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Basic Idea of Active Learning (AL)
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Sequence Tagging Task (NER)

Text tokens (Xg,Xq, -+ Xy

-» Example from JNLPBA (GENIA)W\

he encodes a nuclear DNA-binding protein uniquely ...
O O O B-protein I-protein I-protein @)

1 Yo Y1 Y2 L \ \ /Tyt

® ® ‘
Neural T T T T Sequence tags
_ — — > In 1OB format (Yq,Y1,---Yy):
network: A A A A | — “Inside” (entity) t
B — “Beginning” (of entity)

Input O — “Outside” (of entity)
text: (X9
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Popular Architecture

CRF Layer =
- BILSTM-CRF
(Ma and Hovy, 2016)
| - Near SOTA results if
encoder ] accompanied with strong
word representations
em;zgzjci’ngs-*
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Classical AL
Query Strategies
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Common Query Strategies: Uncertainty Sampling (Lewis and Catlett, 1994)

- Uncertainty sampling: the learner queries the instance, about which it has the least certainty

Least confidence (McCallum et al., 2005): ¢LC(X) =1- P(y*|x; 9)

Margin (Scheffer et al., 2001): qﬁM (X) = — (P(yi |X; 9) — P(y; ‘X; 9))

1
Token entropy: QSTE(X) Ay Py(y: = m)log Pp(yr = m)
t=1 m=1
N-best sequence entropy (NSE): quSE(x) — P(y|x_; 9) log P(y|x; 9)
(Kim et al., 2006) SEN
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Common Query Strategies: Query by Committee (Seung et al., 1992)

- Query-by-committee: a “committee” of models selects the instance about which its members most disagree

T M
Vote entropy ¢VE(X) _ _i Z Z V(ys, m) log V(ys, m)
(Dagan and Engelson, 1995): '~~~ C C

V(y;, m) — number of votes for position t and label m

: T C
Largest KL-divergence between 1 1

committee members and consensus (,bKL(X) = — Z — Z D(Q(C) ||C)
(McCallum and Nigam, 1998):. T —1 C —

SVE A -
Sequence vote entropy: 97 (%) = — Z P(y|x;C)log P(y|x;C)
yeN©
Fraction of models that disagree with maXyHm - argmax,y P"ly; = ¢f] = y}|
the most popular choice (Shen et al., 2018): fi=1- M

See (Settles and Craven, 2008) for further detail Skoltech
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Problems with QbC and US Methods

- Query-by-committee is slow since you need to train an ensemble of
classifiers and perform inference on all of them

—» Uncertainty estimates via standard US methods are not very good for unseen
regions

— Both US and QbC prone to sample outliers — objects that are useless for

training a model

Skoltech
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Several SOTA Approaches
In DAL for Information Extraction
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Shen et al., 2018 (ICLR-2018) (1)

“Deep active learning for named entity recognition” (Shen et al., 2018)

= First work that uses deep learning model for sequence labeling in conjunction
with active learning
= Propose US strategy Maximum Normalized Log-Probability (MNLP):

¢ () = n{:zax — Z log P(yi|{y;} i, 1%;})

=> Propose CNN-CNN-LSTM architecture (CNN character encoder, CNN token
encoder, LSTM decoder), argue that it is faster than alternatives like LSTM-

LSTM-CRF
Skoltech
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Shen et al., 2018 (ICLR-2018) (2)
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- Deep models outperform shallow

- AL achieves 99% performance of the best deep model trained on full data using only
24.9% of data on the English dataset and 30.1% on Chinese dataset Skoltech
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Siddhant and Lipton, 2018 (EMNLP-2018) (1)

“Deep Bavyesian Active Learning for Natural Language Processing:

Results of a Large-Scale Empirical Study” (Siddhant and Lipton, 2018) “SUSSAE) 5

—» Monte Carlo dropout (Gal et al., 2017)
We can make several varying predictions using dropout on inference
Quality of estimates:
“least confident” < “Monet Carlo dropout ObC” < “QbC on ensemble”

—> Deep Bayesian active learning (Bayes by backprop)

Use Bayesian NN that maintains a probability distribution over model
parameters

Perform variational inference to obtain posterior, use MC to get uncertainty
estimates

Skoltech
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Siddhant and Lipton, 2018 (EMNLP-2018) (2)

ma,xy|{m : argmax, P™[y; = ] = y}|
M

= Bayesian AL by disagreement (BALD): fi=1-—

- Architectures: CNN-CNN-LSTM, CNN-BILSTM-CRF

= Experiments on CoNLL-2003, OntoNotes 5.0, and datasets for SRL and sentence classification

