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Introduction: Domain Adaptation

- Given a pre-trained transformer-based language model

- There are two main domain adaptation approaches:
Further pre-training on domain data & Pre-training from scratch

- BUT domain adaptation is challenging:

* Further domain pre-training: not enough domain-specific
tokens and less contextual understanding, domain mismatch,
catastrophic forgetting, overfitting

* Pre-training from scratch: domain-specific data is not
diverse enough, and training is computationally expensive
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Source: Domain-Spe cific Language Model Pretraining for Biomedical Natural Language Processing (2021)

Why domain adaptation is critical for the medical domain? —



Introduction: Significance of the Study

- In the biomedical domain, there are many
branches with specific terms and oftentimes

not enough labeled data for the pre-training

- Biomedical language understanding is critical
for applications like healthcare information
retrieval or medical diagnosis

- There is a clear need for effective domain
adaptation and knowledge transfer strategies in
the biomedical domain

Corpus

General GPT [1],BERT [2], XLNet [3], RoBERTa [4], ELECTRA [5], T5 [6], ALBERT [7],
BART [8], UnilM [115]

Social Media HateBERT [81], RoBERTa-Twitter [111], RoBERTa-Reviews [34],BERT-SentiX
[83], XLM-R-Twitter[112], Bertweet [129],BertweetCovid19 [129], CT-BERT [130]

Language-based

Domain-specific

Monlingual BanglaBERT [132], IndoBERT [136], IndonesianBERT [92],PhoBERT [137],
RobBERT [138], RomanianBERT [139], FIauBERT [140], AraBERT [141],
AraGPT2 [142], AraELECTRA [143], FinnishBERT [145),ParsBERT [133]

Multilingual MuRIL [97], IndicBERT [98], mT5 [99], mT6 [91], InfoXLM [90], mBERT [2],
mBART [65], XLM-100 [63], XLM-R [64], XLM-RXL [131], XLM-RXXL [131],
Unicoder [103], IndoBART [88]

Finance

FinBERT [31]
Legal
AlLeaseBERT [32], LegalBERT [33]
News
RoBERTa-News [34]
Programming CodeBERT [36], PLBART [37], GraphCodeBERT [38], CoText [39], CodeGPT
[35], CodeGPT-adapted [35]
Networking
NetBERT [41]
Academic
SciBERT [43], OAG-BERT [42],MathBERT [44]
Dialogue
TOD-BERT [40]
Biomedical

BioBERT [45], ClinicalBERT [46), BlueBERT [48], PubMedBERT [47]

Source: AMMUS : A Survey of Transformer-based Pretrained Models in Natural Language Processing (2021)

How much domain knowledge a vocabulary have? —



Introduction: Domain-specific Knowledge

Syntactical Knowledge

Biomedical Term Category BERT SciBERT PubMedBERT (Ours)
diabetes disease v v v
leukemia disease v v v
lithium drug v v v
insulin drug v v v
DNA gene v v v
promoter gene v v v
hypertension disease hyper-tension v v
nephropathy disease ne-ph-rop-athy v v
lymphoma disease l-ym-ph-oma v v
lidocaine drug lid-oca-ine] v v
oropharyngeal organ oro-pha-ryn-ge-al or-opharyngeal v
cardiomyocyte cell card-iom-yo-cy-te cardiomy-ocyte v
chloramphenicol drug ch-lor-amp-hen-ico-1  chlor-amp-hen-icol v
RecA gene Rec-A Rec-A v
acetyltransferase gene ace-ty-lt-ran-sf-eras-e  acetyl-transferase v
clonidine drug cl-oni-dine clon-idine v
naloxone drug na-lo-xon-e nal-oxo-ne v

Source : Domain-Spe cific Language Mode| Pretraining for Biomedical Natural Language Processing (2021)

PubMedBERT- PubMedBERT-
BERT BlueBERT
abstract fulltext

BERT 100% 100% 37% 40%
BlueBERT - 100% 37% 40%

PubMedBERT-
- - 100% 83%
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Research Objective

Objective:

- Given two transformer-based pre-trained language models (T-PTLMs): general and domain-
specific, design a framework for adapting the general model to the specific domain by using
their vocabularies and corresponding word embeddings.

