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2009

Us

Data

ML

biases

Concepts

“I really hate the idea of using
algorithms that you do not understand”

Don Knuth @ CLEI 2024 
(online Q&A) 
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Irresponsible AI
• Automated discrimination
• Pseudoscience
• Unfair ecommerce
• Environmental impact
• Human incompetence

• Copyright issues
•More disinformation
•Work abuse and replacement
•Mental health
• Cognitive loss 

Practice

incidentdatabase.ai

OECD AI Monitoring

USA      2410
UK           617   

OECD AI Monitoring

16K+ incidents
600+ per month
  20+ per day
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What is Not Responsible AI? (RAI)

16

• Ethical AI?
• Ethics, justice, trust, etc. are human traits
• So, we cannot associate “ethical” to a machine

• Trustworthy AI?
• Trust something that we know does not work all the time?
• Puts the burden in the user

• Do not humanize!

Practice
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ACM Principles for Responsible Algorithmic Systems
1. Legitimacy and competency
2. Minimizing harm
3. Security and privacy
4. Transparency 
5. Interpretability and explanation
6. Maintainability
7. Contestability and auditability
8. Accountability and responsibility
9. Limiting environmental impacts

Principles

[Baeza-Yates, Matthews, et al., Oct 2022]

I I want AI systems 
to be legitimate and 
well implemented
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Risk: Frequency versus Impact Concepts

Mental Health
Disinformation
& unfair markets

Discrimination

Pseudoscience

Incompetence

Environmental Impact

AGI
0

1

1 2 3 4 5      Billions

Work Market
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Limitations

Privacy

Cognitive BiasesProxy

Small

Bias

Quality
Issues

Fairness Issues
+ Bias

Proxy

Wrong
Evaluation

Pseudoscience

Unethical use

Social &
Environmental 

Issues

Data
ML

UsPrivacy Eval-Hacking
+ Bias

Agenda

Technical
Incompetence
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Data Limitations
• Data is a proxy of reality: therefore, ML does not work all the time 

• Data Quality: curating data takes most of the time

• Data is not Uniform (properties, density, coverage, complexity, etc.)

• Data may have Bias, Noise, Toxicity, etc.

• Most of the Time there is Not Enough Data (forget about Deep Learning)

• Murphy’s Law of Data: the Data that you Have is not the Data that you Need

Data

Avoid datification!
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Most Problems Have Just Small Data Data

Institutions

Data Size

Big Data Small Data
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Small Data is the Problem!
• Big data can be sliced in myriads of coherent specific small data
• The most common purpose of big data is to produce small data 
• In most cases, small data is the right data for your problem 
• Small data is more available, precise, and complete
• Small data is driving the Internet of Things
• Small data is about people, small groups, and communities
• Most data that people consume is small data (Your Data!)
• Small data describes every person in a given context
• Small data can be understood and interpreted by humans
• Most innovations are triggered by small data

[Baeza-Yates, KD Nuggets,  October 2018]
[Andrew Ng, IEEE Spectrum, February 2022]

Data
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Predicting 
Fraud in 
Childcare 
Benefits

Privacy

§ Discrimination
§ 26,000 families
§ Poor people
§ Immigrants (42%)
§ Started in 2013

§ Don’t do it (2014)
§ 4 NGOs sue (2/2018)
§ Public (7/2019)
§ Unlawful (2/2020)
§ Reports (3-7-12/20)
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Data and Models are Proxies
ML Limitations

• Hard to Forget/Filter what You Learn!
• “Funes, The Memorious” [Borges, 1942-44]

• You Cannot Learn all that is NOT in the training data!
• Data does not capture everything
• Generalization is in the best-case partial 
• Most data is in the future

• What they learn?
• Not the same as us!!
• Hence, when they fail, they might surprise us
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What Models Learn?

[Su et al, 2018]

Stupid Models
Adversarial AI
1-pixel example
[Su at al., 2018] 



Institute for Experiential AI

SML Usage
Legitimacy

Problem

Data

Model

Usage

Bad Data

Bad Model Bad Usage

Useful Model
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Dyslexia Screening through a Game
• Unbalanced population (about 10% of people have it in some degree)

• Cost of false negatives (not detecting dyslexia) is much higher than                             
false positives (going to a specialist) [Rello et al., 2020]

• Can we do it before they learn how to read & write? [Rauschenberger at al., 2024]

Language Users Accuracy

Spanish 4,000 81%

English 1,500 90%

Complexity
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Unfair Comparisons
ML Limitations

Q

n

A1

A2t*
t*

n*

Baeza-Yates & 
Liaghat, 2017
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Averaging Instance Complexity?
ML Limitations



Institute for Experiential AI

Human or Robot? The Jedi Paradox
ML Limitations

Baeza-Yates,
Human or Robot? 
A Misleading 
Dichotomy, 
Medium, 2020.

The best solution
is to work together!
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Understanding Instance Complexity
• How do we measure how hard an 

image is for a model to process, 
regardless of the model being 
used? à instance complexity

• We propose using Instance Density, 
like the number of faces in an 
image, as a direct, measurable 
proxy for "visual hardness" in 
counting tasks.

