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Opacidad epistémica

[A] process is epistemically opaque relative to a cognitive agent S at time t 
just in case S does not know at t all of the epistemically relevant elements of 
the process (Humphreys 2009, 618)
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“For a mathematical proof, one agent may consider a particular step in the proof to be an 
epistemically relevant part of the justification of the theorem, whereas to another, the step is 
sufficiently trivial to be eliminable. […] Within the hybrid scenario [i.e., algorithms], no human can 
examine and justify every element of the computational processes that produce the output of a 
computer simulation or other artifacts of computational science […] Many, perhaps all, of the features 
that are special to simulations are a result of this inability of human cognitive abilities to know and 
understand the details of the computational process” (2009, 618)
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• Naturaleza del proceso y elementos del proceso: instanciación de variables, llamadas a 
funciones, sentencias condicionales, operaciones aritméticas y lógicas, manejo de errores, 
estructuras de datos, pero también prácticas, métricas; “one may have excellent reasons for 
holding that a particular parametric family of models is applicable to the case at hand, yet have 
only empirical methods available for deciding which parametric values are the right ones” (2004, 
150) 

• Falta de capacidad de inspección de S: los algoritmos y los procesos computacionales son cajas 
negras. 

• Pertinencia de los elementos epistémicos relevantes son con el propósitos de justificar el 
resultado

Opacidad epistémica
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“If we think in terms of such a process [i.e., algorithms] and imagine that its stepwise computation 
was slowed down to the point where, in principle, a human could examine each step in the process, 
the computationally irreducible process would become epistemically transparent. What this indicates 
is that the practical constraints we have previously stressed, primarily the need for computational 
speed, are the root cause of all epistemic opacity in this area. Because those constraints cannot be 
circumvented by humans, we must abandon the insistence on epistemic transparency for 
computational science. What replaces it would require an extended work in itself, but the prospects 
for success are not hopeless.” (Humphreys, 2004, 150) 

De opacidad a transparencia
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Transparencia/interpretabilidad
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Guidotti, Monreale, Ruggieri, 
Turini, Giannotti, Pedreschi, (2018)

¿Cómo obtenemos transparencia?
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• Requiere “abrir” el algoritmo 

• i.e., rastrear el “path-dependency” de un resultado (Durán, 2021) 

• La justification es asegurada mediante un third-party algorithm: 

• Interpretable predictors 

• Algunas formas de XAI (e.g., post-hoc explanation) 

• Transparency reports (e.g., Qualitative Input Influence)

Transparencia/interpretabilidad
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¿Cómo se justifica via transparencia?
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Justificación via Transparencia (a sketch)
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Evidencia

Justificación via Transparencia (a sketch)
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Against epistemic transparency of algorithms

Juan M. Durán

Abstract

Epistemic transparency is often proposed as a solution to algorithmic
opacity, wherein revealing the inner logic of an algorithm provides rea-
sons or supporting evidence for the justification of its outputs. I argue
that transparency is defective in belief formation and thus inadequate
as an epistemology of algorithms. Two objections are developed: trans-
parency regress and bootstrapping, both rooted in transparency’s status
as a time-sliced, ‘outsourced’ inferentialist epistemology. While weaker
forms—such as contextual transparency—are briefly considered, the cen-
tral argument remains that transparency fails to provide justification and
should be abandoned as an epistemology of algorithms.

1 Introduction

It is widely accepted that algorithms are epistemically opaque. Opacity is here
understood in line with Humphreys’ definition, whereby the cognitive limitations
of human agents prevent them from knowing the epistemically relevant elements
of an algorithm that would justify belief in a given output [22, 618]. Now, there
would be no special concern about opaque algorithms if it were not for the
fact that they are central to many scientific endeavors, progressively displacing
humans from the center of knowledge production. The opacity of algorithms,
then, triggers significant epistemic anxiety.

