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What to do about it? 
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Adaptation / Transfer Learning

Model A Model B

Transfer Learning


Knowledge gained  
to help solve  

a related problem



How useful is (fortuitous) meta-data for low-res parsing?


How impactful are segment embeddings for low-res NLP?


To what extent does auxiliary data help limited training data? 
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Data Selection for Low-resource Parsing
‣ Problem & Motivation: 


‣ A single parser trained on 100+ languages is suboptimal 
(training time, accuracy); also: for a practitioner it is difficult to 
choose appropriate training material. 


‣ Given UD, can we find better targeted training data?



Key Idea: Genre as Fortuitous  
treebank-level meta-data

‣ Research Questions: 


‣ RQ1: To what extent does genre aid better proxy target data?  


‣ RQ2: Is genre inherently captured in multilingual LMs?
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Genre as Weak Supervision



GenreDomain Register
Kessler et al. (1997); Lee (2001); Webber (2009); Plank (2011)

18 community-provided categories in UD



Genre Distribution in UD
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Targeted Data Selection
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Take-Aways

BOOT

GMM

LDA

RQ1: Genre is a valuable signal for parsing unseen, 
low-resource targets

RQ2: Genre is inherently captured in multilingual LMs 
and amplifying it helps to improve parsing 
performance



How useful is (fortuitous) meta-data for low-res parsing?


How impactful are segment embeddings for low-res NLP?


To what extent does auxiliary data help limited training data? 
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Segments: An understudied BERT detail?

➡ Question/Answer or Sentence follows (NSP)



On the Impact of Segment Embeddings
‣ We contribute an analysis of segment embeddings (for BERTology)


‣ Research Questions: 


‣ RQ1: To what extent does the choice of segment embedding 
(0,1) impact downstream performance?  


‣ RQ2: Are paired-sentence tasks more affected by segment IDs?



Segment Embeddings Variants



Experimental Setup
‣ Monolingual and Multilingual BERTs:


‣ BERT (base) cased / uncased


‣ mBERT cased / mBERT uncased*  
(*not recommended according to https://github.com/google-research/bert) 


‣ Single-sentence prediction tasks:

‣ Sentence-level: CoLa (acceptability), SST-2 (sentiment)


‣ Token-level: POS, Stemming, Morph., Dependency Parsing (similar to Udify)


‣ Paired-sentence prediction tasks:

‣ GLUE tasks with paired inputs 


‣ Additional low-resource setup (10% for UD; 1k train for other)


‣ Note: for LMs without NSP, segment IDs are still added during fine-tuning

https://github.com/google-research/bert


Results - Largest Impact on Parsing
‣ Low-resource Multilingual Parsing  

(average over 9 TBs from Smith et al., 2018), 5 runs


‣ Large diffs for popular mBERT (cased) [trends similar for POS etc]

➡+2.5 LAS

➡Uncased outperforms mBERT (cased) 
[large due to Greek PROIEL, but not  

the only reason]

➡  Unfortunately exact pre-training 
differences remain unknown



Results - Sentence-level & Paired Tasks
‣ Close in range, despite larger fluctuations no striking difference

Sentence-level (CoLA, SST-2) Sentence-paired of GLUE



What about High-Resource Parsing?
‣ Large diffs for mBERT (cased) disappear after 4-5 epochs


‣ No observable differences for high-resource multilingual parsing



Take-Aways

RQ1: Segment embeddings impact low-resource NLP 
tasks, most strikingly token-level ones

RQ2: Paired-sentence tasks and monolingual setups 
were impacted to modest degrees (at least for the 
tasks we studied)

➡ Wish: More details to be released with pre-trained 
language models (data, exact training setup etc)



How useful is (fortuitous) meta-data for low-res parsing?


How impactful are segment embeddings for low-res NLP?


To what extent does auxiliary data help limited training data? 


61

Roadmap

1

2

3



MultiSkill project: 
Multilingual Information 

Extraction for Job Post Analysis
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Project funded by:In collaboration with:
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• Big multilingual job vacancy data, on a variety of platforms


• Ultimately, can yield better job matching


• Qs: What skills are needed? How do they change over time?


• First step: De-identification of personal entities in Job Postings, 
to allow sharing of data

Challenges & Opportunities
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NoDaLiDa 2021
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De-identification of Privacy-related Entities in 
Job Postings

                 Kristian Nørgaard Jensen           Mike Zhang                           Barbara Plank 
                                   krnj@itu.dk                               mikz@itu.dk                          bapl@itu.dk

Part 3



• Most work on de-identification in the medial domain  
(particularly, Electronic Health Records)


• SOTA systems mostly use LSTM-based architectures


• Personal data not only limited to that domain  

Motivation

65



JobStack

66
★ https://github.com/kris927b/JobStack     

Annotator agreement

https://github.com/kris927b/JobStack


‣ How good is de-identification on job posting data?


‣ Can we leverage auxiliary data to improve performance?


‣ CoNLL 2003 (NER): only some labels overlap (ORG, LOC)


‣ I2b2 (EHR data): more distant genre, labels overlap more 
(also CONTACT, PROFESSION)

67

Questions



Models
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Results

‣ I2B2 helped on PROFESSION, CoNLL on LOCATION


‣ Both auxiliary tasks help improve recall
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Take-aways

70

1. New dataset for de-identification in job postings 

2. Using auxiliary data helps de-identification 
performance in this low-resource setup
★ Paper, Data, Code: https://arxiv.org/abs/2105.11223

★ Video (by Mike): https://www.youtube.com/watch?v=vlPQ8JAcpE0  

JobStack

Upcoming: Mike Zhang, Kristian Nørgaard Jensen, Sif Dam Sonniks and 
Barbara Plank. SkillSpan: Hard and Soft Skill Extraction from English Job 
Postings. In NAACL 2022.

https://arxiv.org/abs/2105.11223
https://www.youtube.com/watch?v=vlPQ8JAcpE0&list=PLzSiqigEdnKN7YCnIoSurb7o8xhbjNK91&index=1


Genre as Weak Supervision for Cross-Lingual Parsing


A Tale on BERT and Segment Embeddings


De-identification of Entities in Job Postings (JobStack)
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Summary & References

1

2

3
https://www.aclweb.org/anthology/W17-0200.pdf

https://aclanthology.org/2021.emnlp-main.393/

To Appear at LREC 2022



Questions?  Thanks!

 

@barbara_plank 
B.Plank@lmu.de / bplank@itu.dk

Thanks to the support by:

Interested? 
I’m hiring PhDs 
& Postdocs
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