Dataset: CoNLL 2003, Model= CNN_CNN_LSTM Dataset: CoNLL 2003, Model= CNN_BiLSTM_CRF
90 - e S 90 -
88 88
86 86
v 84 4 Y 84 1
o o
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80 RAND 80 ~== RAND
MNLP —e~- MNLP
78 - DO_BALD 78 - —-- DO_BALD
BB _BALD -+ BB_BALD
76 100 % Data 76 - ~== 100 % Data
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Percentage of Data Used Percentage of Data Used

Bayesian > Least Confidence
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Erdmann et al., 2019 (NAACL-2019)

Practical, Efficient, and Customizable Active Learning for Named Entity Recoqgnition
In the Digital Humanities (Erdmann et al., 2019)

Novel Pre-Tag DeLex algorithm
Gazetteers to bootstrap annotation and to detect novel objects

3 delexicalized models trained on subsets manually labeled data and automatically
labeled data. => Bootstrapping cycle:

Use extracted objects to label data and detect novel contexts for objects

Learn contexts and use them to detect novel objects

W N e

Use extracted objects to label data and detect novel contexts for objects
4. ...
Compared to: MNLP
Architectures: BILSTM-CRF, CNN-BILSTM, and pure CRF
Experiments on Spanish CoNLL, GermEval, Arabic and Latin corporaSkoltech
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Active Learning with Deep Pre-trained Models for
Sequence Tagging of Clinical and Biomedical Texts
(IEEE BIBM 2019)

TU/e wsme Skoltech
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Basic Idea
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e AL for IE with transfer learning:

— Deep pre-trained models
BERT, ELMo, etc.

e Transfer learning:

- Provides universal feature set

3 - Enables neural network training

on small datasets
- Very powerful for streamline NLP

— tasks
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Sequence Tagging Task (NER)

Text tokens (Xg,Xq, -+ Xy

-» Example from JNLPBA (GENIA)W\

he encodes a nuclear DNA-binding protein uniquely ...
O O O B-protein I-protein I-protein @)

1 Yo Y1 Y2 L \ \ /Tyt

® ® ‘
Neural T T T T Sequence tags
_ — — > In 1OB format (Yq,Y1,---Yy):
network: A A A A | — “Inside” (entity) t
B — “Beginning” (of entity)

Input O — “Outside” (of entity)
text: (X9
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NN Architectures

BiILSTM-CRF (Ma and Hovy, 2016)

BERT |
body
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|
Single Sentence T
BERT (Devlin et al., 2019)
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Query Strategies

-» MNLP:

Unannotated objects are sorted in ascending order by the average log probability
of sequence tags

MNLP = max ZlogP viliyiy \ vi, {7;})

- Modification MNLP-mod:

MNLP-mod = MNLP - oo, where

otherwise

{% if y contains a tag ‘B-<type>’
O =
1

Skoltech
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Corpora for Experiments

- 12B2 Heart risk factors (Stubbs et al., 2014)

- We generated three datasets with entity-level annotations using the
original data with document-level annotations

Hypertension | CAD | Diabetes
Train, # sent. 9,871 25,924 14,183
Test, # sent. 6,813 16,560 8,088
% with entities 13.0 3.5 7.3

- JNLPBA /Genia (Collier et al., 2004)

- 18,546 sentences for training and 3,856 for testing

FE 11 7 13

- 5 types of entities: “DNA", “protein”, “cell type”, and “cell line” Skoltech
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BERT Finetuning Details

- You cannot finetune BERT like (Devlin, et al 2019) on very small data

- They use learning rate scheduler: warm-up over the first steps, and linear
decay of the learning rate

- With very small data such scheduler is detrimental

We used:

- Early stopping with number of tolerance epochs of 4, max number of
epochs: 20 (however, in most cases BERT stops training earlier)

- Adam, learning rate: 5e-5 (*10 for the head), 0.01 L2 weight decay, batch
size 45, gradient clipping: 1.0

- No learning rate annealing

Skoltech
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Results on 12b2 Heart Risk Factors (Diabetes)

ELMo & FastText BERT
0.8
0.7 0.7 A
0.6
0.6 -
— 0.5 o
) _ . ) 1
g 0.4 With AL we need just a § 0->
© 1 ©
e fraction of data &
s 03 5 0.41
£ —e— elmo-pubmed+MNLP-mod ‘t
& 02 —¥— elmo-pubmed+MNLP &
—=— elmo-pubmed+i.i.d. 0.3
0.1 —*— fasttext+MNLP-mod —e— MNLP-mod
0.0 —+— fasttext+MNLP 0.2 —v— MNLP
' —~— fasttext+i.i.d. = i.i.d.
1 3 5 7 9 11 13 15 17 19 21 23 25 1 3 5 7 9 11 I3 15 17 19 21 23 25

AL iteration, # AL iteration, #

o Active learning is better than i.i.d. sampling on every dataset and with every model

e Sequence taggers based on deep pre-trained models can be trained on very small data
compared to the model based on shallow DSM (fastText) Skoltech
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Results on i2b2 Heart Risk Factors (CAD)