To address opacity, many have sought to counteract this lack of knowledge. It
is in this context that transparency gains traction. Creel, for instance, takes this
idea in its strictest form. According to this author, opacity and transparency
are “two sides of the same coin: opacity is a lack of transparency and vice
versa” [28, 569, footnote 1]. As we will see, many have folded under this view.
And while transparency encompasses a range of methodologies and strategies,
there is a common justificatory aim, that is, to provide reasons or supporting
evidence for believing the algorithm’s output. From where is this justification
drawn? From identifying the functions, variables, values, and similar epistem-
ically relevant elements within the algorithm that generate the output. This
justificatory aim has been collectively referred to as “showing the inner logic of
the algorithm” [7, 843]. For example, BenevolentAI identified baricitinib as an
e↵ective drug to combat COVID-19 symptoms. For a researcher to be justified
in this belief, transparency shows how BenevolentAI internally operates: how it
identifies drug-signal blocking, maps causal relations between viruses and drugs,

1
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“If we think in terms of such a process [i.e., algorithms] and imagine that its stepwise computation 
was slowed down to the point where, in principle, a human could examine each step in the process, 
the computationally irreducible process would become epistemically transparent. What this indicates 
is that the practical constraints we have previously stressed, primarily the need for computational 
speed, are the root cause of all epistemic opacity in this area. Because those constraints cannot be 
circumvented by humans, we must abandon the insistence on epistemic transparency for 
computational science. What replaces it would require an extended work in itself, but the prospects 
for success are not hopeless.” (Humphreys, 2004, 150) 

De transparencia a fiabilismo (reliabilism)
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¿Qué es process reliabilism? (≈ Goldman 1979)

Process reliabilism: la creencia de Diego está justificada en caso que sea producida por un proceso (o 
secuencia de procesos) de formación de creencia fiable 

Un proceso de formación de creencia fiable tiene la tendencia de producir crencias que son verdaderas 
antes que falsas
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Abstract
In a reliabilist epistemology of algorithms, a high frequency of accurate output repre-
sentations is indicative of the algorithm’s reliability. Recently, Humphreys challenged
this assumption, arguing that reliability depends not only on frequency but also on
the quality of outputs. Specifically, he contends that radical and egregious misrep-
resentations have a distinct epistemic impact on our assessment of an algorithm’s
reliability, regardless of the frequency of their occurrence. He terms these statistically
insignificant but serious errors (SIS-Errors) and maintains that their occurrence war-
rants revoking our epistemic attitude towards the algorithm’s reliability. This article
seeks to defend reliabilist epistemologies of algorithms against the challenge posed
by SIS-Errors. To this end, I draw upon computational reliabilism as a foundational
framework and articulate epistemological conditions designed to prevent SIS-Errors
and thus preserve algorithmic reliability.

Keywords Reliabilist epistemologies of algorithms · Computational reliabilism ·
SIS-Errors · Paul Humphreys

1 Introduction

In 2009, there was a short-lived debate about the alleged novelty of computer simula-
tions in the scientific domain. Frigg and Reiss argued that, although technologically
novel, computer simulations did not constitute a philosophical novelty nor “[a] revo-
lutionary departure from everything that philosophers were worried about in the past”
(Frigg & Reiss, 2009, 601). In response, Humphreys highlighted four specific issues
in the context of computer science that bear philosophical novelty (Humphreys, 2009).
One of these issues is epistemic opacity.
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Epistemic Opacity and Epistemic Inaccessibility 

 In this paper I shall revisit the concepts of epistemic opacity and essential epistemic 

opacity with the hope of clarifying and elaborating those concepts. I shall begin with a 

clarification of the definitions and relate the concept of epistemic opacity  to that of epistemic 

inaccessibility. I then introduce and describe representational opacity, including three 

distinctions between types of representation and argue that this is an important source of 

opacity in some deep neural networks. Next, I proceed to an examination of other sources of 

epistemic opacity, some of which follow from  differences between applied and pure 

mathematics. Then, after looking at some related concepts, I conclude with some ways in which 

opacity can be ameliorated. 

1. Introduction. 

 As a reminder, here are the two definitions of epistemic opacity as formulated in 

Humphreys 2009: 

A process is epistemically opaque relative to a cognitive agent X at time t just in case X does not 

know at t all of the epistemically relevant elements of the process. 

A process is essentially epistemically opaque to X if and only if it is impossible, given the nature 

of X, for X to know all of the epistemically relevant elements of the process. 

