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Is it acceptable to ignore such 

disagreement?

● Hate Speech Detection
○ Aggregating / omitting labels → “standard” way of how people feel 

towards those texts → ignores the under-represented groups. 

Is this acceptable?
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Is it acceptable to ignore such 

disagreement?

● Humor Detection / Sentiment Analysis
○ Difficult to reach a consensus on such subjective tasks. 

○ Is this acceptable?
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Is it acceptable to ignore such 

disagreement?

● Natural Language 
Inference (NLI)
○ Inherent disagreements in 

people's judgments [1]. 

[1] Ellie Pavlick and Tom Kwiatkowski. 2019. Inherent Disagreements in Human Textual Inferences. Transactions of the 

Association for Computational Linguistics, 7:677–694.
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Is it acceptable to ignore such 

disagreement?

● Natural Language Inference (NLI)
○ Inherent disagreements in people's judgments [1]. 

○ Aggregating labels in NLI tasks 

Is this acceptable?

[1] Ellie Pavlick and Tom Kwiatkowski. 2019. Inherent Disagreements in Human Textual Inferences. Transactions of the 

Association for Computational Linguistics, 7:677–694.
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Convention: Aggregating / Omitting 

Problematic
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Is it acceptable to ignore such 

disagreement?
Convention: Aggregating / Omitting 

Problematic

Let models learn from data that has inherent disagreement
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The deep factors that cause annotator 

disagreement

● Ambiguity
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The deep factor that causes annotator 

disagreement

● Differences in interpretation
● Certain preferences
● Difficult cases or multiple plausible answers

Barbara Plank. 2022. The “Problem” of Human Label Variation: On Ground Truth in Data, Modeling and Evaluation. In Proceedings of the 2022 Conference on Empirical Methods in Natural 
Language Processing, pages 10671–10682, Abu Dhabi, United Arab Emirates. Association for Computational Linguistics.
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The deep factor that causes annotator 

disagreement: Qualia

Internal experience

Sometimes we actually know that the same 
input is perceived differently by different 
people. (Dress on the right): some people see it  
as white and gold and other people see it as 
black and blue

From Jeff Hawkins “A thousand brains”
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The deep factor that causes annotator 

disagreement: Qualia

I know what a pickle tastes like to me, but I can't know if a 
pickle tastes the same to you. Even if we use the same 
words to describe the taste of a pickle. 

From Jeff Hawkins “A thousand brains”
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Our Approach

● Annotator Embedding: represent each annotator
● Annotation Embedding: represent their annotations
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Conceptual Diagram
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The ubiquitous annotator disagreement

Dataset Categories
● NLI

○ FIA: Friends QIA

○ COM: 

CommitmentBank
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The ubiquitous annotator disagreement

Dataset Categories
● NLI
● Sentiment Analysis

○ GOE: Go Emotions

○ SNT: Sentiment 

Analysis
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The ubiquitous annotator disagreement

Dataset Categories
● NLI
● Sentiment Analysis
● Hate Speech 

Detection
○ PEJ: Pejorative

○ MDA: Multidomain 

Agreement

○ HSB: HS Brexit
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The ubiquitous annotator disagreement

Dataset Categories
● NLI
● Sentiment Analysis
● Hate Speech 

Detection
● Humor:

○ HUM: Humor
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Select Dataset with High Quality: Get Rid 

of Noise
E.g. CommitmentBank dataset

Control examples to assess annotators’ attention

Filter data from annotators giving other responses.
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Experiment Setups

● Model types: BERT [1], RoBERTa [2], DeBERTa V3 [3]
● Model sizes: base; large
● We tuned each model for 3 epochs with lr of 1e-5.

[1] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. 2019. BERT: Pre-training of Deep 
Bidirectional Transformers for Language Understanding. In Proceedings of the 2019 Conference of the North 
American Chapter of the Association for Computational Linguistics: Human Language Technologies, Volume 1 
(Long and Short Papers), pages 4171–4186, Minneapolis, Minnesota. Association for Computational Linguistics.
[2] Liu, Yinhan, et al. "Roberta: A robustly optimized bert pretraining approach." arXiv preprint arXiv:1907.11692 
(2019).
[3] He, Pengcheng, Jianfeng Gao, and Weizhu Chen. "Debertav3: Improving deberta using electra-style pre-training 
with gradient-disentangled embedding sharing." arXiv preprint arXiv:2111.09543 (2021).
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Experiment Setups

Other baselines:
● R: random
● MVind: majority vote for each individual
● MVmacro: majority vote for all the training labels
● NC: naively concatenate text with annotator ID
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Experiment Setups

● Evaluation metrics:
○ EM accuracy

○ Macro F1 scores

● Annotation split:
○ Same set of annotators in train and test



30

● Motivation

● Factors

● Our Approach

● Dataset Selection

● Experiment Set-ups

● Results

● Analysis

● Related Works



31

Further Analysis: Case 1: Annotation Embed 

the Best

Domains of MDA: English tweets about Black Lives Matter, 
Elections and Covid-19

Uniform agreement within groups that have same ideology
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Further Analysis: Case 1: Annotation Embed 

the Best

TSNE plots for MDA dataset. Annotation Embed seems to align 
with the “group tendencies”.
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Further Analysis: Case 2: Annotator Embed 

the Best

GOE and HUM: emotion 
and humor are highly 
personalized feelings

Annotator Embeddings 
seem to better capture 
these individual 
differences.
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Further Analysis: Case 3: Synergy of the 

Two Embeds

SNT: designed specifically 
for age-related bias.
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Annotator-based predictions

Text-only predicts only a single label 
for different annotators

Embeddings-based methods can 
accommodate annotator differences.
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Annotation Embeddings can be Grounded 

to Real-World Demographic Features

Naturally emerged clusters for annotation embed (K-means)
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Annotation Embeddings can be Grounded 

to Real-World Demographic Features

We can map these clusters back to demographic features
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Thanks!
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