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Fast multi-granularity inference
deep neural networks for text reading comprehension
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[ Abstract] Machine reading comprehension task ( MRC) is an important research direction in the field of natural language
processing. Applying deep learning network to research machine reading comprehension has become the mainstream methods at
present. Considering the computational redundancy and homogeneity in depth network, a fast multi—granularity inference deep neural
network (FMG) is proposed in this paper. The FMG model takes convolutional neural network and attention mechanism as the basic
underlying architecture vertically, and multi — granularity passage representation and question representation are interacted in a
hierarchical interactive way horizontally, so as to jointly realize the inference of answers. The experimental results show that the
multi—granularity inference mechanism is effective in improving the performance of the model, and the model improves the training
speed compared with the classical recurrent neural networks model.
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Fig. 2 Fast multi-granularity inference deep neural networks
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WFFEER T FMG R B ALTE SRR B3RS T
70.96%/81.54% [X) EM/F, 730, b ffEAR BRI 35 75 T
73.72%/81.15% 1) EM/F, 5350, bR i A 7 16
UEAE ERYRBL, B 1 A LAY R 1, K1
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F1 SQuAD HIEE FAEERARH
Tab. 1 The performances of different models on SQuAD datset

AR EM/F, EM/F,
LR Baseline( Rajpurkar %,2016) 40.0/51.0  40.4/51.0
Match-LSTM with Ptr( Wang % ,2016) 64.1/73.9  64.7/73.7
FastQA ( Weissenborn % ,2017a) -/- 68.4/77.1
BiDAF (Seo %#,2016) 68.0/77.3  68.0/77.3
RasoR ( Lee %,2016) 66.4/74.9 -/-
FastQAExt( Weissenborn 45 ,2017b) 70.8/78.9  70.8/78.9
Ruminating Reader( GongDeng ,2017) 70.6/79.5  70.6/79.5
jNet( Zhang % ,2017) -/- 68.7/77.4
R-Net( Group,2017) 71.1/79.5  71.3/79.7
DCN+ -/ 74.9/82.8
SLQA -/- 74.5/82.8
FusionNet ( Huang % ,2017) -/- 76.0/83.5
QANet( Yu 4,2018) 73.6/82.7 -/~
CGDE and FGIn( Cao %,2021) 66.4/77.6 -/-
FMG ( Ultra lightweight) 70.96/81.54
FMG ( Standard ) 73.72/83.15

4.2 RAMR

P FE RIFE R EREE IR T QANet 5 FMG A%
BRI YIAR I, o 45 SR L3 2, T 3L, FMG A
VRS AR 2538 B 2 QANet Y 1.2 3%, 13X & AR 7E
ARELIHSERE L T QANet BYIEN T, FMG #
BRI AR 25 8 B R QANet 1) 8.7 %, FMG A if
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BORIAEYIN SRRy 1.2 AE RSO0, 3645 1 & T 1A
5 CNN B QANet 2.33%/1.78% 1) EM/F, 43
B ARG R T 4 AR BERT b AR5 T T2k

HiHY 3.56%/3.97% ) EM/F, 7348, FMG #3461
AR EE KT 24 AERE LU IR T 5 T4t
1 1.23%/1.83%1 EM/F, 5254,

%2 SQuAD ##E& F FMG ##8 5 E LKA K E EXT b
Tab. 2 Speed comparison between FMG model and baseline models on SQuAD datset

T L/ (FEAKL - s71) el T AEH( LA QANet S JETE)
BiDAF( Seo 45 ,2016) - - éx(éﬁ%ﬂwﬁ?(m 4 2018))
QANet( Yu %,2018) 80 138 1.0x

FMG ( Standard ) 96 155 1.2x
FMG ( Ultra lightweight ) 696 71 8.7x

4.3 ERIELEK

ZE T IR 48 ) O RGO AT EE R L 3, K 3
i Modell 5 Model2 #57 J8& 2 B A R BF 5% 22 4
HET 25 # A AR B B ZE CNN - A Blocks ™7 25 Bk
Fusion #4028 B 2K B8 1] 19 22 005 58 B A =X 2l oy
S ith J 2 B 2t 0 28 B I A 4 R A s AN
B FRAF TS ELIRNG B2 5 2 A dmbdHe i Hh 2 vk
fRH—1k, BAME R TR R, 72250
TS DL AR U 9 1Y) 22 60 8 HE T AL ) d SR 2 8 T
EM/F, 53 %0, FMG ( Standard ) 3k 1% & T Model2
0.91%/1.54% 14385, FMG2 3K158 T % T Modell
0.72%/1.03% W7 %0, HZTE CNN 28545 T
Model2 [Z5F T, FMG2 155 Rt SE A8 4 22003 HE Wi
PRI AVE P, BB T Model2 BT (30

R3 SHERN IR X

Tab. 3 Effect comparison of multi—granularity inference structure

FEi CNNs Blocks Z¥(st/7i  EM F,
FMG ( Standard ) 5 3 1552 71.50 81.27
FMG( Ultra lightweight) 1 1 78.0 69.23 79.13
Modell 3 3 133.9  69.91 79.48
Model2 5 3 154.1 70.59 79.73
FMG2 3 3 134.8  70.63 80.44

T : Modell 5 Model2 JE7E FMG L6t F 25 [ 25 7 5 HE Wi HL 41
(e[|
AR FMG AR AL 7R 2 — e YR %
T KGO0 T, & (B4R 17 1) S I 18] P 52 )l SC A 4
Wik P AR Y 2 () I R 3, R 202 RNN #82
R 24 522, FMG bRUfERER) fEHR 5 T FMG
AR YR = RNN B 4 f5 2 £,

5 ZRiE

ARTCHR T — DR 22 A I TR J3E Ao 22 X 2%
FMG, FMG BRIk 0] b LA ARp 28 0 2% 0

TIRILH A AR A, B ) B DL 2R 11 SRS
ARFHEE MR AL 2SS R, LR SEBAE SR 1
RN, SCUZE SRR, 20 hL B A WAL 7 2 e R
R EBA AN, FETATHECR, T —
A B ARG AN SO Hh % 2200 B2 #E W AL il 1 T
BERT #4784, X CNN - A #5 e E 47 o, ok 3 it
BERT 573 rf (14 Jt i 25 F1 M 2%, LAPR R A SC 2 AL
JEHEWTHLN ) B 22 ] fEdE:
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