 A number of commentators have noted that these definitions apply to processes that 

are not computational, such as the workings of sophisticated scientific instruments. That is 

correct and to appreciate the differences between epistemic opacity and what I shall call 

epistemic inaccessibility it is important to recall the context in which epistemic opacity was 

Beyond transparency: computational reliabilism
as an externalist epistemology of algorithms
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Abstract This chapter examines the epistemology of algorithms, framing the dis-
cussion as a question of epistemic justification. Current approaches emphasize al-
gorithmic transparency, which involves elucidating internal mechanisms—such as
functions and variables—and demonstrating how (or that) these compute outputs.
Thus, the mode of justification through transparency is contingent on what can
be shown about the algorithm and, in this sense, is internal to the algorithm. In
contrast, I propose an externalist epistemology of algorithms called computational
reliabilism (CR). While I have previously developed CR in the context of computer
simulations ([60, 74, 12]), this chapter extends the framework to a broader range of
algorithms used across scientific disciplines, particularly in machine learning and
deep neural networks. At its core, CR posits that an algorithm’s output is justified
if it is generated by a reliable algorithm, where reliability is determined by relia-
bility indicators. These indicators arise from formal methods, algorithmic metrics,
expert competencies, research cultures, and other scientific practices. The chapter’s
primary objectives are to delineate the foundations of CR, explain its operational
mechanisms, and outline its potential as an externalist epistemology of algorithms.

1 Introduction

The use of algorithms for scientific purposes is delivering remarkable results. A cou-
ple of examples will suffice to illustrate this. In molecular biology, AlphaFold can

Juan M. Durán
Department of Values, Technology and Innovation
Faculty of Technology, Policy and Management
Delft University of Technology
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2628 BX Delft
The Netherlands, e-mail: j.m.duran@tudelft.nl
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CR + Instrumental reliabilism



25

¿Cómo se justifica via CR?
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Justificación via CR (a sketch)
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Fiable

Justificación via CR (a sketch)

Justificación



http://bridgethevoid.blogspot.com/
29

Fiable Indicadores 
de 

fiabilidad

Justificación via CR (a sketch)

Justificación
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Fiabilismo computacional

• Aceptamos algoritmos de “caja negra”

• La justificación viene de asegurarse la fiabilidad del algoritmo a través de indicadores de 
fiabilidad
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• RI1 Performance de los algorithmos
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    RI1 Performance de los algoritmos 
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Somes obvious sources of reliabilty
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    RI1 Performance de los algoritmos 
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Somes obvious sources of reliabilty



    RI1 Performance de los algoritmos 
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• Métodos de verificación y validación (→ accuracy) 

• Elecciones de datos y bases de datos 

• Parametrización e hyper-parametrización 

• Prácticas de entrenamiento de modelos 

• Una historia de éxitos y fracasos en las implementaciones 

• Tratamiento de errores (e.g., uncertainty quantification) 

(Durán 2018; Durán & Formanek 2018)

Somes obvious sources of reliabilty
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    RI1 Performance de los algoritmos 

RI2 Práctica científica basada en algoritmos
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Somes obvious sources of reliabilty
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• Causalidad y otros mechanismos implementados 

• Valores epistémicos, morales, etc. 

• Representación, idealizaciones, abstracciones, etc 

• Terías, leyes, principios, etc 

• Algún grade de coherencia teórica, conceptual, etc 

• Conocimiento de fondo (background knowledge, e.g., knowledge of the learned weights) 

• Algún morfismo entre hipótesis, modelos, etc y al sintaxis del algoritmo (e.g., al usal natural 
kinds, cut-off-values que son aceptados, definiciones — e.g., cuándo un melanoma es 
cancerígeno)

Somes obvious sources of reliabilty

    RI1 Performance de los algoritmos 

RI2 Práctica científica basada en algoritmos
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Somes obvious sources of reliabilty

    RI1 Performance de los algoritmos 

RI2 Práctica científica basada en algoritmos 

RI3 Construcción social de la fiabilidad 
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    RI1 Performance de los algoritmos 

RI2 Práctica científica basada en algoritmos 

RI3 Construcción social de la fiabilidad 

• Aceptabilidad social del resultado del algoritmo 

• Favorable, exitoso/fracaso, usos (in)válidos del algoritmo y sus resultados (e.g., cuando 
se desarrollan nuevas hipótesis o se expande en nuevas estrategias) 

• Coherencia con un cuerpo de conocimiento estable 

• Coherencia con los compromisos epistémicos, éticos, etc de los científicos y sus 
comunidades 

• Realización de los valores epistémicos, éticos, etc 

• Culturas de investigación (científico, modelaje, comunidades…)

37

Somes obvious sources of reliabilty
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¿Cómo funciona CR? 
Un caso en ciencia forense 

Parte I
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El experto, el abogado, y el juez
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Comparación de rostros en ciencia forense
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Ciencia forense y AI