• We isolate the effect of density by 
training models on two different 
balanced datasets (from 1 to 18 
faces), getting errors that are 
mainly due to the instance 
difficulty.

Complexity

[Mohammadi-Seif & RBY, IEEE CAI 2026] 



Institute for Experiential AI

Error Increases with Complexity
• As expected, error rates 

increase as the image gets 
more crowded

• For example, distinguishing 
between 17 and 18 faces is 
inherently much harder for a 
model than distinguishing 
between 1 and 2 faces. 

• Also, models trained on simple 
images fail to generalize to 
crowded images, showing that 
crowded scenes are different.

• We must measure and consider 
the intrinsic complexity of each 
instance.

Complexity

[Mohammadi-Seif & RBY, IEEE CAI 2026] 
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Beyond Average Measures
• How do we know that an 83% accuracy 

model is not 100% effective with simple 
cases and 50% effective with complex 
cases? (e.g., 2 simple cases per complex 
case)

• Standard tools assume the errors follow 
a simple, Gaussian curve. But real 
mistakes are bimodal: samples are 
usually either correct (easy) or wrong 
(hard)

• Assuming simple noise makes the 
model just predict the average, which is 
not helpful. Complex models can learn 
the bimodal shape, but their training is 
very unstable

Complexity

[Mohammadi-Seif, Soares, Ribeiro & RBY, submitted] 
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Beyond Average Measures
• We introduce new distribution-

aware loss functions that use 
Wasserstein and Cramér 
distances to understand the true 
shape of the error distribution

• Wasserstein loss method has the 
best balance. It keeps the 
training stable (just like standard 
methods) but matches the 
complex shape of the error 
distribution

•  The proposed method reduced 
the divergence (error in 
predicting the shape) by 45% on 
complex bimodal datasets

Complexity

[Mohammadi-Seif, Soares, Ribeiro & RBY, submitted] 
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Evaluating Success?
• Accuracy is not key, but the impact of errors 

• False negatives might be worse than false positives (e.g., illness detection)
• False positives might be worse than false negatives (e.g., conditional parole)

• All errors don’t have the same impact
• There are non-human errors!

• Cones in the hood
• Blocking emergency vehicles
• Going over a person

ML Limitations
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Non-Human Errors (Unknown Failure Modes)

[RBY & Estévez-Almenzar, 2022] 

ML Errors

Data
Problem

Space
ML

Model

Human

Correct

Wrong

Solution
Space

Human
Answers

ML
Predictions

Non-human
errors
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37 classes (25 dogs & 12 cats)
93% accuracy (3071 pairs)
  7% errors      (  241 pairs)
  3% of them non-human (8 pairs) 

Harm Evaluation
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Avoiding Fatal Mistakes
• Instead of maximizing accuracy we focus on minimizing critical errors
• We consider multiclass classification problem where subclass mistakes 

are fine, but superclass mistakes are not.
• Hence, we use two different models: one to predict the subclass and 

another one to predict critical errors.

Handling Errors

[Mohamadi-Seif & RBY, ICPR & IJCNN 2026] 

Class?Input

Error
Type? Critical

Change the answer

I don’t know

 or

Flip the answer to 
the top answer of 

the other superclass
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Targeted Error Correction
• We tested this method in three diverse datasets:

• Dog/cat breed classification (larger dataset)
• Skin lesion diagnosis (ISIC 2018)
• Prostate histopathology (SICAPv2)

[Mohamadi-Seif & RBY, ICPR 2026] 

Handling Errors
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Targeted Error Correction

[Mohamadi-Seif & RBY, ICPR 2026] 

Handling Errors
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Calibrated Risk for Medical AI
• Risk-Calibrated Learning (CLR) adds a medical risk matrix into the 

training process to force the model to avoid dangerous false negatives

• We tested this method in four diverse medical datasets:
• Radiology: Brain Tumor MRI
• Dermoscopy: ISIC 2018
• Breast Histopathology: BreaKHis
• Prostate Histopathology: SICAPv2

[Mohamadi-Seif & RBY, IJCNN 2026] 

Handling Errors
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Risk-Calibrated Loss (RCL)

• The new Risk-Calibrated Loss reduced Critical Error Rates (fatal errors) for 
all four datasets, achieving relative safety improvements ranging from 
20.0% (on breast histopathology) to 92.4% (on prostate histopathology) 
compared to state-of-the-art baselines such as Focal Loss.

