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Context

Source : https://sohl-dickstein.github.io/2022/11/06/strong-Goodhart.html 

“When a measure becomes a target, if it is effectively optimized, 
then the thing it is designed to measure will grow worse.”
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Motivation - I

▶ We expect any model to be good in terms of performance, interpretation, and calibration, as a wholesome behavior.
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Motivation - I

From Greek mythology, Cerberus, often referred to as the hound of Hades

▶ We expect any model to be good in terms of performance, interpretation, and calibration, as a wholesome 
behavior.

Wiki : https://en.wikipedia.org/wiki/Cerberus 4/21
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Motivation - I

▶ We expect any model to be good in terms of performance, interpretation, and calibration, as a wholesome 
behavior.

Kaplan et al., 2020 :  https://arxiv.org/pdf/2001.08361 5/21
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Motivation - I

▶ We expect any model to be good in terms of performance, interpretation, and calibration, as a wholesome 
behavior.

Source : https://huggingface.co/mlabonne/BigLlama-3.1-1T-Instruct 

Decision Tree 
(if/else) LLMs
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Motivation - I

▶ We expect any model to be good in terms of performance, interpretation, and calibration, as a wholesome 
behavior.

[Guo et al 2017] : https://arxiv.org/abs/1706.04599 

What does being calibrated imply?

7/21

JdS2025 : 56es Journées de Statistique de la SFdS

https://arxiv.org/abs/1706.04599


💡What does being calibrated imply?

▶ If a model is calibrated (aka uncertainty-aware or reliable) , 

P (model is correct | confidence is α ) = α 

It means, α-fraction of the predicted classes with α confidence should be correct.

Source : https://sites.google.com/view/uncertainty-nlp 7/21
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Motivation - I

▶ We expect any model to be good in terms of performance, interpretation, and calibration, as a wholesome 
behavior.

[Guo et al 2017] : https://arxiv.org/abs/1706.04599 

Modern neural networks exhibit a strange phenomenon: probabilistic error and miscalibration worsen even as classification error is reduced [Guo et al 2017].
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Motivation - I

▶ We expect any model to be good in terms of performance, interpretation, and calibration, as a wholesome 
behavior.

Source :  Mu-SHROOM Shared Task 2025 🍄 (Vázquez et al. 2025)
 

आईसीडी १० ई११ का मुख्य कारण पयार्यावरणीय क्षरण है।
(La cause principale du code CIM-10 E11 est la 
dégradation de l’environnement.)

आईसीडी १० E११ का मुख्य कारण क्या है ?
(Quelle est la cause principale du code CIM-10 E11 ?)
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Motivation - II

▶ What makes an example unclear?   
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P(y*| x, D) = ∫  P(y*|x, Ө)   P(Ө| D)      dӨUncertainty 
quantification
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Motivation - II
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Motivation - II

▶ What makes an example unclear?   

P(y*| x, D) = ∫  P(y*|x, Ө)   P(Ө| D)      dӨ

data model

 “inherent ambiguity or noise of the language”

intractable

6

Uncertainty 
quantification

Source : Google Images 8/21
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Motivation - II

▶ When is an example unclear?

8/21

JdS2025 : 56es Journées de Statistique de la SFdS



Motivation - II

▶ When is an example unclear?

Plank et al., 2022
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Motivation - II

▶ When is an example unclear?

Plank et al., 2022 Hu et al., 2023

Baldock et al., 2021 8/21
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Complexity, uncertainty, human variation

▶ Same root causes

Swayamdipta et al., 2020

Are these truly similar concepts?
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Experimental Protocol



Dataset : ChaosNLI

Source : What Can We Learn from Collective HumAn OpinionS on Natural Language Inference Data (ChaosNLI)?
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Dataset : ChaosNLI

Re-annotation of SNLI, MNLI, αNLI

Source : What Can We Learn from Collective HumAn OpinionS on Natural Language Inference Data (ChaosNLI)?
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Dataset : ChaosNLI