Evidence

Suspects
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Evidence

Suspects

!3

!2

!1

Probability: !3 ≻ !2 ≻ !1

Ciencia forense y AI
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Ciencia forense y CR
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Ciencia forense y CR

RI1 Performance de los algoritmos 

• Verificación y Validación 
• Análisis de robustez 
• Redundancia 
• “Calidad” de los datos
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Ciencia forense y CR

RI2 Práctica científica basada en algoritmos 

• Implementación de “quality assurance methods” 
• “We implement well-known and tested libraries” 
• Técnicas biométricas

RI1 Performance de los algoritmos 

• Verificación y Validación 
• Análisis de robustez 
• Redundancia 
• “Calidad” de los datos
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RI2 Práctica científica basada en algoritmos 

• Implementación de “quality assurance methods” 
• “We implement well-known and tested libraries” 
• Técnicas biométricas

RI3 Construcción social de la fiabilidad 

• Debates sobre la aplicabilidad de los 
resultados (e.g., soundness, legal, etc.) 

• Contraste con otros métodos no-
computacionales (e.g., uso de 
revisiones de código, reportes de 
expertos)

Ciencia forense y CR

RI1 Performance de los algoritmos 

• Verificación y Validación 
• Análisis de robustez 
• Redundancia 
• “Calidad” de los datos
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Evidence

Suspects

Ciencia forense y CR
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Evidence

Suspects

!3

!2

!1

Probability: !2 ≻ !3 ≻ !1

Ciencia forense y CR
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¿Cómo funciona CR? 
Un caso en ciencia forense 

Parte II
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Automated Inference on Criminality Using Face Images
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“This newly discovered knowledge suggests a law of 
normality for faces of non-criminals: Given the race, 
gender and age, the faces of general law-biding 
public have a greater degree of resemblance 
compared with the faces of criminals. In other words, 
criminals have a significantly higher degree of 
dissimilarity in facial appearance than normal 
population” (2016, 2)

56

Automated Inference on Criminality Using Face Images
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Automated Inference on Criminality Using Face Images

57
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Automated Inference on Criminality Using Face Images

RI1 Performance de los algoritmos 

• Verificación y Validación (?) 
• “Calidad” de los datos 
• El sistema es forzado a elegir 

entre does clases: {criminal}/{no-
criminal} 

58
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Automated Inference on Criminality Using Face Images

RI2 Práctica científica basada en algoritmos 

• Fosiliza conceptos tales como “criminal” 
• Está desconectada de un cuerpo de 

conocimiento: 
• La construcción social de la criminalidad 
• Las bases socio-económicas 
• La psicología de los autores de crímenes 59

RI1 Performance de los algoritmos 

• Verificación y Validación (?) 
• “Calidad” de los datos 
• El sistema es forzado a elegir 

entre does clases: {criminal}/{no-
criminal} 
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Automated Inference on Criminality Using Face Images

RI2 Práctica científica basada en algoritmos 

• Fosiliza conceptos tales como “criminal” 
• Está desconectada de un cuerpo de 

conocimiento: 
• La construcción social de la criminalidad 
• Las bases socio-económicas 
• La psicología de los autores de crímenes 

RI3 Construcción social de la fiabilidad 

• Falla en dar cuenta de, o incluir valores 
epistémicos, éticos, etc (e.g., la 
presunción de inocencia)

60

RI1 Performance de los algoritmos 

• Verificación y Validación (?) 
• “Calidad” de los datos 
• El sistema es forzado a elegir 

entre does clases: {criminal}/{no-
criminal} 
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Un límite para CR
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SISE-errors

A[1] A[2] A[3] A[4] A[5] A[n]

…
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SIS-Errors: Statistically insignificant, but serious errors pueden debilitar la fidelidad del algoritmo 
(warrant revoking the reliability of the algorithm) 

SIS-Errors: the algorithm's output does not match, to the degree permissible by the relevant 
community, a given representation (Humphreys, 2021) 

SISE-errors

A[1] A[2] A[3] A[4] A[5] A[n]

…
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Tipos de Errores 
(y de cómo los aborda el fiabilista)
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SIS-Errors: Errores aleatorios
A[1] A[2] A[3] A[4] A[5] A[n]

…

Errores aleatorios: 