Limitations:
- Limited computational resources
- No further domain-specific training or fine-tuning

- No access to the pre-training corpora of both models

What is our research methodology7 6



Research Methodology

Models: BERT-base-uncased (BERT), PubMedBERT-base-uncased-abstract-fulltext (PubMedBERT)

Main research question: Can the domain-specific knowledge be successfully transferred via contextual
token embeddings?

Evaluation: Performance on domain-specific benchmark (Bio-LM)

Task Name Domain Task  Metric | Task Name Domain  Task Metric sequence
(" BC5-CDR-Chemical PubMed NER. Fl | 12B2-2012 Clinical N.ER. Fl 7 labelling tasks
BC5-CDR-Disease PubMed N.ER. F1 12B2-2014 Clinical ~ De-ID F1
JNLPBA PubMed N.E.R. Fl HOC PubMed  Multi-label classif. Macro-F1
seguence NCBI-D PubMed N.E.R. Fl ChemProt PubMed Rel. extract. Macro-F1 v .
lab "q task < BC4CHEMD PubMed NER. Fl | GAD PubMed  Binary Rel. Extract. Fl classification
abelling tasks BC2GM PubMed NER. Fl | EU-ADR PubMed  Binary Rel. Extract. Fl tasks
LINNEAEUS PubMed N.ER. Fl DDI-2013 PubMed Rel. Extract. Micro-F1
Species-800 PubMed N.E.R. Fl [2B2-2010-RE  Clinical  Rel. extract. Fl
\. [2B2-2010 Clinical N.ER. F1 MedNLI Clinical ~ NLI Acc

Experimental setup (1/3) —



Experimental Setup (1/ 3)
1. Off-the-shelf transformer-based language models
2. Random re-initialization of token embeddings
3. Vocabulary Reduction

4. Knowledge Transfer (V = vocabulary, E = embedding matrix):

- Naive replacement: Vsource = Vrarcer Esource = ETarceT

- Replacement W|th random re'initialization: VSOURCE = VTARGET' ESOURCE = N(H.SOURCE, O-.SZOURCE)

Experimental setup (2 / C’V 8



Experimental Setup (2 / 3)

4. Knowledge Transfer (T = tokenizer, E = embedding matrix):

- Syntactic knowledge transfer:

Common tokens: Tgprr(‘nation”) = ['nation'] = Esynracric('nation’) = Eggrr(‘nation’)
* Domain-specific tokens: Tggrr('lymphoma’) = ['l', "##ym', "##ph', "##oma']
1
= Egynracric('lymphoma’) = i (Epgrr('l) + Eggrr(‘##ym') + Epgrr('##ph") + Eggrr('##oma’))

- Semantic knowledge transfer:

Common tokens: Tgprr(‘nation’) = ['nation'] = Esgyantic('nation’) = Eggrr(‘nation’)

Domain-specific tokens (m = 3): cossimpggrr n pubmeaserT, m=3( lymphoma’) = ['nhl’, 'cancer’, "tumor’]

! 4 1 ! 4 1A ! ! !
= Esgmantic(lymphoma') = 3 (EBERT( nhl") + Eggrr(‘cancer’) + Eggpr('tumor ))

Experimental setup (3/3) —



Experimental Setup (3 / 3)

5. Combined Knowledge Transfer approach:
Given two T-PTLMs: general (source) and domain-specific (target), use the following knowledge transfer approach:
- Vocabulary Distillation: delete the least important tokens from the source vocab
- Vocabulary Augmentation: refill with the most important target tokens from the target vocab
- Embedding Initialization:
« Old tokens - original embeddings;
 New tokens - knowledge transfer;

- Final Evaluation: domain-specific benchmark

Results (1 /4)/ 10



Results (1/ 4)