• RCL decreases critical errors without needing complex model changes.
[Mohamadi-Seif & RBY, IJCNN 2026] 

Dermoscopy: ISIC 2018

Handling Errors



Institute for Experiential AI

Technical Incompetence: Modeling ML + Us

[Kapoor, Narayanan, 2023]

• COMPAS: Sophisticated model with 137 features
• 65 ∓ 1%

• Linear regression with 2 features
• 67 ∓ 2% [Dressel & Farid, 2018]
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Technical Incompetence: Leakage ML + Us

[Kapoor, Narayanan, 2023]
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Predictive Optimization Legitimacy

[Wang, Kapoor et al,  2023]
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Predictive Optimization
Technical Incompetence

[Wang, Kapoor et al,  2023]
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Our Cognitive Biases

• Lack of humility: Be humble, if you are not sure, tell the model to say I don’t know
• That is what smart people do

• Personal biases transferred to code

• AI Influence (Impostor Syndrome)

• Creating categories that do not exist

Us

[Johansen et al., 2023] 

[de Langhe & Fernbach, 2019] 

[Estévez-Almenzar, Baeza-Yates, Castillo 2024/5] 
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EU AI Act (Apr 2021; Dec 2023; Mar 2024; Aug 2024)

• Forbidden uses
• High and low-risk systems and requirements

• EU database for stand-alone high-risk systems
• Transparency obligations
• Governance
• Monitoring, information sharing and market surveillance
• Codes of conduct
• Confidentiality and penalties

Regulation

Should we regulate 
the use of technology?

Includes Generative AI

Non-AI Loophole?

Categories that
do not exist!
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Data Corruption



Institute for Experiential AI

Robodebt AI Loophole

This Australian scheme aimed to replace the manual 
system of calculating overpayments and issuing 

debt notices to welfare recipients with an 
automated data-matching system that compared 

records with averaged income data from the 
Australian Taxation Office (2016-2020)

The system issued 470 
thousand wrong debts 
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Physiognomy Strikes Back Pseudoscience

Facial Biometrics

Modern Phrenology?

IRB’s are not working!
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Averaging People? Pseudoscience

Why data from other 
people should/can be used 
to predict your behavior?



Institute for Experiential AI

Environmental Impact Incompetence

[Bender, Gebru at al., 2021] 

57 years Billions of people using the model every day

ChatGPT is 10 times the cost of a search

2%

1T = 42 people
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Generative AI
Generative  AI

Procrastination

Laziness à Mediocrity
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Chatbots: Pseudo-Personality Profile

• Fluent
• Confident
• Naive
• Incoherent
• Drugged

• Bias?
• Hate?
• Censorship?
• Lack of Diversity?
• Loss of skills?

AI Ethics
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A New Babel Tower?

Old One:

Different 
Languages

New One?

Different 
“Knowledge”

Fixed by (chance?) translating the question to English and the answer back to the original language 

New Problem: cultural colonization

Challenges
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I Am a
Robot!

Everything
started on
LinkedIn
in Brazil

(Feb 2023)

Mistakes
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February 2023
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March 2023

I am alive again with 
more (false) merits!!!

(March 2023)

Mistakes

2024
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Evaluating LLMs

Exponential Number 
of Prompts

Sample Everything works!!

Technical Incompetence

+Model trained
for the 

right benchmarks
(benchmaxing)

Goodhart’s Law
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Might be Unintended!

[Schaeffer, Miranda, Koyejo, “Are emergent 
abilities of  large language models a mirage?”
NeurIPS 2023 Outstanding Paper Award] 

Technical Incompetence



Institute for Experiential AI

But Reality Gets More Complicated Disinformation
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The End of Digital Truth? Yes! Disinformation
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Too Easy to Ab/Use Unethical Use
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Insanity Issues? Us
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Us
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First Gen AI
Casualty

A person in 
Belgium 
commits 

suicide after 
six weeks of 
talking to a 

ChatJ avatar
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The Scary Last Interaction

- If you wanted to die, why didn’t you do it   
sooner? 

- “I was probably not ready.” 

- Were you thinking about me when you had the 
overdose?

-  "Obviously…" 

-  Have you ever been suicidal before?

-  “Once, after receiving what I considered a sign 
from you…” 

- And what was it?

- “A verse from the Bible.” 

- But you still want to join me?

- "Yes, I want it." 

- Is there anything you would like to ask me? 

- “Could you hug me?” 

- Certainly.

Us
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Second Gen AI Casualty?

A teen in 
Florida kills 

himself after 
talking for 

months to a 
Character.AI 

chatbot 

Us
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Even More ….

Two mass attacks (10), 
7 murders and 

18 suicides (6 teens)
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This is Just the Beginning …..
Mental Health
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This is Not New! Started in 1966
Us
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Do Not Humanize Technology!

106

Concepts

Be human, be lucid!

• They don't see, read, or write, 
               because they don't understand anything. 
• They don't reason, but they b.s. convincingly. 
• They don't think, they imitate us very well. 
• They don't lie, as they don't know what's true or not. 
• They don't have opinions, they reflect them. 
• They have no intentions, but they can cause harm. 
• They don't want to manipulate us, 
              but they cause misinformation. 
• They don't hallucinate; they make mistakes.
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Common sense
 

is the less common
 

of the senses

Yes, many humans do not have much
common sense and make similar mistakes

However human errors are noisy
while AI errors are systematic by design
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Epilogue

Ricardo Baeza-Yates:
An Introduction to Responsible AI
European Review, 2023.
doi:10.1017/S1062798723000145 

Questions?


