.6 ~ = BTRowan =10
Thank you for invite me < %el ‘ —  |Output 2 (Most grammatical one) ROL 50.02 64.92 71.42 58.93 = — P =2
to your party last week . Thank you for inviting ... w/o L2R 49 19 64.54 69 .76 58 69 B 0.4 ——-- RoBERTa, atygin =0
u RoBERTa (1 = 0.1) W/0 Qtrqin 49.35 65.04 70.55 59.17 é 0.9 - Ifooggggz,acxzn:fo
W0 Grgin, A 46.48 60.90 64.05 57.49 . ~ - — - RoBERTa, train = 20
. : : : : BTR(A = 0.4) 50.22 65.47 71.27 59.17
Therefqrg .1t 1S potent.lal for improving the perform.an.ce of pre-trained seq2seq e s S . - 0. Qerain > 0: Usage of negative sampling
models by utilizing the entire representations of the prediction, i.e., the bidirectional WIO Ggraimy A 45.34 59.48 63.60 57.62 } Seq2seq structure: R2L, BTR
\ representations. / \ Table 2: Results for the models on each dataset with candidates from T5GEC. Encoder-only structure: RoBERTa /
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(for masked tokens) . . .
1. I t 4. Obj ective Function Y goia € Y: gold correction for the given x.
Bidirectional [ Softtmax ) Decoder Usage Inputs x Masked Targets y\,
Transformer (—Cinear ] Self-supervised learning for pre-training Thank you <X> me to your party <Y> week . <X> for <M> you last <Z> Fory € 'y’ U {ygold}a we follow the setting of BERT to mndomly mask 15% of
( AddF&ll\;orm e Supervised learning for fine-tuning Thank you for invite me to your party last week . Thank you so <M> me to your party <M> week . y as y\K , where k denotes the set of masked pOSitiOIlS. The distribution of the
[ Forward J Table 3: Examples of data pairs. masked tokens satisfies the 8:1:1 masking strategy.
Encoder ' ' 1mi .
et [[ o 3— 3. Score Target Sentence Given the masked target y\,, the model parameter 6 of the BTR is optimized by:
FOF:E;;:Ir Cross-attention [ x a” pOSSible
| P i ] ] targets Y PLL(y|x; 6) log p(Wic|%, Y\ 0) zZ[Il log p(yj|%, y\e; 8) + (1 = 1) log(1 = p(y;|2, y\,c; 6))]
Lx —| Add&INorm ] [ Add & Norm }e=— g 5 ( | ) B exp( |y|) jEK \ Y J | Y J
[ stinead ) - S fix) = PLL(y'|x; 0) maxmize likelihood minimize unlikelihood
= § ex ( )
= " g, y'e Yy P ly'|
- ' y S L.
positional O G—() Posttiona! 5 5 5 8 2. Target Sentence Probability Where 1 is the indicator function, defined as follows:
L 1 ¥ query 4. Accept Target sentence
[ Emberding ] [ Emberding ] |y| (1 lfy — ygold;
Input: . Output (shifteo! right): 1ng(y|x' H) ~ PLL(yli 8) — z lng(yjlx, Y\K' 8) Final result = { YBTR lf f(YBTR |x) o f(Ybase |x) > A ) 1= 0 lfy +* ygold
I:?/zltjl}lg:ri(z/rlgz‘:xerlf. t<oMyZuryp?aur’:y?ggtv\l:/l;ekn.qe J=1k={j} Ybase if f(yBTR |x) T f(ybase |x) < A \
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