Re-annotation of SNLI, MNLI, αNLI
▶ 100 annotators per datapoint

Source : What Can We Learn from Collective HumAn OpinionS on Natural Language Inference Data (ChaosNLI)?
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Dataset : ChaosNLI

Re-annotation of SNLI, MNLI, αNLI
▶ 100 annotators per datapoint
▶ Provides distribution over labels

Source : What Can We Learn from Collective HumAn OpinionS on Natural Language Inference Data (ChaosNLI)?
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Dataset : ChaosNLI

Re-annotation of SNLI, MNLI, αNLI
▶ 100 annotators per datapoint
▶ Provides distribution over labels

We’re considering SNLI

Source : What Can We Learn from Collective HumAn OpinionS on Natural Language Inference Data (ChaosNLI)?
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Models

▶ Each time we consider a pool models of trained on NLI

11/21

JdS2025 : 56es Journées de Statistique de la SFdS



Models

▶ Each time we consider a pool models of trained on NLI

<1B models

11/21

JdS2025 : 56es Journées de Statistique de la SFdS



Models

▶ Each time we consider a pool models of trained on NLI

<1B models 1B models

11/21

JdS2025 : 56es Journées de Statistique de la SFdS



Models

▶ Each time we consider a pool models of trained on NLI

Guarantees that we have pool of heterogeneous models: we can average out model quirks

<1B models 1B models
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Models

▶ Each time we consider a pool models of trained on NLI

Guarantees that we have pool of heterogeneous models: we can average out model quirks

(let’s keep it simple, and we will talk about 1B models)

<1B models 1B models
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Metrics

HUMAN-BASED
MODEL-BASED

With reference Without reference

Entropy [Nie et al., 2020] Early-exit [Baldock et al., 2021] CP set size [Vovk et al., 2005]

Dissensus Confidence [Swayamdipta et al., 2020] Model entropy

Early acquisition Dissensus across model decisions

Avg. acc. across models Entropy across model decisions

Avg. acc. across training

▶ Contrasting values of metrics for human label variation / data difficulty / data uncertainty.
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💡Entropy [Nie et al., 2020]

Diversity in the label distribution, better accounting for both dominant and minority labels.

Hent = − Σyi∈Y PrH(yi |x) log PrH(yi |x

NB: Human-based
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Diversity in the label distribution, better accounting for both dominant and minority labels.

Hent = − Σyi∈Y PrH(yi |x) log PrH(yi |x

NB: Human-based

p n p p n n n n n p

10 Annotators

{p: 4, n:6} |   Hent = 0.9709
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💡Entropy [Nie et al., 2020]

Diversity in the label distribution, better accounting for both dominant and minority labels.

Hent = − Σyi∈Y PrH(yi |x) log PrH(yi |x

NB: Human-based

p n p p n n n n n p

10 Annotators

{p: 4, n:6} |   Hent = 0.9709
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p n n p n n n n n p

p p p p p p p p p p

{p: 5, n:5} |   Hent = 1.0000

{p: 10, n:0} |   Hent = 0

example:



💡Early-exit [Baldock et al., 2021]

“Deep models use fewer layers to (effectively) determine 
the prediction for easy examples and more layers for 
hard examples” 
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💡Early-exit [Baldock et al., 2021]

Given a deep learning model with layers of the same shape

NB: Model-based, uses a reference
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▶ get the predictions at every layer

NB: Model-based, uses a reference
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💡Early-exit [Baldock et al., 2021]

Given a deep learning model with layers of the same shape

▶ get the predictions at every layer

▶ select the layer where you start getting consistently correct 
predictions

NB: Model-based, uses a reference
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💡Early-exit [Baldock et al., 2021]

Given a deep learning model with layers of the same shape

▶ get the predictions at every layer

▶ select the layer where you start getting consistently correct 
predictions

Examples for which this layer is lower are easier

NB: Model-based, uses a reference
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💡CP set size [Vovk et al, 2005]

Conformal prediction considers the set of labels one must select to statistically guarantee that they contain the 
right answer (with a given risk)
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💡CP set size [Vovk et al, 2005]

Conformal prediction considers the set of labels one must select to statistically guarantee that they contain the 
right answer (with a given risk)
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example:

Is that a Diab-Exp? Is that a Diab-T1? 
Is my classifier confident enough to 
decide on a single answer? 
How ok am I with my classifier being 
wrong?



