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- It is amazing.

Itis awesome ~ — Itis perfect.

N It is fantastic.
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RAML3%< (Reward Augmented Maximum Likelihood)

(Norouzi et al. 2016 ):
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Algorithm 1: Learning to Augment for Data-Scarce
Domain BERT Compression

th B W N

o G0 =1 &
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14

Require : training set D, validation data D"

Initialize the KD module and reinforced selector;

Construct the distribution F; using Eq. 10;

Sample from P, and get training data D’;

for each batch xp in D’ do

Obtain teacher model output f*(z;), student
model output f*(z;) and get state sp;

Augment data using Eq. 9 and obtain action ay;

Update the student model using Eq. 1;

Obtain the reward 7}, using Eq. 13;

Store (s, ap,Tp) in episode history H;

end

for each turple (sy, ap, 1) in the history H do
Obtain the accumulated reward using Eq. ‘ 14;
Update policy 7, using Eq. 15, o

end -
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Natural Language Inference (NLI)
+ Source: MultiNLI B ERELIE 40 )

« Target: SciTalil

Paraphrase Identification (PlI)

 Source: Quora question pairs BARIEAENT ), (RIS ART
« Target: CIKM AnalytiCup 2018

Text classification
 Source: SST-2

PANSE |
« Target: RT 40T

o
—>
b
i

L b

IS
M

Review helpfulness prediction

* Amazon review dataset I B A R A1 % VE S Y| SR B
e Source: Electronics domain

« Target: Watches domain
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BERT E£48 /5%
« MINILM (Wang et al. 2020)
« DistIBERT (Sanh et al. 2019)
« BERT-PKD (Sun et al. 2019)

- TinyBERT (Jiao et al. 2019) BT T HUEIEE
« BIiLSTMsorr (Tang et al. 2019)—" " i

FIEIL R A
« EDA (Wei and Zou. 2019)
« CBERT (Wu et al.2019 )

=[S
« L2A w/o src
« L2A w/o tgt
« L2A w/o Latt
« L2A w/o Lhidden
« L2A w/o Ldark
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SERDH
Method Model NLI PI Text Classification Regression Task
Size ACC F1 ACC F1 ACC F1 P. S.

Student-FT 14.5M 0.7380 0.6928 0.8844 0.7435 0.7188 0.7309  0.3878 0.3225
BiLSTMgorr 10.IM  0.5890 0.5006 0.8622 0.7009 0.4839  0.6522 - -

DistilBERT  52.2M 0.6891 0.5648 0.8991 0.7775 0.6776 0.6966 0.4048 0.3343
BERT4-PKD 522M 0.5809 0.5819 0.9041 0.7956 0.6173 0.5189 0.4466 0.3778
BERTs-PKD 67/M 0.6980 0.6201 0.9060 0.8040 0.6370 0.6311 0.4482 0.3923

MINILM 33M 0.7512 0.6314 0.9024 0.7858 0.7020 0.7022 0.4441 0.4132
TinyBERT 145M 0.7319 0.6143 0.8787 0.7274 0.7235 0.7392 0.2653 0.2139
EDA 14.5M 0.7465 0.6375 09030 0.7920 0.7254 0.7428 0.4554 0.3887
CBERT ) 0.7469 0.6820 0.8925 0.7654 0.7366 0.7020 0.4680 0.3891
L2A 14.5M 0.7827 0.7152 09195 0.8275 0.7798 0.7614 0.4852 0.4204

L2ALME T B FERE. BERTANMRZXME A AN B KL EUEIRR LA,
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Method Model NLI PI Text Classification  Regression Task
eHo Size "ACC _ Fl ACC Fl ACC Tl P, S.

Teacher-FT  109M 0.7639 0.6935 0.9225 0.8359 0.7573 0.7604  0.4874 0.4264
Student-FT 14.5M 0.7380 0.6928 0.8844 0.7435 0.7188 0.7309  0.3878 0.3225

L2A. /6 tgt 0.7714 0.7025 0.8549 0.6730 0.7610 0.7442 04715 0.4119
L2A, /0 sre 145M 07615 0.6955 09144 0.8165 0.7526 0.7523 0.4757 0.3992
L2A 0.7827 0.7152 0.9195 0.8275 0.7798 0.7614  0.4852 0.4204

Teacher-FT#IStudent-FT 4 5| Ateacherflistudent ) Bl Il 5L AL i _b EARAESS U ZR BRI ZRg ARy, Riifine tuning
w/o src YIZFNER Ftarget domainfit £k
w/o tgtill|Z; fisource domainZi#s, M3 ftarget domainZi

B L2ATEFREESPEITL2A w/o srcfIL2A w/o tgt, XKER
T RigE B inE{E BRI EIEIG R n FE iR SR B B

B ERUERRAILE, EINEBIRY R MESRSFENKRI,
HEZ RS S ZIMiE S E1F ISR
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~— KD(w/o DA) 0.80
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0.76 : -
0.74 —e— teacher
.74 / KD(w/o DA)
0 0.72 _~—— L2A(Tgt only)
I - —— | 2A(Tgt+5Src)
0.721 0.70 9
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data size data size

Figure 2: Ablation study on different target domain data sizes.

B URREIERRYE, EEUANNATIEE, EERT AR
TS,
B SERL AT AR EE BIBERT T SRR RS A0 AR 1.
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Table 3: Ablation study on different distillation objectives.

Lxkp WO Lye WO Lhidden W0 Liark
ACC 0.7798 0.7563 0.7629 0.7647
F1 0.7614 0.7506 0.7608 0.7433

B SCIOVERA, EANRZXEBAH, FMERANIIENERIEB. REEEE.
Dark knowledg ek E’i%lli_%—mﬂ’ﬂﬂ?ﬁﬁo
B ZREETASFIERBIN T RIEMEE,

|x1
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Experiments

HRSL IR - S M RBE ST
Ps(z|x) = P(d,o,w|x) = P(d|x)P(o|d, x) P(wl|o, d, x).

/

P(d|z) = G:Ep{—d@c(d, m) P(w|o,d,z) = exp(Porrr (w){Z)
- ¥ 2
S exp{—e/a}te(e,m)’ >_; exp(Peerr(w;)/T)
—— ACC —— ACC
0.77 /\+/H‘ g;gg — F1
0.76 0.750
0.75 0.745
0.740
0.74 0.735
0.73 0.730
0.72 \\.”’/‘ 0.725
. 1 2 3 4 5 6 7 8 0.6 0.7 0.8 0.9 1.0
T a
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R E 2 5 EIASIE D BB BUTHIRE A, MTISENIEEE TR,
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AutoML: Other Works

Learning to Mutate with AdaBERT: Task-Adaptive
Hypergradient Guided BERT Compression with D-
Population, NeurlPS 2020. NAS, IJCAI 2020
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