Off-the-Shelf Models

Task name BERT BlueBERT | ©UPMedBERT- | PubMedBERT- - PubMedBERT outperforms BERT & BlueBERT
abstract fulltext

Mean (Seq. Lab.) 81.97 82.82 84.52 84.60

Mean (Classif.) 76.03 79.23 80.60 79.09

Mean (PubMed) 81.52 84.04 84.66 84.39

Mean (Clinical) 74.83 74.65 78.67 77.44

Mean (all) 79.66 81.43 83.00 82.46

Re-initialization of token embeddings

source vocab, source vocab, PubMedBERT- source vocab, source vocab,

Task name (SBDETJE) random WE, random WE, fulltext random WE, random WE, - AI I mOSt al | taS kS S Uffer from the re- | N |t|a| IZatIO N
uniform distr. normal distr. (source) uniform distr. normal distr.

= e

EU-ADR 78.95 0.82 112 77.21 1.73 1.42 - BUT some tasks proﬁt from it

DDI-2013 78.79 -70.62 -21.01 81.72 -53.04 -57.46

Mean (seq. Lab) | 8197 3763 1050 .60 4038 1764 - Normal distribution > uniform distribution

Mean (Classif.) 76.03 -31.93 -20.84 79.09 -39.00 -33.32

Mean (PubMed) 81.52 -37.18 -15.59 84.39 -40.32 -24.77

Mean (Clinical) 74.83 -30.81 -11.76 77.44 -38.60 -21.05

Mean (all) 79.66 -35.41 -14.52 82.46 -39.84 -23.74

Results (2/4) — 11
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Results (2 / 4): Vocabulary Reduction Models