Performance, F1
(]
w

©
=

o MNLP-mod potentially helps to deal with very skewed datasets

25
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Results on i12b2 Heart Risk Factors (Hypertension)

ELMo & FastText
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Performance, F1
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AL iteration, #

e In this experiment, fastText outperforms deep pre-trained models, although it still

worse in the beginning

Skoltech
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Performance, F1
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Results on JNLPBA
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e Deep pre-trained models overall perform better than fastText (except hypertension dataset) Sk oltech
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Summary

» Active learning is better than i.i.d. sampling on ELMo & FastText
every dataset and with every model o vy g bbby
0.7 1 = P = ol
» Sequence taggers based on deep pre-trained o M

models can be trained on very small data

T 0.5-

compared to the model based on shallow DSM § ;.1

. £
» Deep pre-trained models overall perform better s °3

—o— elmo-pubmed+MNLP-mod

(O]
. a 0.2 —¥— elmo-pubmed+MNLP
than fastText (except hypertension dataset) elmo-pubmed-+ii.d.
0.1 —+— fasttext+MNLP-mod
» ELMo has the best performance overall, but C— fasttext+MNLP

0.0 1

—— fasttext+i.i.d.

BERT is several times faster, so it is still

1 3 5 7 9 11 13 15 17 19 21 23 25

practical to favor BERT in AL AL iteration, #
12b2: Diabetes

Skoltech
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AL for Biomedical Research in
Cardiology

W

In conjunction with
National Cardiological Center
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dlﬂmlmmp We use AL for Biomedical Research in Cardiology

Nwemunueckaa 6onesHb cepaLa PADTEPHUaNBHaA TUNEPTOHNA
XpoHuyeckasa cepaeyHasa HegoctatouyHocTh | CaxapHbiv anabeT
Ounbpunnaumna npeacepani

JarHo3 3aknroumtenbHblin 141

oLl emY I EINiE] Oc3 noabeMa cermMeHTa ST ot 05.01.18r. PaHHAA NOCTMHQapKTHas [EIEEelE]oNilE]

TpaHwroMMHaNbHaa BanoHHasa aHrMonNacTyKa KOPOHaPHbIX apTepUii CO CTEHTUMPOBaHWMEM CTBOJIA JIEBOW KOPOHAPHOW apTepum C
NepexoAoM Ha NPOKCUMa/bHbIA U CPeAHWIA CETMEHT NepeiHen HUCXOAALLEW apTepnn cTeHTamm Promus Element 4,0x32MM 1 Promus
Element 3,5x38MM., MPOKCHManLHOM TPETK OT YCThA ormbaroLlein aptepum Promus Element 3,5x12 mm. ot 18.01.18r. ATepocknepos

KOPOHapHbIX apTepuii ( okkto3msa NMKA, cybtoTtansHbli cteHo3 cteosia JIKA, 90% creHos ycrba OA).

[NOCTMHPaAPKTHLIN Kapanocknepos K
TIRloETTe@YIeleliEY OT 2004r).HapyLueHe prTMa cepLia: BrepBble BO3HWUKLLIMIA Napokc3m [(ollelelnEIN I RslelilaleillZl Taxvdopma OT

15.01.18r. Bnepsble BO3HUKLLMIA NapoKck3m leEiEERTER el o1 18.01.18r. RS EERes oileEEERTielarie b zhlan] 2K no
NYHA. FAsiE el Enlsseiiiflson=skiial 3 T, pyck 4. REEYEeEMIEREN 2 Trna. [Inabetnyeckas MrukpoMakpoaHronatua. inabetmdeckas

AUCTabHaA NoAUHEMPONaTHS, CEHCOPHO-MOTOPHasA GopmMa.CMHAPOM AnabeTyeckon CToMbl, HerponweMmMyeckas
dhopMa.ObUTEPUPYHIOLLIMIA aTEPOCKNEPO3 HMKHMX KOHEYHOCTEW. baNoHHas aHrMonnactvka  CTeHTMpPOBaHKWe nesor [bA ot 19.05.11r.

