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Deep convolutional neural network (Inception v3) Training classes (757) Inference classes (varies by task)
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Provisional measurement
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MEASUREMENT
Provisional and Stabilized measurement

Evaluation regime: Predictive
 Stability across retraining accuracy

 Calibration to reference standards  alone

* Cross-context comparability insufficient




When measurement instruments learn
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Intuition

* We need stability across admissible realizations
 What is an admissible realization?

- Reasonable parameter settings
- Reasonable accuracy
— Variants that ML practitioners would reasonably consider



Formalizing learned measurement functions

* Standard supervised learning

— Accuracy (gen.), calibration, robustness



Formalizing learned measurement functions

* Standard supervised learning
— Accuracy (gen.), calibration, robustness
* Measurement stability
ml(ol,cl|z) = m2(02,c2|z),

m model, o observations, ¢ contexts, z ground truth target



Formalizing learned measurement functions

* Standard supervised learning

— Accuracy (gen.), calibration, robustness
* Measurement stability
ml(ol,cl|z) = m2(02,c2|z),
m model, o observations, ¢ contexts, z ground truth target
* Robustness
m(0) = m(o + d),
d perturbation/noise
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Empirical evidence
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Empirical evidence

(a) Predictive performance (b) Calibration (c) Robustness (d) Pairwise stability
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Empirical evidence

(a) Predictive performance (b) Calibration (c) Robustness (d) Pairwise stability
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Implications for modelling

* The evaluative question shifts

- from “Does this predict well?”

- to “Do admissible realisations agree on what is being
measured?”

e Accuracy, calibration and robustness are necessary but not sufficient

* Measurement stability is relative



Challenges

 Which realizations are admissible?
* Which models are independent?
e Consensus ensemble?



Epistemic risks and responsibilities

Users do not know modeling assumptions

Tool makers and users may have misaligned incentives and expertise
— Especially in interdisciplinary settings

Lack of portability/reproducibility across labs

Who is responsible for the conclusions?
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Daily briefing: Machine learning
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Al helps to fight resistant bacteria, China to clamp down on wildlife trade and warm
water spied under Antarctic glacier
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Escherichia coli bacteria, coloured green, in a scanning electron micrograph. Credit: Stephanie Schuller/
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Al listens for health conditions

Voice recordings, examined by artificial intelligence, might provide new biomarkers for
conditions such as heart disease and Alzheimer’s.

By Neil Savage
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Al challenges science to reinvent itself
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As artificial intelligence enters the scientific arena, it not only compels us to rethink the
scientific method but also opens the door to reimagine long-standing practices.
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