reduction heuristic --> last longest freq random
reduction portion -->

25% 50% 75% 25% 50% 75% 25% 50% 75% 25% 50% 75%
Task name BERT
BC5CDR-chem 88.85 -0.21 | -1.16 | -1.72 | -054 | -1.13 | -2.40 | -0.30 | -0.23 | -0.35 | -0.76 | -2.18 | -3.07
BC5CDR-disease 80.00 -0.25 | -1.70 | -3.60 | -0.90 | -1.68 | -4.46 | 0.12 | 0.80 | 0.07 | -1.53 | -2.34 | -6.10
JNLPBA 83.38 -0.47 | -0.14 | -0.34 | -0.30 | -0.35 | -0.68 | -0.20 | -0.24 | -0.13 | -0.28 | -0.64 | -0.81
NCBI-disease 82.87 -0.10 | -0.76 | -2.06 | -032 | -0.40 | -1.75 | 0.71 | -0.02 | 1.36 | -0.94 | -3.40 | -3.08
BC4CHEMD 82.02 -0.34 | -0.72 | -1.35 | -050 | -0.95 | -1.60 | -0.05 | -0.12 | -0.25 | -0.35 | -1.24 | -2.22
BC2GM 79.34 -0.56 | -0.64 | -1.90 | -0.84 | -1.51 | -1.77 | -0.08 | 0.06 | -0.09 | -1.35 | -2.13 | -3.75
LINNEAEUS 93.66 041 | -251 | -6.07 | 0.81 | 0.19 | -6.49 ( 1.06 | 0.86 | -1.85 | -5.28 | -2.11 | -9.14
Species-800 75.99 -1.03 | -301 | -2.76 | -185| -3.17 | -592 ( -1.85 | -3.20 | -1.82 | -1.93 | -2.24 | -7.92
12B2-2010-NER 76.16 3.06 155 | -4.37 | 291 1.15 | -0.87 | 1.77 | -4.15 | -3.12 | -3.19 | -3.00 | -3.95
12B2-2012-NER 72.12 -1.74 | 4.64 | 0.41 202 | 3./6 | -2.10 | 0.14 | 056 | 1.54 | 067 | -1.19 | -5.21
12B2-2014-NER 87.28 -296 | -2.75 | -2.81 | -1.47 | -193 | -3.61 | -1.39 | -0.08 | 1.54 | -1.06 | -3.80 | -1.15
HOC 90.41 -9.57 | -0.09 | -8.39 | -7.53 [-12.46|-29.96|-18.62 | -7.51 | -9.92 |-10.41| -7.08 [-24.52
ChemProt 70.17 0.59 | -3.08 | -431 | -2.89 | -9.52 |-12.38| -2.37 | -5.29 | -6.90 | -2.50 | -8.90 |-15.19
GAD 75.33 0.83 | 0.68 | -3.24 | -049 | -3.80 | -5.22 | 0.37 | 0.02 | 0.10 | -3.04 | -3.95 | -3.27
EU-ADR 78.95 0.04 | 0.79 | -0.71 | 0.43 1.49 | -0.99 | 0.85 0.92 | -0.09 | -0.49 | -1.25 | -2.36
DDI-2013 78.79 1.03 | 0.73 | -2.26 | -3.78 | -5.68 | -6.24 | -3.06 | -2.26 | -0.85 | -5.50 | -5.32 (-11.92
12B2-2010-RE 60.53 197 | 061 | 2.20 | -574 | -263 | 459 | -140 | -0.62 | -0.80 | -3.13 | -0.80 | -5.50
MedNLI 78.06 -0.36 | 0.14 | -1.79 | -3.08 | -1.65 | -2.51 | -0.86 | -1.65 | -2.29 | -2.29 | -3.08 | -3.87
Mean (Seq. Lab.) 81.97 -0.38 | -0.66 | -2.42 | -0.09 | -0.55 | -2.88 | -0.01 | -0.52 | -0.28 | -1.45 | -2.21 | -4.22
Mean (Classif.) 76.03 -0.78 | -0.03 | -2.64 | -330 | -4.89 | -8.84 | -3.58 | -2.34 | -296 | -3.91 | -4.34 | -9.52
Mean (PubMed) 81.52 -0.74 | -0.89 | -2.98 | -1.44 | -3.00 | -6.14 | -1.80 | -1.25 | -1.59 | -2.64 | -3.29 | -7.18
Mean (Clinical) 74.83 0.00 | 0.84 | -1.27 | -107 | -0.26 | -2.74 | -035 | -1.19 | -063 | -1.80 | -2.37 | -3.94
Mean (all) 79.66 -0.54 | -041 | -250 | -1.34 | -2.24 | -5.20 | -140 | -1.23 | -1.33 | -2.41 | -3.04 | -6.28

- No clear correlation between type of
heuristic and performance;

- No reduced model can outperform the
base model;

- Best heuristic in terms of model size /
performance ratio: keep first 50% of
tokens (almost the same performance and
10% total model size reduction)

430.00
420.00
410.00
400.00
390.00
380.00
370.00
360.00
350.00

340.00
0%

Model size [MB] vs reduced vocab size

20% 40% 60% 80% 100%

Results (3/4) —
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Results (3 / 4)

Knowledge Transfer Models

Target vocab: PubMedBERT -->
+ target WE +random WE, + syntactic WE | + semantic WE
Task name BERT & normal distr. ¥
(source)
Mean (Seq. Lab.) 81.97 -13.60 -11.57 -1.60 -14.74
Mean (Classif.) 76.03 -29.29 -22.25 -4.01 -33.30
Mean (PubMed) 81.52 -21.49 -17.43 -2.14 -22.67
Mean (Clinical) 74.83 -15.05 -11.28 -3.58 -20.09
Mean (all) 79.66 -19.70 -15.73 -2.54 -21.95
Combined Models
Target vocab: PubMedBERT --> 25% 50% 75% 100%
transfer strategy: syntactic WE
Task name BERT (source vocab) 75% 50% 25% 0%
reduction heuristic: last

Mean (Seq. Lab.) 81.97 -0.79 -0.46 -0.60 -1.60
Mean (Classif.) 76.03 -0.88 -1.23 -0.95 -2.44
Mean (PubMed) 81.52 -0.67 -0.49 -0.84 -2.14
Mean (Clinical) 74.83 -0.87 -0.93 -0.10 -3.58
Mean (all) 79.66 -0.83 -0.73 -0.73 -1.89