Son errores que no pueden anticiparse, que son impredecibles, y que son usualmente 
ejecuciones fallidas del algoritmo o los datos que se procesan. Estos errores no son sistemáticos 
ni consistentes, sino que ocurren esporádicamente y son muy difíciles de reproducir (e.g., bit flips 
in memory due to cosmic rays; randomised initiations ⇢ non-deterministic ML outputs)
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A[1] A[2] A[3] A[4] A[5] A[n]

…

SIS-Errors: Errores aleatorios

Anti “epistemic bad luck” condition: Permítase que un algoritmo se ejecute al menos dos veces 
bajo condiciones similares (i.e., variables de entrada, parámetros, configuraciones de datos, 
metaparámetros, etc.). Si el algoritmo produce SIS-Errors idénticos (o considerados lo suficientemente 
idénticos) en ejecuciones independientes, entonces la probabilidad de que estos resultados sean 
casos de “epistemic bad luck” es insignificante. Por lo tanto, tal recurrencia proporciona un fuerte 
respaldo a que el error es sistemático y no aleatorio.
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A[1] A[2] A[3] A[4] A[5] A[n]

…

SIS-Errors: Errores sistemáticos

Errores sistemáticos: 

Son errores que no son arbitrarios, y que se reproducen a lo largo de distintas ejecuciones del 
mismo algoritmo. Con las herramientas apropiadas, errores sistemáticos se pueden identificar y 
medir (e.g., rounding off errors) 
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La estrategia

I. Hacer una estrategia epistemológica, entendida como condiciones de posibilidad para la 
fiabilidad. No necesariamente tiene correlato metodológico o aplicable en la práctica. 
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La estrategia

I. Hacer una estrategia epistemológica, entendida como condiciones de posibilidad para la 
fiabilidad. No necesariamente tiene correlato metodológico o aplicable en la práctica. 

II. Conectar errores de representación con tipos de indicadores de fidelidad.  

i. Para poder evitar tener que revocar la fiabilidad de un algoritmo, nuestra mejor 
estrategia es identificar IF que han fallado (inadecuados, incorrectos, o ausentes) 
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"Once you unleash it on large data, deep learning has its own dynamics, it does its own repair and 
its own optimisations, and it gives you the right results most of the time. But when it doesn’t, you 
don’t have a clue abut what went wrong and what should be fixed. In particular, you d not now if 
the fault is in the program, in the method, or because things have changed in the environment.” 
(Pearl, 2019, 15)

Clases de errores sistemáticos
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its own optimisations, and it gives you the right results most of the time. But when it doesn’t, you 
don’t have a clue abut what went wrong and what should be fixed. In particular, you d not now if 
the fault is in the program, in the method, or because things have changed in the environment.” 
(Pearl, 2019, 15)

Clases de errores sistemáticos

• Errores de clase1: errores que ocurren cuando el algoritmo produces resultados incorrectos 
dado calcular mal (e.g., rounding off errors, overflow, etc)
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"Once you unleash it on large data, deep learning has its own dynamics, it does its own repair and 
its own optimisations, and it gives you the right results most of the time. But when it doesn’t, you 
don’t have a clue abut what went wrong and what should be fixed. In particular, you d not now if 
the fault is in the program, in the method, or because things have changed in the environment.” 
(Pearl, 2019, 15)

Clases de errores sistemáticos

• Errores de clase1: errores que ocurren cuando el algoritmo produces resultados incorrectos 
dado calcular mal (e.g., rounding off errors, overflow, etc)

• Errores de clase2: errores que surgen cuando los métodos o técnicas implementadas en el 
algoritmo son inapropiadas para un objetivo en particular (e.g., usar el “sorting algorithm” 
incorrecto, o la implementación de conceptos núcleo {criminal/no-criminal})



707070

"Once you unleash it on large data, deep learning has its own dynamics, it does its own repair and 
its own optimisations, and it gives you the right results most of the time. But when it doesn’t, you 
don’t have a clue abut what went wrong and what should be fixed. In particular, you d not now if 
the fault is in the program, in the method, or because things have changed in the environment.” 
(Pearl, 2019, 15)

Clases de errores sistemáticos

• Errores de clase1: errores que ocurren cuando el algoritmo produces resultados incorrectos 
dado calcular mal (e.g., rounding off errors, overflow, etc)

• Errores de clase2: errores que surgen cuando los métodos o técnicas implementadas en el 
algoritmo son inapropiadas para un objetivo en particular (e.g., usar el “sorting algorithm” 
incorrecto, o la implementación de conceptos núcleo {criminal/no-criminal})

