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Introduction
• SOTA models have achieved the F1 score of 80%. (estimated upper 

bound)
• These models benefit from: 1) transformer architecture; 2) transfer 

learning
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Model M_F1 for ALL
ESC (NAACL’21) 80.7

MLWSD (EACL’21) 80.2
EWISER (ACL’20) 80.1



Introduction
• SOTA models have achieved the F1 score of 80%. (estimated upper 

bound)
• These models benefit from: 1) transformer architecture; 2) transfer 

learning
• Is a high F1 score enough? 
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Some trivial errors by SOTA models



Introduction
• SOTA models have achieved the F1 score of 80%. (estimated upper 

bound)
• These models benefit from: 1) transformer architecture; 2) transfer 

learning
• Is a high F1 score enough? 
• It is still necessary to extract erroneous cases, analyze the reasons 

and provide new test beds.
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Contributions
• A detailed quantitative and qualitative analysis of common 

misidentified instances
• To propose two new test sets:
1) an amended version of the English all-words WSD evaluation 

benchmarks.
2) A distribution-shifted (both domain and sense) dataset: 42D (pron. 

[for·ti·tude]).
• To use Macro-averaged F1 score instead of traditional micro-averaged 

F1 score to measure the accuracy
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Systems at Issue
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Model Author Note
ARES (EMNLP’20) Bianca Scarlini, Tommaso Pasini 

and Roberto Navigli
Semi-supervised approach of 

contextualized sense embedding; 
1nn

BEM (ACL’20) Terra Blevins and Luke 
Zettlemoyer

Bi-encoder for context and gloss

ESCHER (ESR, NAACL’21) Edoardo Barba, Tommaso Pasini, 
Roberto Navigli

A span extraction task

EWISER (EWR, ACL’20) Michele Bevilacqua and Roberto 
Navigli

Exploiting relational information 
in Wordnet

Generationary (GLN, EMNLP’20) Bevilacqua Michele; Maru Marco; 
Navigli Roberto

Generative; seq2seq

GlossBERT (GLB, EMNLP’19) Luyao Huang, Chi Sun, Xipeng 
Qiu, and Xuanjing Huang

Gloss knowledge

SyntagRank (SYN Federico Scozzafava, Marco 
Maru, Fabrizio Brignone, 

Giovanni Torrisi, and Roberto 
Navigli

Knowledge-based



“Hard Core”
• Test set (ALL): a unified evaluation benchmark [Raganato et al. (2017a)]
• HardCore set (ALL_HC): instances that are wrongly disambiguated by 

all the SOTA models (thus 0.0% F1 score)
• Macro-averaged F1 v. micro-averaged F1 (traditional)
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micro (average by instance): 2/3

Macro (average by sense): 
(2/3+0)/2=1/3

sense

instanc
e

rarecommon



Accuracy & MFS bias
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accurac
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MFS 
bias 



Training dataset bias
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Training dataset bias 

accurac
y



Qualitative Analysis
• Given the sizable wrong instances and possible biases, what may 

cause the misclassification?
• Aleatoric (from data itself): Is there something wrong in the annotations? 
• Epistemic (OOD testing): Is it because the model fails to see enough 

data in various domains?
• Several new benchmarks
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Dataset Amendment
• A human linguistic to tag each instance in the original test set, for
• unchanged
• fine-grained
• error: token-lemma
• error: pos
• error: sense
• error: inventory
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Dataset Amendment - Example

Tsinghua - Computational Linguistics Paper Sharing 14



Dataset Amendment - Statistics
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ALL-: All except monosemous words and SemEval-2007 instances
ALL (HC-): hard core subset
ALL (NS-): ALL- minus HC-
S10-: SemEval2010 Task 17 data except monosemous words 



New benchmark 1 – All_NEW and 
S10_NEW
• The same linguistic re-labeling sense correct the instance with 

the tag: fine-grained and errors.
• ALL_NEW: 4917 polysemous words (4917/5523?)
• S10_NEW : 955 polysemous words. (955/1251?)

