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[ Abstract] Text classification is an important field of natural language processing, in recent years, with the development of deep
networks, large—scale pre—trained models have increasingly become the mainstream model of text classification tasks, but the
inference speed of large models is large, and the size is difficult to apply in devices with limited computing resources, and large
models have parameter redundancy problems. In order to perform model compression on pre—trained models as much as possible in
the case of excessive performance loss, this paper proposes a smaller and faster BERT class model SmBERT, which is double the
compression ratio by the native BERT first through secondary self—distillation longitudinally, followed by the knowledge distillation
of multiple learning targets, and then the language knowledge of the large model is enriched by multi—dimensional migration of the
language knowledge of the target model, and finally the width of the model is pruned from the hidden layer and attention head
direction using cross —language task pruning to achieve the width of the model and finally obtain SmBERT. Through testing,
SmBERT, which has only 35% of the parameter amount of BERT on the QQP, QNLI, SST-2, MRPC and RTE datasets,
performed 94% of its comprehensive performance and surpassed the original model on the small dataset RTE, and the inference
speed was increased by 6.1 times.
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Fig. 1 SmBERT network structure
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Tab. 1 Training parameters for two self—distillations

General Language Understanding

W R R 0.3 0.4
MR R K 0.000 6 0.000 8
SRS 0.000 01 0.000 01

A 15 15

S—WrBokt )5 BERT 2843 6 2, 31X H AR
RERIPEA T2 R BOA 200 K2 AR N 3 2. %
TR — P BB R S B R, AR SCR A T IR
R ER R R FIAR AL R KR K, fE TR
TEZE N A e it 2 o i 2 SO0 38 5 5 B Rz 1Y 2
BBz AR SR A T RO R I R

AkZEAE MNLI % dls 46 1 01T 2 H AR 2848, A 3
R T IR GRE FEN R LU Bz R, S8 E& 2,

®2 ZEFMRRBIESH

Tab. 2 Multi—objective knowledge distillation training parameters

S8 Huf

AR T 3
AR ZEL o 5.0
TR R B 2.0
ARTZAHUE SR R Ay 1.0
EES 2e-5

TESC R 208 5 IR SCRUND BT £ 5 48 paws—
x b AT T HARME 5 03 B S 8O AL, e 4153
Smaller—BERT , /] LA $& FH 5 AU (32 Ak 1 Fll 2238 5 ik
BeE

BeJa AR SCRA TR TR KL EIF LN
Text—Pruner . HA XY £ 17 B A , b SIS PN
JFOR I 3 072 FRARH] 2 048 K5 7 1 Sk B DR
12 AR 8 4,

VIS SmBERT Hyll g4 ad 2
3.1 BHEERITMEER

Oy BIHEZAT 55 SR o5 R AT S R0 o AT B3 4
GLUE #9 QQP ,QNLI SST-2 MRPC RTE 5 %4
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SR WA R A 2 (0 AT 55 5 SST-2 S8R
AR IR A3 AT 55 s MRPC 2 ] 7 4] o 2 15 R SL 55
W89 Z I3 RAE 55 s RTE J2 R SCR 28 5 19 — 70 21T
%o BNBAEERAI I 3,
x3 THRBIBEFELDH
Tab. 3 Experimental sample distribution of each dataset /k

QQP QNLI SST-2 MRPC RTE
xS 364 100 67 3.7 2.5
TR 40 5.5 0.9 0.4 0.3
=S 390 5.5 1.8 1.7 3

Xf T SST-2, QNLI, RTE %4 5 #9345 45
HER R ( Precision) , H AR (15)
Precision = _mw (15)
TP + FP
Horpr, TP F7RIFREA Sy TE A, F500 45 Rt 4y i
BIRIREAEL, FP 3R JEAEA g B 45, 0 248 2R A 1
BIRIFEAES
#1715 Recall $51EFHABAR BRI, 2 (16) .