• Errores de clase3: errores que ocurren cuando el entorno hace el algoritmo y sus resultados 
irrelevantes (e.g., detección facial en los tiempos del COVID-19)
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Errores e Indicadores de Fiabilidad

Errores de clase1  

Errores de clase2  

Errores de clase3 

RI1 Performance de los algoritmos 

RI2 Práctica científica basada en algoritmos 

RI3 Construcción social de la fiabilidad
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Errores e Indicadores de Fiabilidad

Errores de clase1  

Errores de clase2  

Errores de clase3 

RI1 Performance de los algoritmos 

RI2 Práctica científica basada en algoritmos 

RI3 Construcción social de la fiabilidad
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Errores e Indicadores de Fiabilidad

Errores de clase1  

Errores de clase2  

Errores de clase3 

 inadecuados 

 incorrectos 

 ausentes

RI1 Performance de los algoritmos 

RI2 Práctica científica basada en algoritmos 

RI3 Construcción social de la fiabilidad
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IF inadecuados
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IF incorrectos
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IF ausentes
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La estrategia

I. Hacer una estrategia epistemológica, entendida como condiciones de posibilidad para la 
fiabilidad. No necesariamente tiene correlato metodológico o aplicable en la práctica. 

II. Conectar errores de representación con tipos de indicadores de fidelidad.  

i. Para poder evitar tener que revocar la fiabilidad de un algoritmo, nuestra mejor 
estrategia es identificar IF que han fallado (inadecuados, incorrectos, o ausentes) 

III. Establezco cláusulas de fiabilidad que, de violarse, nos obligan a suspender nuestras creencias
—y así resguardar la fiabilidad (i.e., no tener que revocarla)
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 SIS-Errors
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 SIS-Errors

Errores de clase1  

Errores de clase2  

Errores de clase3 
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 SIS-Errors

Errores de clase1  

Errores de clase2  

Errores de clase3 

RI1 Robustez técnica de los algoritmos 

RI2 Práctica científica basada en algoritmos 

RI3 Construcción social de la fiabilidad
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 SIS-Errors

Errores de clase1  

Errores de clase2  

Errores de clase3 

RI1 Robustez técnica de los algoritmos 

RI2 Práctica científica basada en algoritmos 

RI3 Construcción social de la fiabilidad

 inadecuados 

 incorrectos 

 ausentes
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 SIS-Errors

Errores de clase1  

Errores de clase2  

Errores de clase3 

RI1 Robustez técnica de los algoritmos 

RI2 Práctica científica basada en algoritmos 

RI3 Construcción social de la fiabilidad

 inadecuados 

 incorrectos 

 ausentes

condiciones para suspender, revisar o anular la formación de creencia

Mantener fiabilidad?
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A[1] A[2] A[3] A[4] A[5] A[n]

…

• Conditional reliable token-RI: is one that confers reliability [to the new context] if the methods, 
standards, and breadth of application are based on are also reliable [for the new context] 

SIS-Errors: Errores sistemáticos clase1
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A[1] A[2] A[3] A[4] A[5] A[n]

…

• Conditional reliable token-RI: is one that confers reliability [to the new context] if the methods, 
standards, and breadth of application are based on are also reliable [for the new context] 

Idea: Realiza un seguimiento de la representación evaluando la probabilidad de que el token-RI 
mantenga la confiabilidad en todos los contextos.  

Nos permite mantener nuestras creencia en la fiabilidad del algoritmo en tanto y en cuanto las 
condiciones iniciales que dieron fiabilidad todavía se aplican en contextos nuevos

SIS-Errors: Errores sistemáticos clase1
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A[1] A[2] A[3] A[4] A[5] A[n]

…

• Conditional reliable token-RI: is one that confers reliability [to the new context] if the methods, 
standards, and breadth of application are based on are also reliable [for the new context] 

Ejemplo (IF inadecuado - suspendo creencia): un algoritmo que fue diseñado para detección de 
rostros aplicado en un nuevo contexto (e.g., durante el uso de COVID-19) necesita una actualización 
de la base de datos de entrenamiento, un nuevo módulo que trate con oclusión facial, etc

SIS-Errors: Errores sistemáticos clase1
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A[1] A[2] A[3] A[4] A[5] A[n]