- No transfer model beats the source model
Performance:

semantic transfer < random emb. < syntactic transfer

- No combined model beats the source model

- 50% transfer model best for the sequence labelling

& PubMed tasks

- 75% transfer model best for clinical tasks

Results (4 /4) — 13
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Results (4 / 4): Best Models

Best model
reduced transfer combined
Target vocab: PubMedBERT -> 0% 60% 50%
transfer strategy: syntactic WE
Task name BERT (source vocab) 50% 40% 50%
reduction heuristic: last

BC5CDR-chem 88.85 87.69 87.74 87.60
BC5CDR-disease 80.00 78.30 79.11 78.76
JNLPBA 83.38 83.25 82.95 82.85
NCBI-disease 82.87 82.11 82.80 84.02
BC4CHEMD 82.02 81.30 81.55 81.76
BC2GM 79.34 78.70 78.58 78.68
LINNEAEUS 93.66 91.14 90.60 93.64
Species-800 75.99 72.98 74.20 72.10
12B2-2010-NER 76.16 77.71 70.69 77.00
12B2-2012-NER 72.12 76.75 70.50 73.14
12B2-2014-NER 87.28 84.53 85.42 87.10
HOC 90.41 90.32 76.94 91.75
ChemProt 70.17 67.09 67.18 69.06
GAD 75.33 76.01 74.70 75.25
EU-ADR 78.95 79.73 79.43 78.73
DDI-2013 78.79 79.52 76.24 79.14
12B2-2010-RE 60.53 61.14 54.39 55.71
MedNLI 78.06 78.21 75.27 76.56
Mean (Seq. Lab.) 81.97 81.31 80.37 81.51
Mean (Classif.) 76.03 76.00 72.02 75.17
Mean (PubMed) 81.52 80.63 79.38 81.03
Mean (Clinical) 74.83 75.67 71.25 73.90
Mean (all) 79.66 79.25 77.13 79.05

- No approach outperforms the source model

- Clinical tasks benefit from vocab reduction

Performance:

Knowledge Transfer < Combined Approach < Reduced

Conclusion—

14



Conclusion

Assessment of Hypotheses:
</ 1. Performance proportional to domain adaptation: PubMedBERT > BlueBERT > BERT
\/ 2. Vocabulary reduction impacts performance:
- Many classification and medical tasks benefit from vocabulary reduction with the "last” heuristic (up to 50%);
- Other heuristics are less beneficial;
- Reduction over 50% is not recommended.
X 3. Positive knowledge transfer via token embeddings:
- Syntactic knowledge transfer improved performance on some tasks, but no general improvement
- Semantic knowledge transfer failed
X 4. Combined approach for stimulating knowledge transfer:

- No general performance gain through combining vocabulary reduction with syntactic knowledge



Thank you for your attention!
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Timeline of the Master’s Thesis
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- baseline model;
- methods;

- datasets;

- benchmarks

Setting up research
enviroment:

- docker image with all
libraries and dependencies;
- deployment of the image
to the cluster and testing all
important functionalities;

Implementation of the
baseline model

Dataset preprocessing

Setting up benchmarks

Run first experiments

Explore and measure
results

Qualitative / Quantitative
Analysis

Improving methods

Writing thesis

start preparations (6 weeks) -->

start experimenting (8 weeks) -->

start writing (8 weeks) >

submission deadline -->
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Visualization of BERT-base-uncased embeddings

(first 4k tokens)
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Visualization of PubMedBERT-abstract-fulltext embeddings

(first 4k tokens)
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Qualitative analysis: Token Length vs Token ID

BERT vs. PubMedBERT-abstract
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Qualitative analysis: Tokens in context

BERT (37.5 Mio tokens in total) PubMedBERT-abs (42.3 Mio tokens in total) PubMedBERT-full (41.5 Mio tokens in total)
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Evaluation pipeline (cdk8s, W&B, Excel)

main.py: definition of
- job parameters

- models

- tasks

- hyperparameters

Python scripts:
- run_classification.py
- run_sequence_lablling.py

Define

cdk8s library:

