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Introduction: trends and problems



Trends
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Problems

1. Memory usage
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2. Inference speed
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3. Environmental cost
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Problems

1. Memory usage
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Problems

1. Memory usage

Consumption CO2e (Ibs)
. CHEEZ10|| EFXiSHZ| 02 Air travel, 1 passenger, NY ++SF 1984
Human life, avg, 1 year 11,023
. A E|7] & American life, avg, 1 year 36,156
Car, avg incl. fuel, 1 lifetime 126,000

Training one model (GPU)

2. Inference speed

NLP pipeline (parsing, SRL) 39
. MH| A El 7| (}l E:l ey w/ tuning & fexperimentation 78,468
Transformer (big) 192
w/ neural architecture search 626,155
3. Environmental cost Table 1: Estimated CO2 emissions from training com-
mon NLP models, compared to familiar consumption.'
» A0 MEEE 2HEHC HE

Energy and Policy Considerations for Deep Learning in NLP [Strubell et al., ACL 2019]



Related work: DistilBERT and TinyBERT



DistilBERT

- X|A & (Knowledge Distillation)
= WA REHIO[ Ol RF B2 E &2 RHO 50 0|85, 2= ofd HEo| st5S
=
_exp(z/ /T)
Y. exp(z] /T)

Distilling the knowledge in a neural network. [Hinton et al., NIPS workshop, 2015]



DistilBERT

- X|A & (Knowledge Distillation)
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DistilBERT

 Key idea
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L = tmimLmim + AkaLlra + AcosLcos

DistilBERT

Ground Truth
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DistilBERT

« Fine-tuning stage
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TinyBERT

- ERHAIZM ZFH (Transformer Distillation)

TinyBERTO| A X|Qtot WAL BERTE R Q| QIZHZ2| OFRE HEHZ 0|8 TFH

Transformer Layer:
yer: () » ]_| .—[ \3

Embedding Layer: D ‘ Attng g v
Prediction Layer: <7 ! - — - \'\
Layer Number: N > M ! ) ) . . \
Hidden Size: d > d’ ;  Avertion Matrices Attention Matrices =,
Teacher (BERT) ; & ) Lo R i
i [
| !
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Figure 1: An overview of Transformer distillation: (a) the framework of Transformer distillation, (b)
the details of Transformer-layer distillation consisting of Attn;,,¢(attention based distillation) and

Hidn,, ., (hidden states based distillation). . C . . .
TinyBERT: Distilling BERT for Natural Language Understanding [Jiao et al., Arxiv 2019]



TinyBERT

 Key idea
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Lembd = MSE(ESW,,ET)
Lhian = MSE(H*W,,, H”)

Lpred — _z.ti * log(Si)
i

Lembd(SO» TO):
Llayer (Sm; Tg (m)) = Lhidn (Sm: Tg (m)) + Lattn (Smr Tg (m))r
Lpred(SM» TN+1):

M+1
L= 2 )\m['layer(sm' Tg(m))

m=0

m:
M>2m>0
m=M+1



TinyBERT

Pre-training stage, Fine-tuning stage

KD Methods

KD at Pre-training Stage

KD at Fine-tuning Stage

INIT | Embd Attn Hidn Pred || Embd Attn Hidn Pred | DA
Distilled BILSTMgogt v v
BERT-PKD v iV
DistilBERT v v v
TinyBERT (our method) v v v v v v v |V




Our Work: Two stage Distillation in fine-tuning stage



Motivation

« Stage-wise training in Fitnets

WA REIZEE B3 a8 S KD AL

Algorithm 1 FitNet Stage-Wise Training.

The algorithm receives as input the trained parameters W of a teacher, the randomly initialized
parameters Wg of a FitNet, and two indices h and g corresponding to hint/guided layers, respec-
tively. Let Wig;n¢ be the teacher’s parameters up to the hint layer h. Let W guideq be the FitNet’s
parameters up to the guided layer g. Let W, be the regressor’s parameters. The first stage consists in
pre-training the student network up to the guided layer, based on the prediction error of the teacher’s
hint layer (line 4). The second stage 1s a KD training of the whole network (line 6).

Input: Ws, Wr,g,h
Output: Wg
Whint < {Wr?,...,Wy"}
WGuided < {Ws', ..., Wg?}
Intialize W} to small random values
Wuidea < argmin Lur(Wguided, Wr)
Weauided

{Ws',...,Ws?} < {Waguided™", - - -, Wguidea™?}
W < argmin L p(Wsg)

Wy

palb i

Fitnets: Hints for thin deep nets [Romero et al., ICLR, 2015]



Our Work

* Inspired by stage-wise training in Fitnets
MAF BERTZRE B (L) 7, KD S (Lyreq). 2 THRIFE HIOIE 40 Train

set 2] 10%E Validation set 2 2 AlE

r (5 T ) . Lembd(SO»TO)' m =0
layer\®m» fg(m)) — Lhidn(Sm' Tg(m)) + Lattn(Smr Tg(m))» M=m2>0

M
Lirm = 2 )\mLIayer(Sm: Tg(m))

m=0

Lpred — f(ZSJZT)



Experiment



Experiment setup (pre-training stage)

« Corpus

« Configuration

St Q7|4 C|OF + HFA + BEOFAFN = 15GB

Hidden Embd Intermediate #A:lteeandt;on #g i;’:rin Vocab #params
Teacher RoBERTa 768 768 3072 12 12 31331 110M
DistilRoBERTa 768 768 3072 12 6 31331 66M
TinyRoBERTa 312 312 1200 12 31331 14M




Experiment setup (fine-tuning stage)

Dataset

NSMC, KorQuAD, ETRI NER
KD function
NSMC Lored = MSE(Z5,Z7)

NER Lored = MSE(Z5,Z7)
KorQUAD | Lyreq = {MSE(Z5tart, Zarart) + MSE(Zopg, Z2na)}/2




Experiment result

Result

corpus NSMC KorQuAD 1.0 ETRI NER

size  TParams (Acc) (EM / F1) (F1)

BERT-Multilingual [8, 9] - 110M 87.43 77.69 / 89.98 ~/91.92
BERT-ETRI [9] 23.5G 110M - 84.72 / 92.74 -
BERT-ZEfA EHD [8] 540M 110M 86.57 - ~/91.58
RoBERTa-EE A B [10] 15G 110M 89.88 - ~/94.79
RoBERTa-XtA (Teacher) [11] 18G 110M 91.14 87.11 / 94.47 92.80 / 93.47
DistilRoBERTa 15G 66M 89.93 82.99 / 91.42 92.13 / 91.75
+ pred 90.02 83.97 / 92.47 92.22 / 92.09
+ trm + pred 89.89 83.13 / 91.66 90.73 / 92.31
TinyRoBERTa 15G 14M 87.20 72.01 / 83.22 86.88 / 85.70
+ pred 87.87 75.16 / 86.31 87.15 / 84.58
+ trm + pred 88.20 75.90 / 87.05 87.69 / 85.05




Conclusion and future work



Conclusion and future work
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Thanks for your attention !