…

• Anti-defeat clause: S is epistemically warranted in maintaining token-RI as a suitable reliability 
indicator unless there is a defeater token-RI* epistemically available to S such that, if S were to 
use toke-RI*, S would no longer hold the belief that the output represents a fact F 

SIS-Errors: Errores sistemáticos clase2
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A[1] A[2] A[3] A[4] A[5] A[n]

…

• Anti-defeat clause: S is epistemically warranted in maintaining token-RI as a suitable reliability 
indicator unless there is a defeater token-RI* epistemically available to S such that, if S were to 
use toke-RI*, S would no longer hold the belief that the output represents a fact F 

Idea: El estatus justificado de una creencia se preserva mientras que la IF siga valiendo frente a 
alternativas nuevas y que potencialmente remueven credibilidad. 

Mantenemos la fiabilidad en tanto y en cuanto no encontremos un defeater. En ese caso, estamos 
epistémicamente obligados a adoptarlo

SIS-Errors: Errores sistemáticos clase2
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A[1] A[2] A[3] A[4] A[5] A[n]

…

• Anti-defeat clause: S is epistemically warranted in maintaining token-RI as a suitable reliability 
indicator unless there is a defeater token-RI* epistemically available to S such that, if S were to 
use toke-RI*, S would no longer hold the belief that the output represents a fact F 

Ejemplo (IF incorrecto - reviso de la creencia): Un algoritmo que selecciona {criminal, no criminal} 
basado en características faciales: token-IF = distancia entre los ojos, curvatura boca, etc. 

Defeater, más robusto: token-IF* = implementación de conceptos socio-económicos de criminalidad

SIS-Errors: Errores sistemáticos clase2
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A[1] A[2] A[3] A[4] A[5] A[n]

…

• Supercharging type-RI3 indicator: Maintaining algorithmic reliability depends on subjecting 
their outputs to debate and other forms of scientific engagement. In this sense, the social 
construction of belief plays a crucial role in determining reliability and can, at times, take 
precedence over other indicators  

SIS-Errors: Errores sistemáticos clase3
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A[1] A[2] A[3] A[4] A[5] A[n]

…

• Supercharging type-RI3 indicator: Maintaining algorithmic reliability depends on subjecting 
their outputs to debate and other forms of scientific engagement. In this sense, the social 
construction of belief plays a crucial role in determining reliability and can, at times, take 
precedence over other indicators  

Idea: principio preventivo epistémico, donde la comunidad relevante evalúa los méritos de los 
resultados del algoritmo (tiene poder de veto!)

SIS-Errors: Errores sistemáticos clase3
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A[1] A[2] A[3] A[4] A[5] A[n]

…

• Supercharging type-RI3 indicator: Maintaining algorithmic reliability depends on subjecting 
their outputs to debate and other forms of scientific engagement. In this sense, the social 
construction of belief plays a crucial role in determining reliability and can, at times, take 
precedence over other indicators  

Ejemplo (ausencia de IF - anulo creencia): Kathryn!

SIS-Errors: Errores sistemáticos clase3
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https://www.wired.com/story/opioid-drug-addiction-algorithm-chronic-pain/
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Recapitulando
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Recapitulando

• Externalista:  

• La justificación no depende de un “third-party algorithms” y es independiente 
de nuestras capacidad por entender algoritmos

• Cara indicador de fiabilidad está justificado independientemente

• Hay una variedad de RI (e.g., es una epistemología “no-centralizada”)

• En principio se pueden detectar indicadores de resultados no creíbles/falsos

• Se acomoda a diferentes necesidades epistémicas/éticas: en algunos sistemas, los 
métodos de verificación y validación son más importantes, mientras que en otros es 
la coherencia teórica, mientras que en otros es el alineamiento con leyes vigentes
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• SIS-Errors contituyen un problema para el fiabilista (para toda epistemología) 

• Condiciones para suspender nuestras creencias—y mantener fiabilidad? 

• Problemas de orden práctico

• Más problemas: 

• No es claro la precedencia, el orden, el peso, etc de cada indicador. 

• No es claro cómo se procede cuando hay conflicto entre los indicadores 

• La tiranía de unos pocos indicadores: unos pocos indicatores pueden ser 
suficiente para desbalancear la fiabilidad/no-fiabilidad de un algoritmo

Recapitulando



Muchas gracias!

Johannes Vermeer, Girl with a Pearl Earring, c. 1665 - https://www.mauritshuis.nl/

j.m.duran@tudelft.nl


