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EDAD: Efficient Domain Adaptive Distillation by Integrating
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In the field of natural language processing, a lot of progress has been made with the advent of Transformer
having a self-attention mechanism. At the same time, the recently increasing model size causes difficulties in
deploying the model for online serving that requires fast inference. To address this issue, one can employ model
compression techniques when a target domain is coherent with the training corpus (i.e., a general domain) of
pre-trained models such as BERT. However, the additional domain adaptation step is required along with model
compression when we leverage such pre-trained models for special target domains such as medicine, law,
finance, etc. In this paper, we propose an Efficient Domain Adaptive Distillation (EDAD) method to efficiently
create a lightweight model capable of fast inference for a target domain by integrating knowledge distillation,
which is one of the popular model compression methods, and domain adaptation processes. Experimental results
demonstrate that EDAD can train a compact model for a target domain with much lower computational costs by
integrating the two individual processes, adaptation and compression, into a single process and shows
comparable performance with existing methods for named entity recognition (NER) tasks in the medical
domain.

Keywords: Named Entity Recognition, Natural Language Processing, Domain Adaptation, Knowledge
Distillation
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Figure 1. EDAD Framework. (A-left) Teacher model, (A-right) student model and (B) original module

A A&H e ol o AllA AWt 3, teacher
5293 student 22 EF F4H vocabulary?l exBERTY vo-
cabulary & AH-8-¢HT}. exBERT ] vocabulary & original BERT <]
vocabularyll &3t E=r|Qlo] E~E 2 FE WordPiece (Wu et
al., 2016) FA o2 HEA W T E3¥ (domain-specific)
vocabulary & F7}E &74ste] RHEo]7th. o] W domain-spe-
cific vocabulary®l| 4] original BERTS] vocabulary$} A& to
kenE 25 A Aot o] €A BE01% vocabulary <]
A7) original BERT vocabulary®] Z7]¢1 30,5229 do-

main-specific vocabulary®] 7191 17,6580] T34 3 48,180
ojtt.
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=uel AEE A T ofof, ¢l ALY 7Y T
S 2 TinyBERTE A&t TinyBERT= A4 o #%
student 2@ 2] ZE layer] ZHA “d el (hidden state)S} 2] 3

2 (attention matrix)% teacher®] &% layer®] 24 e 9
FE3} FANAEE FEsl= WHolt dF £91, teacher
2499 layer/} 127H o] 1L student ZH 9| layer7} 471<1 7,
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D9 kA layer ZHe] A4 Hol7} APHATh FAHHO=E, (a)
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Z+2] mean squared error(©] 3} MSE), (b) multi-head attention ]|
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HF2 Q1 masked language modeling(MLM)3} next sentence pre-
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9} “I-Disease” 2] named entity 7} EA 3ok, =H|¢] & &3 2] 4]
SF FA ol AHEE o5t =Hle] §2E H ol H = PubMed
Central(PMC, https://www.ncbi.nlm.nih.gov/pme/tools/ftp/)oll &
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teacher 2@ 22 epoch¥ 3] loss7} FHIL
student R g oz ‘3 9—% gtgol dagh Hd, B
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T HAHS A, =9 48
Z A7HE 9 1] 8l time cost® 3W
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4.4.1 PMC500M 2.2 8t<5¥ =9 7} ¥ 2 (BERT,
0iBioBERT, 0iSciBERT, exBERT)
<Table 1> PMCS00M& 2§34 <53k
stream Ej 2230 g A F}o|t}, o 7] A ParamsT
e N4E ou| gttt £3F Teacher Z2E9] Time Coste =
Wl A3 FAAGel A Y A 7S, student ZDES] Time Cost
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Table 1. Comparison Results of BERT, 0iBioBERT, 0iSciBERT, and exBERT

Model Params Time Cost (H) ‘ BC5CDR BioNLP09 NCBI-disease Average

Teacher Model

BERT 110M - 85.1754.0.3096 89.3804-0,0767 91.064540.1287 88.5401:0.1717

0iBioBERT 110M 9. 7402 85.5299:03719 90.0898:0.1004 91.176140.2021 88.9319:0.2248

0iSciBERT 111M 10.6:0.1 85.9016:0.0397 90.3897-0.0695 91.6535:0.1086 89.3150:0.0726

exBERT 152M 141502 86.12970.1587 91.4077 20,0884 91.8331:0.1910 89.7902.0.1460
Student Model

BERTap I5SM 4.6:00 83.2744.0.0963 87.5442.40750 90.202710.1293 87.0071:0.1004

0iBioBERTgp ISM 143492 83.53260.0046 88.4730-0.0570 90.4914.0,0559 87.4990-0.0692

0iSciBER Tgp I5SM 155402 83.7249-0.1055 89.1764-0.0656 90.211540.0979 87.7043:0.0897

exBERTap 22M 21.6192 83.7393.0.1623 90.0453.0.1308 90.5952.:0.0669 88.1266-0.1200

Table 2. Comparison with exBERTgp and EDAD

Model Params Time Cost BC5CDR BioNLP09 NCBI-disease Average
Student Model
exBERTgp 22M 21.6402 83.7393.0.1623 90.0453:0.1308 90.59520.0669 88.1266:0.1200
EDAD 22M 17.4:0, 84.1471:9,592 90.2555:0.0595 90.6800-0.1383 88.36090.0557
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Table 3. EDAD vs. Pretrained Model of Using a Large Dataset for Domain Adaptation

Model Params Time Cost BCS5CDR BioNLP09 NCBI-disease Average

Teacher Model

BioBERT 109M 1104h 88.5435:0.2128 91.7610:0.2000 92.9517:0.1213 91.085449.1781

SciBERT 111M 672h 88.321540.1473 92.0259:0.1633 93.0337:0.1460 91.1270:0.1522
Student Model

BioBERTep 14M 1108.1:00 83.9479.0.0863 88.6230:0.0664 90.0468.:0.0849 87.5392:0.0792

SciBERTen 15M 676.340.1 84.5567:0.0980 89.7536.0.0468 90.8911.0.0715 88.4005:0.0722

EDAD 22M 17402 84.1471:00592 90.2555:0.0595 90.6800x.1383 88.3609.0.0857

Table 4. Results for the Effect of Scheduling of «

Model BC5CDR BioNLP09 NCBI-disease Average
Only DA(e=1) 82.2035.0.1044 89.3904-0.0585 89.5085.0.0473 87.034 10,0701
Only DT(a=2) 84.1738.0.1930 89.8971:0.1026 89.9760-.08s 88.0156:0.1281

Same ratio(a=0.5) 84.0446-0.1031 89.85040.1429 90.0598:0.0177 87.9849:0.0879

Linear 84.147 1100592 90.255549.0505 90.6800-0.1383 88.36090.0857

Linear reverse 84.07380.1700

89.91400,0573

90.2483.9.1629 88.07870.1305

Cosine 84.1412.0.0805

89.8814:0.0509

90.3499-0.0942 88.124249.0752

Cosine reverse 83.7576.0.0840

89.8400-0.0616

90.34370.1039 87.9804-0.0832
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