💡CP set size [Vovk et al, 2005]

Conformal prediction considers the set of labels one must select to statistically guarantee that they contain the 
right answer (with a given risk)
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💡CP set size [Vovk et al, 2005]

Conformal prediction considers the set of labels one must select to statistically guarantee that they contain the 
right answer (with a given risk)
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example: In practice:

In our case:

1. the number of labels we need to select is an 
indicator of uncertainty

NB: Model-based, no reference needed

0.45                       0.35                     0.20



Results



Human-based vs. model-based indicators

17/21

JdS2025 : 56es Journées de Statistique de la SFdS
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Human-based vs. model-based indicators
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Human-based vs. model-based indicators
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Residual (R2 Variance) = 0.1313 Residual (R2 Variance) = 0.0766



there is actually some order to this chaos
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there is actually some order to this chaos

▶ In practice, we observe (low) correlations throughout
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there is actually some order to this chaos

▶ In practice, we observe (low) correlations throughout

▶ whether an indicator uses a reference drives the correlation up
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there is actually some order to this chaos

▶ In practice, we observe (low) correlations throughout

▶ whether an indicator uses a reference drives the correlation up

▶ correlations are much higher when comparing two metrics within 
a group of indicators
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Reference-free vs. reference-dependent indicators

▶ U-shaped curve
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Reference-free vs. reference-dependent indicators

▶ U-shaped curve

▶ orange: models tend to fail; blue: they tend to succeed
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More generally

when models tend to fail when models don’t 
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More generally

Reference-free model-based indicators systematically conflate model successes and model failures

when models tend to fail when models don’t 
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Takeaways



So what?

▶ Model-based indicators align poorly with human-based indicators!
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So what?

▶ Model-based indicators align poorly with human-based indicators!

▶ If what was easy/difficult for humans was also easy/difficult for 
models, why does data complexity more aligned with human 
disagreement than data uncertainty. 
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So what?

▶ Model-based indicators align poorly with human-based indicators!

▶ If what was easy/difficult for humans was also easy/difficult for 
models, why does data complexity more aligned with human 
disagreement than data uncertainty. 

▶ We need to rethink practices such as active learning (where difficulty 
of samples is taken in account during training)
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So what?

▶ Model-based indicators align poorly with human-based indicators!

▶ If what was easy/difficult for humans was also easy/difficult for 
models, why does data complexity more aligned with human 
disagreement than data uncertainty. 

▶ We need to rethink practices such as active learning (where difficulty 
of samples is taken in account during training)

▶ not all framework are created equal (out of the box CP has flaws)
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So what?

▶ Model-based indicators align poorly with human-based indicators!

▶ If what was easy/difficult for humans was also easy/difficult for 
models, why does data complexity more aligned with human 
disagreement than data uncertainty. 

▶ We need to rethink practices such as active learning (where difficulty 
of samples is taken in account during training)

▶ not all framework are created equal (out of the box CP has flaws)

▶ Linguistic ambiguity remains distinct for model-based indicators
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Appendix - I 

▶ Low residual : Non-linear relationship between human and model 
based indicators. 
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Table : Proportion of explained variance (R2) of linear regressions 
predicting a model-based indicator from a human-based indicator.



Appendix - II 
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Table : Spearman correlation between reference dependent and reference-free indicators



Thank you for your attention!

Any questions?
Want to read our full paper ? Interested in my work ? 

I am looking for postdoc opportunities in NLP, healthcare, LLM Evaluations
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