,| - create Kubernetes jobs for each

set of parameters: cdk8s synth
- run all jobs: kubectl create -f dist

\ 4

Weights & Biases:

Login: wandb.login(,key")
Where to store results:
wandb.init()

Initial parameters of the run:

wandb.config()
Log metrics: wandb.log()

\ 4

MS Excel:

- export of the evaluation results
from W&B via csv files

- intuitive sorting and filtering of
the results

- descent visualization tools

Run

Store

Evaluate
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Hyperparameter Optimization: HOC

Bio-LM, HOC, Ir = 4e-5, max_seq_length =512, batch_size =8

""""" BERT-syntactic-WE , seed=random ——— BERT-syntactic-WE , seed=142 — — BERT-syntactic-WE , seed=193
~~~~~~ BERT, seed=random ——— BERT, seed=142 — — BERT, seed=193

PubMedBERT-fulltext , seed=142 — — PubMedBERT-fulltext , seed=193

~~~~~ PubMedBERT-fulltext , seed=random

Fl-score
e o o
[¢8] B [0)]

o
N

0.1

0 2 4 6 8 10 12 14 16 18 20

train_epoch
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Contextual Analysis

ave(['hyper’, ##tension’])

ave(['l', '##ym', "##ph’,
‘H#Homa'])

ave(['l, ‘##ym', '##ph',
"Hfoma', '#is'])

Lexical PubMedBERT- | PubMedBERT-
Word Pair exieal BERT BlueBERT une e
Relationship abstract fulltext
left, leave verb tenses 0.16 -0.02 0.19 0.26
left, abandoned synonyms -0.1 -0.19 -0.058 -0.012
left, right antonyms 0.1 0.27 0.63 0.63
left, mountain unrelated -0.23 -0.28 -0.088 -0.058
VeubMedsEerT =-> .
'cancer’ 'hypertension' 'lymphoma’ 'lymphomas'
Tokenizer
(‘cancers’, 0.69), (‘hypertensive’, 0.66), ('lymphomas’, 0.80), ('lymphoma’, 0.80),
(‘tumor’, 0.57), (‘antihypertensive’, 0.48), (‘dlbcl’, 0.50), ('leukemias’, 0.57),
XpubMedBERT (‘carcinoma’, 0.57), (*htn', 0.48), (leukemia’, 0.48) ('sarcomas’, 0.55),
(‘tumors’, 0.46), ("hypotension’, 0.42), (‘'glioma’, 0.47), (‘dlbcl’, 0.54),
(‘cancerous’, 0.45) ('normotensive’, 0.41) ('sarcoma’, 0.43) ('gliomas’, 0.52)

1

(‘cancers’, 0.70),

('leukemia’, 0.65),
(‘tumor’, 0.64),
ik
i

XgerT oov oov oov
tumors’, 0.62),
tuberculosis', 0.58)
('selling’, 0.12), (‘ashe’, 0.11), (‘ana’, 0.12),
(‘disaster’, 0.11), ('you’, 0.11), ('mana’, 0.12),
XpubMedBERT-->BERT, target WE n.A. (‘foe', 0.11), ('many’, 0.11), ('me’, 0.12),
('fighting’, 0.11), (‘comfortable’, 0.11), ('bella’, 0.11),
(‘ethnic', 0.11) (7', 0.11) (imagine’, 0.11)
('341', 0.50), ('1721', 0.53), ('1711', 0.54),
('317', 0.50), ('1738', 0.53), ('475', 0.54),
XpubMedBERT-->BERT, random WE nA. ('314', 0.50), (1733, 0.53), (1728, 0.54),
('315', 0.49), ('1736', 0.52), ('525', 0.54),
(297, 0.49) (269, 0.52) (1782, 0.54)