Hodr, FN FoRIFREAR A 1E 1], 10 25 51 671 4]
MREAR L

QQP Fll MRPC 44 i IEAEAS Lol 3 5, PRt
R F1EAE 845, 65 5 oy 28 3t Re
i tRbs , Hats A (17)

Fl = 2 X Precision X Recall

(17)

Precision + Recall

32 ZWERS5HH

T B UE SmBERT [ R 48 8054, A SCE# 1
BERT-base , GPT,BERT-large 7E 5 /%35 4 it
£ 5 SmBERT #EATRCRXT H . % T 345 1 BR 1,
R ) e B A A B B A 128, T S [ f A58 76 AR
ATRER AR T A B, R R T 38 % IR PR 5%
SmBERT [ B, A< SCS2 50 1 Bk T BERT —large 7l
GPT, AR A R AR R — i & T TR 3, BIK
(1), 2 BRI HA 2R FH 0.000 01 f4 24 > 3R AN 128 [ d K
JPH B ZEAR AT 55 Bt 2 AT 000, 15 25 51
W 4,

%4 SmBERT SAE#ERE 5 MELSMIXEAERERTLE

Tab. 4 SmBERT performance comparison with different models in 5 task test sets

A ZHE/M QQP QNLI SST-2 MRPC RTE RS SEig i

BERT-base 110 71.6+ 91.0+ 93.9+ 85.6— 64.4~ 81.3

GPT 117 70.3 87.4 91.3 82.3 56.0 7.5

BERT-large 340 72.1 92.7 94.9 89.3 70.1 83.8

BERT-3 45.7 63.6 83.2 85.1 80.8 56.9 73.9

SmBERT 38.6 65.1 83.7 86.4 82.5 64.5 76.4
WM 4 PR, FEHEAR BRI S N BRE L TIRBIR 96% 1R ), 76 RTE BdidE b E it T
(P-4 5050 ME 2 R 4 LU SRR S WA B 1)z IR RICR: U] SmBERT X /N 64T 55 B2 H.

fefeSr . XF Y8 4R LA H, SmBERT A H T
JRAE Y BERT-base , HUH T H 35% (S 5 il ik 5]
T 94% - B 48 b, EA K R 46 L, R B s 4
TR [ () 24T 55 SCARPRAEBE 71, 24 SmBERT
5 GPT BAIX} Fe i, & B SmBERT /X T GPT &
I 33% 1) 2 B0 ik B T H 99% 11 - ¥ 1 fg
SmBERT U 11% M 280 5Lk 3] 7 H 91% 191
¥ RE

Ak, SmBERT 7E 5 MT 45 BB R B8 kT
BERT-3 ( Bl BERT 97 3 JZ), i SmBERT )3}
/DT BERT, WEB T4 SCUIN 2507 16 A b 2
TR T ELHEAE H ARG AR TR0 ) I 4%

16 5 MR | SmBERT f£4% T 94%14 BERT
—base IR X fE 1, LHIETE /NG 4 MRPC R 8

{0
N T RGBT /N SAT 55 i PR REAIZ AL fE
71, AR3CEEE T 5 RTE FEA B iR 2 (19 MRPC AT
55 BT R A TIR ST SERATR LK 5,
®5 HWEEMRPC FEEHN F1E
Tab. 5 The F1 value of each model in the MRPC development set

A ZE E i F1

BERT-base 12 110M 0.850
BERT-6 6 70.0M 0.836
DistilBERT 6 70.0M 0.836
Theseus 6 70.0 M 0.863
BERT-3 3 45.7M 0.762
DistilBERT-3 3 45.7M 0.753
Theseus—3 3 45.7M 0.789
SmBERT 3 38.6M 0.858

5 BERT, DistilBERT, Theseus & H: 1 [’ 4% X}
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te,SmBERT 25w/ D S 0L, %8 MRPC 191 &
IR IAUR T B A Theseus , (R T #EAILE /NEL
PEEAL S LRIz e, [RIE SmBERT 2 # i
[7i) S R B ST AR T AR SR 45 7 1 A 5

T 9 SmBERT X 45 3 3 B2 (19 42 T, A< Sy
5% Fl BERT-base F11 SmBERT X4 32x512 1y
BEA LA R A TR, BRI DX LG L35 6,

®6 MIERERLE

Tab. 6 Comparison of reasoning time

S 474 PR ]/ md B2/ ms
BERT-base 831.83 5.58
BERT-6 540.04 2.47
BERT-3 362.30 2.52
SmBERT 136.14 1.15
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