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Abstract Many tasks in natural language understanding. such as natural language inference, question
answering., and paraphrasing can be viewed as short text matching problems. Recently, the emergence
of a large number of datasets and deep learning models has made great success in short text matching.
However, little study has been done on analyzing the generalization of these datasets across different
text matching tasks, and how to leverage these supervised datasets of multiple domains to new
domains to reduce the cost of annotating and improve their performance. In this paper, we conduct an
extensive investigation of generalization and transfer across different datasets and show the factors
that affect the generalization through visualization. Specially, we experiment with a conventional
neural semantic matching model ESIM (enhanced sequential inference model) and a pre-trained
language model BERT (bidirectional encoder representations from transformers) over 10 common
datasets. We show that even BERT which is pre-trained on a large-scale dataset can still improve
performance on the target dataset through transfer learning. Following our analysis, we also
demonstrate that pre-training on multiple datasets shows good generalization and transfer. In the case
of a new domain and few-shot setting, BERT which we pre-train on the multiple datasets first and

then transfers to new datasets achieves exciting performance.
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Table 1 Statistics of Different Matching Datasets
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[CLS]+s, +[SEP]+s, +[SEP]. % th A £kt 4 3%
R R RE L) R R KR E N 128,
BERT #y43-ial {8 ] A 45 B9 WordPiece™ 43 ia] J7 85,
—~FRIE G A] RS B A 2 A - dA] FRATT A AR Al
T BERT-base-uncased FuAs 18 B 7 17 S5 56

3 ZWKkSMH

N TR TE BT ™ M P TSI AR i AR

JIT A 550 5 0 I 2 A R — 2, R AN 5] AL
fib A5 8, A B A S AT & A AR A 5
FEIX . ESIM A% 8 78 31 Zhad B2 p SR T early-
stop 4% A, f# F Adam™ ) 1k % #4546 4k, £
Glove300d 7 45 1L 14 1] & ; BER'T A& B X £ g 42
)R E N 2E—5, NEREF ) RER 1E—5,
2E—5,3E—5,4E—5,5E—5 R A0, Y 4k
5 T H1H.
3.1 EARRTLZHAFNKES

TREE 27 AR HRTTE SR B 48 D &2 s T
RAF I PERE  FRATTAR A 4R Mo AR 21 )2 5 B8 N — A 5
B B IZ AL BN — A8 00 B8 B L AN U T DI 25 e
IKBVIR G PERE. FRAT E B AE 5 A R B HE 4R i
TN, i T3 2o B8 A RN — O T T B Bl
FR 52 e FRATTRE AN KB A U 10 5 iR A R AT
Y2k, 73 AN RATT L BEHL A GX 5 A K His 48 B AILER 2
Ti YRR A, 4 — A B 8 HE 42 Multi-100K
(MTI100K) . 7E I & H 5 il g B 2 )5, RATHE
HoAth B B 45 L B AT KL R 78 B bR B 4R
AT T SNLI Al MNLI J2 =20 25 B 4R
B HEWT R AR L TR AR 2 N (LB L rp o AP
JED A I 2 28 2R & AR B0 DL AT IZ A SE 56

TIREE R 2 FiR . % 2 P EONER R, o
32 ESIM fEAIZE R, T R JE BERT fAIZE R,
2R A2 R B 4 e R e 2 /N B B L AT AR AR
TEACHE A, 504 SR H AR B s 48, SELF 17 % s 76 H b
By EIIZR AL, MT100K 17 %R 75 MT100K

Table 2 Generalization Experimental Results

®2 ZUXEER %
LA RS SciTail ~ WNLI ~ RTE ~ MRPC  WikiQA SNLI ~ MNLI  QNLI Ms marco QQr
SNLI 62.8 46.5 54.9 16.7 86.5 1 — 73.4 50.9 50.0 67.5
MNLI 67.6 43.7 63.2 58.0 87.0 | 80.8 - 51.2 49.9 66.8
QNLI 60.7 53.5 47.7 69.5 76.7 1 62.8 63.6 - 74.0 64.0
ESIM Ms marco 72.7 56.3 52.0 69.9 81.5 1 641 63.9 74.9 - 68.2
QQP 62.1 56.3 50.5 58.6 86.9 1 67.4 66.9 53.2 51.8 -
MT100K 74.7 46.5 62.1 69.5 83.7 1 — - - - -
SELF 82.6 57.8 57.0 69.0 88.0 1 90.4 81.8 82.4 83.8 88.1
SNLI 75.8 43.7 70.0 60.9 85.8 1 — 82.5 51.1 50.3 70.5
MNLI 77.2 42.3 73.3 57.3 87.4 1 86.7 - 50.5 50.1 72.5
QNLI 69.3 57.8 46.6 71.3 87.6 | 59.8 64.5 — 82.3 66.1
BERT Ms marco 82.7 43.7 57.8 67.7 795 | 58.0 51.8 77.1 - 67.9
QQr 73.9 47.9 53.5 65.6 86.8 | 68.8 69.5 54.0 52.3 -
MT100K 79.4 52.3 70.8 65.4 2.2 | — - - - -
SELF 94.9 56.3 67.5 85.2 91.4 | 92.8 88.4 91.3 92.7 88.3
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Fig. 1 Visualization of similarity between datasets
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Table 3  Generalization Results of Different Sizes of Mixed

Datasets on Small Datasets

®3 FEANENREHEEENBELNZUER %

B SciTail WNLI RTE MRPC  WikiQA
MT100K 79.4 52.3 70.8 65.4 82.2
MT200K 77.4 43.7 72.2 62.0 82.0
MT300K 78.5 42.5 73.7 65.1 85.2
MT400K 79.8 43.7 73.3 65.8 85.7
MT500K 85.2 43.7 75.1 67.5 86.6
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Table 4 Results of Transfer Experiment

x4 TBIBRER %
el /RS SciTail WNLI RTE MRPC  WikiQA SNLI MNLI QNLI Ms marco QQP
SNLI 87.5 59.2 63.9 76.4 89.7 - 72.0 82.9 88.5 84.3
MNLI 88.6 46.5 66.1 79.5 89.7 83.1 - 82.9 88.5 85.1
QNLI 88.0 56.3 65.3 77.8 89.5 83.7 70.8 - 89.3 85.2
ESIM Ms marco 87.7 50.7 66.8 77.9 90.0 83.0 70.8 83.0 - 85.1
QQP 85.2 54.9 62.1 75.7 89.6 81.6 68.8 82.2 88.3 -
MT100K 87.9 56.3 64.6 76.6 89.8 - - - - -
SELF 82.6 57.8 57.0 69.0 88.0 82.7 70.4 82.5 87.9 84.3
SNLI 95.3 56.3 74.4 85.7 91.8 - 81.6 90.0 92.7 88.1
MNLI 95.3 56.3 72.9 86.1 91.1 88.3 - 90.0 93.1 87.8
QNLI 95.7 56.3 72.9 85.2 92.2 87.9 81.5 - 92.9 88.2
BERT Ms marco 94.9 56.3 70.8 85.3 92.4 87.8 81.7 90.9 - 88.3
QQP 95.8 62.0 72.9 85.3 90.9 87.6 81.2 90.9 92.8 -
MT100K 95.5 56.3 75.8 84.8 92.4 - - - - —
SELF 94.9 56.33 67.5 85.2 91.4 87.7 81.0 91.3 92.7 88.3
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