X A ('hyper’, 0.79), (#ttym', 0.77), ('910', 0.74),
PubMedBERT-->BERT, SYNTACTIC A ([unuseds42], 0.72), (‘##ph', 0.73), (510, 0.74),

('[unused939], 0.72), ('1747',0.72), ('1738', 0.74),
('[unused533], 0.72), ('1742',0.72), (#Hym', 0.74),
('[unused93]’, 0.72) ('1746', 0.72) ('229', 0.74)
(‘obesity', 0.37), ('nhl, 0.43), ('nhl, 0.43),
(‘asthma’, 0.34), (‘cancer’, 0.34), (‘tumors', 0.41),

XpubMedBERT ~ BERT n.A. (‘alcoholism’, 0.29), ("tumor’, 0.32), ('leukemia’, 0.39),
('headache’, 0.28), (‘tumors’, 0.31), (‘blasts’, 0.27),
(‘cardiovascular', 0.27) (‘cancers’, 0.30) (‘##iciencies', 0.27)
ave(['obesity’, 'asthma’, ave(['nhl’, 'cancer’, ave(['nhl’, "tumors’,
‘alcoholism']) 'tumor’]) 'leukemia'l)

X A (‘alcoholism', 0.87), ("tumors’, 0.81), (leukemia’, 0.88),

PubMedBERT-->BERT, SEMANTIC, 3 n-A (‘asthma’, 0.87), (‘cancer', 0.80), (‘cancers', 0.81),

('[unused2997', 0.78), (‘cancers’, 0.79), ('[unused190]’, 0.80),
('[unused401], 0.78), ('nhl', 0.76), ('lunused782]', 0.80),
('[unused205]', 0.78) ('leukemia’, 0.73) ('[unused589]', 0.80)
ave(['obesity’, 'asthma’, ave(['nhl’, 'cancer’, ave(['nhl’, "tumors’,
‘alcoholism’, 'headache’, 'tumor’, 'tumors’, 'leukemia’, 'blasts’,
‘cardiovascular’]) ‘cancers’]) "#tticiencies'])

XpubMedBERT-->BERT, SEMANTIC, 5 n.A. (‘alcohalism’, 0.84), 'cancers’, 0.90), [("[unused294]’, 0.86),

('asthma’, 0.83),
(‘cardiovascular’, 0.83),
('[unused706]', 0.81),
('[unused299]', 0.81)

'

[

(‘tumor’, 0.88),
(‘cancer’, 0.78),
('[unused139]’, 0.78),
([unused782]’, 0.78)]

1
1

('l
('[unused1777', 0.86),
('lunused835]', 0.86),
('[unused88]', 0.86),
('[unused93]’, 0.86)]
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Micro-averaged F1 vs. Macro-averaged F1

Actual
. . TP TP
Negative | Positive Precision = TP L FP’ Recall = TP T FN
° :
_'3 Negative TN FP ; TP + TN i , P.R
ks ccuracy = ————, —.
£ | Positive FN TP Y n 1 P+ R
r r . .
P i=1 [P - i—1 TP; o miP - miR
miP = , miR = ,  miF; =2-— ,
i=1(TP+FP;) i—1(TP;+FN;) 1 miP + miR
o _ TP o TP o, PR F_1Zr:F
L= (TP+FP)’ LT TP+FN)’ M T P yR  H1TL, st
i=
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Future Work

Advanced Knowledge Transfer Approaches:
e further MLM training of data from the target domain
* fine-tuning with a mix of domain-specific and general-domain data
* leveraging external resources like ontologies and medical databases

Hybrid Model Architectures: Combination of reduction, transfer and initialization techniques with dynamic adaptation
Cross-Domain Evaluation: Expanding the evaluation beyond the biomedical domain

Task-Specific Adaptation:
* Leveraging task-specific data augmentation techniques
* Designing task-specific pre-training objectives
* Incorporating external domain-specific resources

Expanding Beyond Transformer Models:
* models that incorporate explicit domain-specific knowledge
*  memory-augmented networks
* architectures with attention mechanisms that adapt dynamically to domain
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