• hardEN: all misclassified instances by SOTAs; 476
• softEN: ALL after removing hardEN; 5766
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New benchmark 2 – 42D
• built from scratch by manually annotating paragraphs taken 

from the British National Corpus
• 42 domains defined in BabelNet 4.0.
• OOD bias-aware.
   For each of the instances, the GT:
1) does not occur in SemCor
2) is not the first sense in Wordnet. 
• 370 words 
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New benchmarks – Evaluation
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Where to go?
• Joint forces (model 

ensembling)
-> Ensembling strategies:
1) Uniform E.: Majority Voting;
2) Ranked E.: with weights 

ranked according to its 
performance rank on 
ALL_NEW
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Where to go?
• Data augmentation
-> to generate training 
examples automatically 
(Exemplification modeling) by [
Barba et al., 2021b]
- K1: trained only with one 
automatically generated 
example per sense (K1)

Tsinghua - Computational Linguistics Paper Sharing 20



Conclusion
• What: errors made by a heterogeneous set of seven SOTA systems
• Why: (1) distribution shift: two biases (MFS, Training)
             (2) “measurement error”/ non-system-dependent issues: label 
noise
• How: several new benchmarks (42D, hardEN, ALL_new…) 
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• What interests me:
How to use these benchmarks to estimate/measure uncertainty 
(aleatoric uncertainty v. epistemic uncertainty)
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Introduction
• Neural networks have seen wide adoption but are frequently 

criticized for being black boxes: why and what’s wrong?
• One step towards interpretation: to what extent is the model 

can be trusted? (whether they are calibrated)
• Specifically, do these models’ posterior probabilities provide an 

accurate empirical measure of how likely the model is to be 
correct on a given example? 
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Calibration
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https://sites.google.com/view/uncertainty-nlp



Calibration
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We could say: P(c1 is the correct label) = 
0.8.

But,  what do we mean by saying the 
probability/confidence of “0.8”?

1) Stochastic models: Given the same 
input, 80 times out of 100 the model 
will choose c1 as correct.

2) Deterministic models: Given the same 
level of confidence for multiple 
samples, 80 samples out of 100 is 
current.  



Introduction
• Neural networks have seen wide adoption but are frequently 

criticized for being black boxes: why and what’s wrong?
• One step towards interpretation: to what extent is the model 

can be trusted? (whether they are calibrated)
• The paper evaluates the calibration of two pre-trained models, 

BERT and RoBERTa on three tasks: natural language inference, 
paraphrase detection and commonsense reasoning.

• Corresponding techniques to improve calibration in the settings 
of in domain and out of domain.
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Background
• These background slides come from the COLING 2022 tutorial.
• https://sites.google.com/view/uncertainty-nlp
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Experiments – Tasks and Datasets
• Natural language inference: to determine whether a hypothesis is 

entailed, contradicted by, or neutral with respect to a premise 
   Corpus: The Stanford Natural Language Inference (SNLI)
   OOD: Multi-Genre Natural Language Inference (MNLI)
• Paraphrase detection: whether two sentences are semantically 

equal?
   Corpus: Quora Question Pairs (QQP)
   OOD: TwitterPPDB (TPPDB)
• Commonsense reasoning: models must select the most plausible 

continuation of a sentence among four candidates
   Corpus: Situations With Adversarial Generations (SWAG)
   OOD: HellaSWAG (HSWAG)
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Experiments – Systems
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Results – OOB 
Calibration
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OOB: out-of-box
1. Non-pre-trained models exhibit 
an inverse relationship between 
complexity and calibration.

2. However, pre-trained models are 
generally more accurate and 
calibrated.

3. Using RoBERTa always improves 
in-domain calibration over BERT.



Post-hoc Calibration
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Post-hoc methods:
1. temperature scaling
• Higher T: softens probabilities
• Lower T: sharpens probabilities

Label smoothing 
Soft label: placing a 1 − α fraction of probability mass on the gold label and 
α/(|Y|−1) fraction of mass on each other label, where α ∈ (0, 1) is a 
hyperparameter.
e.g., [1, 0, 0] -> [0.9, 0.05, 0.05], when α = 0.1 

• To train the model MLE or LS using the in-domain training set
• To learn an optimal T using the in-domain development set



Results
• MLE models with 

temperature 
scaling achieve 
low in-domain 
calibration error.
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Results

• MLE models with 
temperature scaling achieve 
low in-domain calibration 
error.
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Results
• MLE models with 

temperature 
scaling achieve 
low in-domain 
calibration error.

• However, out-of-
domain, label 
smoothing is 
generally more 
effective. 
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Results
• Optimal temperature scaling values are bounded within a small 

interval. 
-> It suggests the degree of distribution shift and magnitude of T 
may be closely related
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Conclusions
• The paper examines the calibration of pre-trained Transformers in 

both in-domain and out-of-domain settings
• Results show BERT and RoBERTa coupled with temperature 

scaling achieve low ECEs in-domain, and when trained with label 
smoothing, are also competitive out-of-domain.
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Q & A
THANK YOU
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Coling’22
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https://sites.google.com/view/uncertainty-nlp



Coling’22
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Coling’22
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NLI
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http://nlpprogress.com/english/natural_language_inference.html



PD
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