Ischemic stroke risk assessment:
CHA2DS2-VASc:

Skoltech
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Results on Russian-language Data from National Cardiological Center (1)

@ Hypertension Peripheral Arterial Disease
0.9
0.6 -
— 0.8 1 —
L L 0.5
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[(») ©
§°'7' §0.4—
(@) (@)
b b
Q Q
(a1 o
0.6 0.3
—e— MNLP —eo— MNLP
0.5 1 —¥— L1d. 0.2+ —»— LILd.
1 3 5 7 9 11 13 15 17 19 2. 23 25 27 1 3 5 7 9 TL 13 15 17 19 9. 238 B W
AL iteration, # AL iteration, #
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BERT for token classification (based on RUBERT) Skoltech
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Results on Russian-language Data from National Cardiological Center (2)

0.9 1
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)
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0.5 1 —&— random
—¥— uncertainty

1 3 5 7 9 11 13 15 17 19 21 23
AL iteration, #
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25

¢

Hypertension

ELMo + BILSTM-CRF
ELMo for Russian
from RusVectores

Skoltech

Skolkovo Institute of Science and Technology



AL tool for Jupyter IDE

In [ ]: from actleto import Activelearner, ActivelearnerUiWidget, make libact strategy ctor
from actleto.annotator.visualizers.seq_annotation import SegAnnotationVisualizer

Creating widget for annotation

In [ ]: | # This try-catch block 1is needed to stop autosave thread in
#case we invoke the cell multiple times.
try:
if active_learn_ui:
active learn ui.stop()
except NameError:
pass

# Creaing the active Learner widget itself and configure
# it with active learner, X helper.
active learn ui = ActivelearnerUiWidget(active learner=active learner,
X_helper=X_helper,
display feature table=False,
drop labels=[],
v _labels=None,
save path="./jnlpba.npy"’,
save time=128,
visualizer=SegAnnotationVisualizer(tags=tags))

active learn_ui

https://github.com/IINemo/active_learning_toolbox/blob/seqg/examples/seqgtagging_jnipba.ipynb SkOIte(:h
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https://github.com/IINemo/active_learning_toolbox/blob/seq/examples/seqtagging_jnlpba.ipynb

: Ju pyter active learning_widget bert Last Checkpoint: Last Thursday at 1:10 PM  (autosaved)

File Edit View Insert Cell Kernel Widgets Help

B + == & B 4+ ¥ MRun B C » Code AN =

active learn ui

A

AL tool for Jupyter IDE

Logout

Trusted & |Pyth0n3 O

https://github.com/lIINemo/active
learning toolbox/tree/seq

Annotated text, images, table

data with active learning

Use shallow ML and deep
neural models

Take advantage of deep pre-

trained models

Use various AL strategies

GUI is created in Jupyter

Next iteration Iteration #1 Save
Prev Next 0 outof @ 3C

hyp v Add Done Remove Reset
3akno4uTensHeli | 10 TnneptoHnyeckas BonesHs Il ctaguwn , ctenexs 2, puck 4 .

hyp v Add ¥ Done Remove Rese
3aknounTensHbli | 25 Mwemnyeckas bonesHs cepaua .

hyp v Add Done Remove Reset
3aKNKYUTENbHbIA TpaH3suMTopHas apTepuanbHas rMNnepToHKs .

hyp v Add Done Remove Reset
3aKnouUTENbHBIA PedpakTepHas apTepuanbHas runepToHus .

hyp v Add Done Remove Reset

3akntounTensHbiid | 10 MnepToHnyveckas BonesHe 3 cTaguu , cTeneHb apTepuansHOM TMNepTeH3nn 1 , 04eHb BLICOKWIA PUCK .

34
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https://github.com/IINemo/active_learning_toolbox/tree/seq

Disclaimer: AL sometimes does not work!

EMNLP 2019: “Practical obstacles to deploying active learning” (Lowell et al., 2019)

- If you use one model to create a dataset with AL and train another model on the
result dataset you can get a performance drop!

0.88 86 -
0.86
B4
0.84 -
B2 4
5, 0.82
®
[
S —
o 0.80 “ 8o -
m
0.78
78 4
0.76 - woees BILSTM-CNN acquisition model
—-= BIiLSTM acquisition model -==- CRF acquisition model
===« CNN acquisition model ii.d.
0.74 - : . 76 4
: === 5SVM acquisition model
. — i.i.d. r " ' . T
0.72 4 ; ; . : . 5 10 15 20 25
5 10 15 20 25 training set size (percentage of pool)

training set size (percentage of pool)

BiILSTM performance on text classification
. Subjectivity corpus (Pang and Lee, 2004)

BILSTM-CNN on
OntoNotes 5.0 Skoltech
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Key Takeaways

- Do not write hand-crafted rules! Instead, annotate quickly!

- Deep pre-trained models and active learning is a powerful combination

- Active learning is especially good when you cannot do crowdsourcing (e.g., in
clinical medicine or biomedicine)

-~ BERT training procedure on very small data is different from the method
presented In the original paper (Devlin et al., 2019)

- BERT performed worse in the AL setting (in our experiments) than ELMo-
BILSTM-CRF. However, it is computationally faster

- AL Is biased sampling a priory! You cannot test on such data

- AL sometimes does not work! Especially when you use different models for

acquisition and evaluation Skoltech
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Questions?

Dr. Artem Shelmanov
a.shelmanov@skoltech.ru

https://qithub.com/iinemo

We are hiring
Interns and research engineers!
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